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Per-lThyh

H Ontxonolon Iotopioc (OI) elvon plor amawtnuixd epyasio oty Teymnth Nonuooivn, 1 onola eynintel otny
topn petaln Enelepyactiac Puownc I'oooog xaw ‘Opaone YTrohoyiotwv. H epyasia auth ocuvictata otnv
napaywYY) Wdc axohoudog exbOvwY Tou amoteAolv onTixonolnoy wac axohloudiog meotdoewy. O mpotdoelg
oynuatilouyv o cuvextixy aghynon xou to Blo mpénet va oupPaiver pe Tic exoves. H Ol eworydel yia npdn
(popd to 2019[18] xou ano téte Exel avtipetoTOoTE! Ye didpopes TEXVIXES, ouunepthaufBavopévou Twv GANS [18,
36, 20, 19], twv Metaocynuatiotody (Transformers)[5, 1] xaw tov peddédwv Awdyvone (Diffusion)|25, 33].

Ye auth v Simhepoatixnd entyelpolue va tpooeyyioouue tnv Ontixonolon lotoploc Paciopévol oe pla apyLtex-
tovixn tov Aéyeton MaskGIT. To MaskGIT][3] eivon pior oyetind xouvovpyia npocéyyion, Tonou Metaoynuatiot,
mou mpotdinxe ota mhaiowr tne ovvdeone Ewxodvoe and Kelpevo. Elpacte ol mpddtol mou yenoiwonotoue plo
tétota pédodo yio tnv OL. Xuyxexpiévoa, oynuatiloupe to Booixd pog poviého TpocVETovias 6T0 TPWTOTUTO
MaskGIT emnhéov uno-otpdpota Etépo-Ilpocoyrc (Cross-Attention), mou Tou EMTEETOUY VAL EVOWUOTOVEL
TAneopopia and TEOTYOVUEVES Xl UEAAOVTIXES TEQLYPAPES EXOVLV, OTaY ToRdYEL Wia BEBOUEVT EOVAL.

Xtilouye ndvew og aUTH TNV TEOCEYYLON UE BLdpopoug TedToue, ot avalhtnon xatevdivoewy tou BEATIVOUY TNy
entdoon. Kdnola and to neipdpatd pog, 6mne 1 ¥pron Teo-eXTUdEVUEVOLU XWBXOTONTH XEWEVOL, N TPooTdUELo
AMOTAEENS YOPAXTNELOTIXGY GTOV Xpupd Yo, 1 Yerhon Keith XuuBéiwy (Token-Critic) xou n adinon g
EUXELVELX TOL XEUPOV YWEOU YUEAXTNELOTLXWY, BEV €80aay XUNITEP AMOTEAECUOTAL.

And v dAAY), evtonicope tpewc xateudivoelg mou amodelytnray weéhipec. Bprxaue 6TL 1 mpootxn SV-
Ytpwudtwy otov Metaoynuation] BeAtidvel Ty enidoon oe dheg Tic petpwéc. Emmiéov, mpoteivoupe pla
ETUTUYMUEVT LEDOBO0 ETAVENONE TV YAWOOIXDY TEPLYPAPHOY TwV EOVKY (captions), péow Meydhou I'hwooxol
Movtéhou (LLM), 1 onola eivon tugphh we mpog Tic emdvee. Téhog, n pédodoc Kadodhynone Xopaxtipwy mou
Tpotelvouye, Baclpévn 1600 ot VeTixég OGO XAl OTIC APYNTIXEG UTODEIEELS, EMNEEALEL GUECH TNV TUPAYWYT) TNV
Baowdv Xapaxtipwy oTic edveS xal odnyel oe ueydAn Bertinon, we mpog dheg T ueTpéc. Xuvdudlouye Tig
unooybpeves pedddoug Yo var pTdooupe oty xahlTtepn apyitextovixt pag: MaskGST-CG  w/ aug. captions.

AZiohoyolpe tny mpooéyyiot, pac pe Pdon to Pororo-SV[18], nou eivon to ntlo diadedouévo alvoro dedopévev
v auth TV gpyacia. Xenowonowlue T To xuplapyec HETPWES otny Tponyoluevy Bihoypapla, cuunee-
opPovouévou twv FID, Char-Acc, Char-F1 xaw BLEU-2/3. To xolUtepo povtého pag netuyaiver Béltiota
anoteréopata (SOTA) oto Char-F1, Char-Acc xau BLEU-2/3, ta onoio avodetxviouy Wiodtepo tnv adior tne
pedodou Kadodrynone Xapaxthpwy. Emmiéov, To poviého pog Eenepvd GAEC TIC TEONYOUUEVES UPYLTEXTOVIXES
GAN xouw Metaoynpotiot, éowv agopd to FID.

Lixeic-kleidi — Onuxonoinon lotoplag, Teyvnty Nonpoolvn, ‘Opacn YTrmoloyotwyv, Eneepyaocia
Quow I'hdocog, Metaoynuatiotég, Enadénon yhwoowwy dedopévwy, Kadodrynon Xapoxthpwy
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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

ix






Euqgarist-ec

Ipdtov, Yo Hdela vo evyoplothon Tov emBAémovia xadnynth Yo, tov x0plo XTAUoU ToU Yo EUTLOTEOTNXE
™V EXTOVNON auThc TN Simhwyatxhc epyooioc. ISaditepa, Véhw va euyaplothow v Mapla Avurepoiouv xou
Tov I'dpyo Puhavdplavd yiar Ty uTogovy Toug, TNV cuvepyaoio xou TNV xadodAyNnoy) Touc oe OAN ALTH TNV
dradxacion.  Enlong, euyopiotdd v xupla TColBeln, mou pou diédece, péow Tou Aoydplacuol tng mpdoBaon
GTOUC UTOAOYLOTIX0UE Ttopoue Tou cuathpatoc ARIS (GRNET).

Yto o mpoowmxd, YEAW Vo ELYAPLOTACK TNV OLXOYEVELH HOU Xdl Toug @ihoug wou mou ftay dimha pou Gha Ta
YEOVIAL TV OTIOUBMOY Lo, xdmotot €€ auTdY xou Tohd ety and autd. H cuunopactact toug oy anapaitnt yio
Vo Taow wg €8¢. Téhog, Bélw va euyoplothow tov Bcd Tou emtpénel va xheloel aolng xan autd To xeEQIAALO.

Xprfiotog Iaradnuntelou, Mdptiog 2024

xi






Contents

Contents

List of Figures

Kat"logoc Pin“kwn

1 Ektetaménh Perblhyh sta Ellhnik

11

1.2
13

1.4

15

1.6

EisagwWwg . . . . . e e
1.1.1 Paragwg Eikinac api KebPmeno. . . . . . . . . . .. . .. e
1.1.2 Optikopobhsh IstorbBac. . . . . . . . . . . ..
1.1.3 Suneisfor™ . . . .. e e e
ProhgoOmenec Tegnikéc sthn OptikopoPhsh IstorPac. . . . . . . . .. . ... oo ...
Jewrhtiki Upibajro . . . . . . . e
1.3.1 Metasghmatistec . . . . . . . . . .
1.3.2 Autokwdikopoiht ¢ Parallag,n me Dianusmatiki Kbantismi . . . ... ... ... ..
1.3.3 Metasghmatistéc wc Priterec Katanoméc . . . . . . . . . . ... ... ... ... ...
1.3.4 EpaOxhsh Keimenik,n Dedoménwn me QrishM . . . . . .. ... ... ........
Proteinimenec Teqnikec . . . . . . . . .
1.4.1 Kwdikopobhsh twn Eikinwn . . . . . . . . . . . .. . e
1.4.2 Kwdikopobhsh twn Glwssik,n Perigrafn . . . .. . ... ... oo
143 MaskGST . . . . .
1.4.4 Ep“uxhsh twn Dedoméwn mésw Meglwn Gl ssik.n Montélwn . . . . ... ... ...
1.4.5 Krit c Sumbilwn Basismenoc stouc Qaraktrec . . .. ... ... ... ... .....
1.4.6 AOxhsh thc eukrbneiac tou KrufoO Q,rou Qarakthristik.n . . . .. ... ... ....
1.4.7 Apiplexh Qarakthristik.n ston Krufi Q.ro . . . . . . ... o
Peiramatiki MEroc . . . . . . . . . e e e e e
1.5.1 Org'nwsh twn Peiram™wn . . . . . . . . . . . e
1.5.2 Peirmata Argitektonik c . . . . . . Lo
1.5.3 Peirfmata Uper-Paramétrwn . . . . . . . . . . .
1.5.4 SOgkrish me ProngoOmenec Teqnikéc . . . . . . . . .. .. . ...
1.5.5 Poiotik™ apotelesmata . . . . . . . . .. e
1.5.6 Anjr,pinh Axiolighsh . . . . . . . . e
1.5.7 An’lush QrhsimopoioOmenwn Pirwn . . . . . . .. .. ... ... ...
Sumper’smata kai Mellontikéc KateujOnseic . . . . . . .. .. .. . .. .
1.6.1 Sumpersmata. . . . . . . . i e e e e e e e e e
1.6.2 Mellontikéc KateujOnseic . . . . . . . . . .

2 Introduction

2.1
2.2
2.3

Text-to-lmage generation . . . . . . . . . L e
Story Visualization . . . . . . . ..
Contribution . . . . . . L

3 Previous Work on Story Visualization 35

Xiii

Xiii
XVii

Xviii

CHPAWWNNR PR RP



Contents

3.1 SoryGAN . . 35
3.1.1 Story Encoder . . ... e e 35
3.1.2 RNN Context Encoder . . . . . . . . . . 36
3.1.3 Image Generator . . . . . . . ... e e e e 36
3.1.4 Image Discriminator . . . . . . . . .. e 36
3.1.5 Story Discriminator . . . . . . . . .. e 36

3.2 CP-CSV . . 37

3.3 DUCO-SIOryGAN . . . . e 39
3.3.1 Mart Context Encoder . . . . . . . . e 39
3.3.2 Dual learning via Video Redescription . . . . . . . .. ... ... . oL 39
3.3.3 Sequentially Consistent Story Visualization: Copy-Transform . . . . ... .. ... .. 39

3.4 VLC-SIOryGAN . . . 41
3.4.1 Memory-Augmented Recurrent Tree Transformer . . . . . . . . .. .. ... ... ... 41
3.4.2 Commonsense Knowledge . . . . . . . . . .. . 42
3.4.3 Contrastive LOSS . . . . . . . o 42

3.5 VP-CSV . . e 43
351 VQ-VAE . . . 43
3.5.2 Visual Planning (VP) . . . . . . . e 44
3.5.3 Token Level Character Alignment . . . . . . . . . . ... ... ... 44

3.6 CMOTA . . 45
3.6.1 Base Model . . . . . . e e 45
3.6.2 Context MEMOIY . . . . . . . . e e e e 45
3.6.3 Online Text Augmentation . . . . . . . . . . . . . 46

3.7 AR-LDM . . 48
3.7.1 Diusion Models . . . . . .. 48
3.7.2 The architecture of AR-LDM . . . . . . . .. 48

3.8 ACM-VSG . . . 50

3.9 Causal-Story . . . .. e 50

3.10 Story-LDM . . 51
3.10.1 Latent Diusion Backbone . . ... ... ... ... ... 51
3.10.2 Story Latent Diusion Model . . . . . . . ... 51
3.10.3 Memory-Attention Module . . . . . . .. 52
3.10.4 Network Architecture . . . . . . . . . . 52

3.11 StOoryGPT-V o e 53
3.11.1 Character-Aware LDM with attention control . . . . . . . .. .. ... ... ... ... 53
3.11.2 Aligning LLM for reference resolution . . . . . . .. ... ... .. 54

4 The Transformer 57

4.1 Original Architecture . . . . . . . . . 57
411 ENCOTEr . . . . . 57
4.1.2 Decoder . . . . . . e 57
4.1.3 Attention Mechanisms . . . . . . . . L 57

5 VQ-VAE 61

5.1 Original Architecture . . . . . . . . . . e e e 61
5.1.1 Discrete Latent Space . . . . . . . . .. e e 61
5.1.2 Encoder and Decoder . . . . . . . . . ... 62
5.1.3 Training . . . . . . e e e e e 62
5.1.4 Prior Distribution . . . . . . .. 63

52 VQ-GAN . . . 63

6 Transformers as powerful Prior Distributions 65

6.1 DALL-E . . . . 65
6.1.1 dVAE . . . 65
6.1.2 BPE-encoding . . . . . . . . .. 65
6.1.3 Transformer . . . . . . . e 66




Contents

6.2 MaskGIT . . . . . e 67
6.2.1 Method . . . . . . . . e 67
6.2.2 FirstStage . . . . . . e 67
6.2.3 Second Stage . . . . . .. e 68
6.2.4 Token-Critic . . . . . . . . e 69

6.3 MUSE . . . . e 71
6.3.1 Model . . . . . 71

Caption Augmentation using LLMs 75

Masked Generative Story Transformer 77

8.1 Image Tokenization . . . . . . . . . . .. e e e e e 77
8.1.1 VQ-GAN . . . 77

8.2 TextENncoding . . . . . . . . . e e e 77
8.2.1 Custom Text Embeddings . . . . . . . . . . . ... ... 78
8.2.2 UsinganLLM . . . . . . . . e e 78

8.3 Transformer Priors . . . . . . . . . 78
8.3.1 INpUL . . . e 78
8.3.2 Types of Transformer Layers . . . . . . . . . . . . . i 79
8.3.3 Proposed Transformer Models . . . . . . . . . . . . .. ... 81
8.3.4 Character Guidance . . . . . . . . . 83

8.4 Caption Set Augmentation . . . . . . . . .. e e 84

8.5 Character-Attentive Token-Critic . . . . . . . . . . . . 85

8.6 Latent Super-Resolution Model . . . . . . . . .. .. .. ... 85
8.6.1 Base Transformer. . . . . . . . . . 85
8.6.2 Super-Resolution Transformer. . . . . . . . . . . . . . 86

8.7 Latent Space Disentanglement. . . . . . . . . ... e e 86
8.7.1 VQ-GAN Encoder and Decoder . . . . . . . . . . i i i i i e 87
8.7.2 Quantization with two Libraries of Latent Vectors . . . . . ... ... ... ...... 87
8.7.3 Foreground-Background Segmentation . . . . .. . ... ... .. . 88
8.7.4 Modications in the Transformer . . . . . . . . . . ... ... . . 88

Experimental Section 91

9.1 Experimental Setup . . . . . . .. e 91
9.1.1 Codebase . . . . . . .. e 91
9.1.2 Training Environment . . . . . .. L 91
9.1.3 Story Visualization Datasets . . . . . . . . . . . 91
9.1.4 Story Visualization Metrics . . . . . . . . . . L e 92

9.2 Architectural EXperiments . . . . . . . . . 93
9.2.1 Image ToKenizer . . . . . . . . e 93
9.2.2 MaskGST . . . . . e 93
9.2.3 MaskGST-SV . . . . . . e 93
9.24 T5-XXLasaText Encoder . . . . . .. . . . . . . . . 95
9.2.5 Caption Set Augmentation via ChatGPT . . . . . . .. ... ... ... .. ...... 95
9.2.6 Character Guidance . . . . . . . . . . . e 96
9.2.7 Negative Prompting . . . . . . . . e 96
9.2.8 Character-Attentive Token Critic . . . . . . . . . . . . e 97
9.2.9 Latent Super-Resolution Model . . . . . .. .. ... 97
9.2.10 Latent Space Disentanglement . . . . . . . . . ... .. L 98
9.2.11 Combining Methods . . . . . . . . . . . . 99

9.3 Experiments on Hyper-Parameters . . . . . . . . . . . . 101
9.3.1 Transformer Hyper-Parameters . . . . . . . . . . . . . e 101
9.3.2 Study on Character Guidance . . . . . . . . . . . i e 102

9.4 Comparison With Previous Baselines . . . . . . . . . . . . . . 103
9.4.1 MaskGST-CG w/ aug. captions (d=1024) . . ... . .. ... ... 104
9.4.2 MaskGST-CG w/ aug. captions (d=2048) . . ... ... ... . ... ... 104

XV



Contents

9.4.3 Comparison with Diusion models . . . . . .. . . ... ... . .. .. 104
9.4.4 Story Continuation . . . . . . . . .. e e e e 104
9.5 Qualitative Results . . . . . . . . e e 105
951 Image Quality . . . . . . . e 105
9.5.2 Temporal CONSiStENCY . . . . . . . o o o 106
9.5.3 Semantic Relevance . . . . . . . . . . . .. 106
9.6 Human Evaluation . . . . . . . . . e 106
9.7 Resource Usage Analysis . . . . . . . . . e e 106
9.7.1 Recources at TraiNiNg . . . . . . . . 0 i i i e e e e 106
9.7.2 Recources atInference . . . . . . . . . 107
9.8 More Qualitative Examples . . . . . . . . 107
10 Conclusion and Future Directions 111
10.1 Conclusion . . . . . e e e e 111
10.2 Future DIrections . . . . . . . . . e 111
11 Bibliography 113

XVi



List of Figures

1.3.1H arqitektonik tou Metasghmatist [42] . . . . . . . . . . . . . . e 3
1.3.2Klimakwmeénh Prosoq EswterikoO Ginoménogarister” ) kai Prosoq Pollapl,n Kefal,n

(dexi®) [42] . . . 4
1.3.3H arqitektonik tou VQ-VAE[39] . . . . . . . 5
1.3.40 tripoc leitourgbac tou MaskGIT[3] . . . . . . . . . . . . . e 6
1.3.5Autoanaforikic Sumperasmic vs Par’llhloc Epanal ptikic Sumperasmic  (MaskGIT) [3] . . 8
1.3.6SOgkrish Sunart sewn ProgrammatismoO Mskac . . . . . ... ... ... .. .. ... ... 8
1.4.1H leitourgba tou VQ-GAN . . . . . . 10
1.4.20i prot’seic miac istorDac upikeintai kwdikopoPhsBPE[32] gia na antistoigistoOn se diakrit”

glwssik® sOmbola (tokens) . . . . . . . . . 10
1.4.3Hebsodoc tou Metasghmatist . . . . . . . . . . . 11
1.4.4Ta kOria str,mata pou grhsimopoioOntai stouc Metasghmatistéc mac . . . . . ........ 12
1.4.5Epexergasba dedoménwn giaS¥-Strma . . . . . . . .. 13
LABSVSIMa . . .o 13
14770 MaskGST . . . . . o 14
1.4.8MaskGST-SV . . . . . . e e e 15
1.4.9H diadikasba ekpabdeushc tMlaskGST . . . . . . . . . .. ... Lo 15
1.4.1@DPsodoc tou MontelouSuper-Res . . . . . . . . . . e 18
1.4.1TropopoihménovQ-GAN gia apiplexh qarakthristik.n . . . . . . ... ... ... ... ... 19
15 1Study onf . . o 27
1.5.2Poiotik sOgkrish metaxO tou montélou magVlaskGST-CG w/ aug. captions) kai tou

CMOTA[1] se téssera paradebgmataistorin . . .. .. ... ... ... ... .. ....... 29
3.1.1 An overview of the architecture of StoryGAN [18]. . . . . . . . . . . . .. ... ... ..... 36
3.1.2 The Story Discriminator [18] . . . . . . . . 37
3.2.1 An overview of the architecture of CP-CSV [36] . . . . . . . . . . . .. . ... . ... .. ... 37
3.3.1 An overview of the architecture of DUCO-StoryGAN [20] . . . . . . .. .. .. ... .. ... 39
3.4.1 An overview of the architecture of VLC-StoryGAN [19] . . . . . .. . . ... ... ... ... 41
3.4.2 Example of a constituency parse tree [19] . . . . . . . . ..o e 41
3.5.1 Overview of the VQ-VAE architecture [39] . . . . . . . . . . . . . . .. . . . .. . ... 43
3.5.2 Overview of the architecture of VP-CSV [5] . . . . . . . . . . o o o 43
3.6.1 CMOTA's Bidirectional Transformer [1] . . . . . . . . . . . . i e 45
3.6.2CMOTA's memory module [1] . . . . . . . . . e e 45
3.6.3 Comparison between the traditional memory connection scheme and CMOTA's [1] . . . . .. 46
3.7.1 Overview of AR-LDM's architecture [22] . . . . . . . . . . . . 49
3.10.10verview of Story-LDM's architecture[25] . . . . . . . . . . . .. ... 51
3.10.Dverview of Story-LDM's memory-attention module[25] . . . . . .. ... ... ... ... .. 52
3.11.10verview of StoryGPT-V's architecture[33] . . . . . . . . . . .. 54
4.1.1 The original Transformer architecture [42] . . . . . . . . . . . .. .. . . ... ... 58
4.1.2 Scaled Dot-Product Attention (left) and Multi-Head Attention (right) [42] . . . . . . . . . .. 58
5.1.1 The Original VQ-VAE architecture [39] . . . . . . . . . . . . . e 62



List of Figures

6.1.1 Types of attention masks used in DALL-E . . . . . . . . .. ... .. . ... ... 66
6.2.1 Overview of the MaskGIT architecture [3] . . . . . . . . . . . .. . ... . .. ... ...... 67
6.2.2 Autoregressive Inference vs Parallel Iterative Decoding used in MaskGIT [3] . . . . .. .. .. 69
6.2.3 Comparison of Mask Scheduling Functions . . . . . . . .. . ... ... . .. ... 70
6.3.1 Overview of Muse's architecture . . . . . . . . . . . . . . e 71
6.3.2 Muse's super-resolution model [4] . . . . . . . . . . 72
8.1.1 VQ-GAN encoder and decoder . . . . . . . . . . . ... 77
8.2.1 The sentences of a story are BPE-encoded to obtain texttokens . . . . . . .. ... ... ... 78
8.3.1 The input of the Transformer . . . . . . . . . . . . . . 78
8.3.2 Basic Transformer Layers . . . . . . . . . . . e 79
8.3.3 Data Processing forthe SV-Layer . . . . . . . . . . . . . . e 80
8.3.4SV-Layer . . . . 80
8.3.5MaskGST model . . . . . . . . . e 81
8.3.6 MaskGST-SV . . . . . . e 82
8.3.7 Overview of MaskGST's training procedure . . . . . . . . . . . . it 82
8.6.1 Super-Resolution Model Input. . . . . . . . . . ... . e 86
8.7.1 Modi ed VQ-GAN for feature disentanglement . . . . . . ... ... ... ... ... ..... 87
9.1.1 Main characters featured in Pororo-SV . . . . . . . .. L 91
9.2.1 Alternative MaskGST-SV architectures . . . . . . . . . . . . .. 94
9.2.2Token-CritiC . . . . . . o e 97
9.2.3 Examples of our disentanglementtest . . . . . . . . .. ... o 100
9.3.1Study onf . . L 103
9.5.1 Qualitative Comparison between our model (MaskGST-CG w/ aug. captions) and
CMOTA[1] across 4 story examples. . . . . . . . . . e 105
9.8.1 More Story Generation Examples using our modeMaskGST-CG /w aug. captions. . . . . . 108
9.8.2 More Story Generation Examples using our modeMaskGST-CG /w aug. captions. . . . . . 109

XViii



List of Tables

11

9.1
9.3
9.2
9.4
9.5
9.6
9.7
9.8

Ta apotelésmata thc anjr,pinhc axiolighshc . . . . . .. ... ... ... ... ... ..... 30
Experimental Results for MaskGST-SV . . . . . . . . . . ... .. . 95
Experimental Results . . . . . . . . . . . e 101
Combining Dierent Methods . . . . . . . . . . . 101
Experiments on the Transformer Length ofMaskGST-CG . . . .. ... ... ... ... .. 102
Experiments on the Transformer Dimension ofMaskGST-CG . . .. . ... ... ... ... 102
Comparison with previous architectures . . . . . . . . . . . . . . . .. . . e 103
Story Continuation results . . . . . . . . . .. e e 104
Results of our human survey . . . . . . . . 106

XiX



List of Tables

XX



Chapter 1

Ektetamenh Perblhyh sta Ellhnik”

1.1 Eisagwg

Mesa sthn teleutaba dekaetBd exelixh sto uliki kai to logismiki twn upologist,n , h suss, reush meg-lwn
posot twn dedomeénwnall” kai h eéreuna ston tomeéa thc baji"c m“jhshc éqoun odhg sei se mia anepan’lhpth
an"ptuxh kai uiojéthsh susthm™twn teqnht ¢ nohmosOnhc (Al). Eidik™, to 2023 &gine faneri iti auti to
fainimeno dikabwc garakthrbzetai wc h epimenh meg’lh tegnologik epan”stasitd kukloforbBa thc, di"shmhc
pléon, efarmog ¢ ChatGPT sta télh tou 2022 kai h taqOtath “nodic tou se dhmofilDa p ran thn tegn-

ht nohmosOnh api ton kajar” episthmoniki kismo kai thn éferan sthn dhmisia skhn . H efarmog aut
égine meéroc thn kajhmerinitht’c, fainimeno thc pop koultoOrac kai antikePmeno politik.n suzht sewn. To
ChatGPT, an"mesa se “lla LLMs (Meg’la Glwssik™ Montela ) (p.g. [13, 37]) égei epidebxei anepan’lhpta
apotelésmata, ison afor” thn katanihsh thc fusik ¢ gl,ssac , all” kai thn paragwg thc , merikéc forec
se epbpedo pou sunagwnbzetai tou anjr,pauc

1.1.1 Paragwg Eikinac api Kebmeno

Ektic api thn fusik gl ssa , 0i eikinec ebnai mia api tic shmantikiterec periogéc thc anjr,pinhc empeirbac
en, apoteloOn tripo epikoinwnbac kai ékfrashc Se auti to plabsio, h katanihsh twn eikinwn, all” kai th
paragwg touc ePnai exDsou shmantikéc prokl seic gia thn Tegnht NohmosQmaj,c aut plhsizei sthn
énnoia pou apokaloOmaiohmosOnhgia touc anjr,pouc . 'Oson afor” thn paragwg eikinac api kePmeng
éqoune gbnei axioshmebwtec prosp’jeic ta prongoOmena grimia afethrba ta Gennhtik™ Antijetik® DBktua
(GANs) pou emfanbsthkan t@014 [11]kai kuri"rghsan sthn paragwg eikinac gia k"poia grinia  [45, 46]. Pio
prisfata , oi Metasghmatistec (Transformers) [26, 3, 4],all” kai ta Montéla Di"qushc (Di usion Models)
[27, 30, 28]éqgoun férei epan“stash sthn paragwg eikinac, belti nontac thn poiithta , all” kai to eOroc
twn optik,n jem"twn pou mporoOn na paragjoOn

1.1.2 Optikopobhsh Istorbac

Se aut thn diplwmatik ergasba esti"zoume sthn Optikopobhsh Istorba¢Story Visulization - SV). O skopic
sthn SV ebnai h paragwg miac akoloujpbac api eikine&’je mi~ api tic opobec antistoigeD se mia pritash
api mia akoloujba dedomeéenwn prot”sewrQi prot'seic , autéc sghmatbzoun mia eniaba af ghdilo antikéimeno
auti protjhke pr,th for™ to 2019api touc suggrafebc tou [18], oi opoboi priteinan kai to StoryGAN, to
pr.to montélo gia aut thn ergasba .

Kat™ mPa énnojanporoOme na doOme $hhsan epéktash thc Paragwg ¢ Eikinac api KePmenome prosj kh
miac qronik ¢ di"stashc sto priblhma . Enallaktik® mporoOme na thn diume wc endi"meso b ma proc thn
Paragwg BBnteo meg’lou m koucapi keDmenafoO h SV asqolebtai me mikréc akoloujbec eikinwsun jwc
4-5), en, mia tainPa kanikoO m kouc égei gili'dec skhnéc

Up“rgoun dOo meg’lec prokl seic sthn SV. Pr,ton , sthn parag,menh akoloujpa eikinwn k’je eikina prépei
na periégei ta antikeDmena pou perieéqgontai sthn antDstoigh perigraf kai na ta apeikonBzei eukrirDeOteron
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up’rgei h afthghmatik pleur” : AntikeDmena pou emfanbzontai se p"nw api mba eikina prépei na paraménoun
sunep wc proc thn emfnish, ,ste na ebnai anagnwrbsima wc to Bdio antikeDniem@io shmantik™ tétoia
antikebmena ebnai oi basikob qarakt rec pou emfanbzontai stic istorbec

1.1.3 Suneisfor”

H kOria suneisfor mac ePnai h uiojéthsh enic montélou tOpoMaskGIT [3] gia thn OptikopoPhsh IstorDac
EPmaste oi pr,toi pou domik"zoume aut thn argitektonik gia thn sugkekriménh ergasbau’lista krbnoume
iti h sugkekrimenh argitektonik eqei I'bei dusan“loga meiwmeénh prosoq se sqesh me ta montéla Di"qushc
(Di usion), akima kai sthn suggen ergasba thc paragwg eikinac api keimeno

QrhsimopoioOme mia elafri” parallag thc argitektonik ¢ MaskGIT wc ton pur na thc doulei’c mac. Peira-
matizimaste me poikblec tropopoi seic se di"fora komm’tia thc argitektonik ¢, prospaj,ntac na katal xoume
se ereunhtikéc kateujOnseic pou belti.noun thc poiithta twn apotelesm™twn mac.

1.2 ProhgoOmenec Teqgnikéc sthn Optikopobhsh Istorbac

Up“rgoun arketéc prongoOmenec douleiéc pou esti"zoun sthn OptikopoPhsh Istorbac

To StoryGAN[18] grhsimopoieDb énan Kwdikopoiht IstorDa@nac Anadromiki Kwdikopoiht Keiménougia
na diathreD sugkePmeno api prohgoOmena b,rkajec kai dOo xeqwristoOc dieukrinistéc: Eikinac kai Is-
torbac Difora GANs met™ api auti gtBzoun p'nw se aut thn proséggish me diaforetikoOc tripouc. To
CP-CSV[36] prosjétei énan epipléon Paragwgi pou par’gei m'skec diagwrismoO proskhnbeparaskhnboy
gia na bohj sei me thn paragwg twn Qarakt rwn . to DUCO-StoryGAN[20] prosjétei Duik M“jhsh  (Dual
Learning) mésw epangerigraf ¢ bbnteo kai @nan mhganismi Antigraf c-MetasghmatismoO pou grhsimopoieb
eikinec pou par gjhsan sta prongoOmena b matagia na enhmer sei thn eikina sto tréqon b ma To VLC-
StoryGAN[19] enswmat, nei optiki -qwrik plhroforba , qrhsimopoi,ntac pukni upotitismi  (dense captioning)
kai grhsimopoieb gn,sh koin ¢ logik ¢, mésw grifwn gn, shc.

'Oson afor” touc Metasghmatistéc , égoun dhmosieujeP dOo proseggbséE VP- CSV[5] protebnei mba proseg-
gish dOo epipédwn Sto pr.to epPpedo, énac Metasqhatlstc problépei optik® sOmbola gia periogéc thc
eikinac pou ant|st0|qun se qarakt rec, en, sto deOtero epPped@nac “lloc Metasghmatist ¢ , sumplhr,nei

ta upiloipa optik™ sOmbola pou ant|st0|qun sto parask nio . To CMOTA [1] grhsimopoieb monAdec mn mhc
gia na enisqOsei thn sun’feia metaxO eikinwn thc Bdiac istorE)EtpE)shc protePnei mPa proséggish dOo kateu-
jOnsewn (KePmenraroc-Eikina kai Eikina -proc-KePmeh@ou tou epitrépei na pragmatopoie® epaOxhsh twn
keimenik n perigraf,n par’llhla me thn ekpabdeush.

Anaforik™ me ta montéla di"qushc, up’rgoun treic prisfatec tegnikéc pou grhsimopoioOn to proekpaideuméno
LDM[28]. To AR-LDM[22] montelopoieb thn paragwg akoloujpac eikinwn me autoofodotiki  (auto-
regressive)tripo . Sugkekriména oi eikinec par“gontai api éna montélo di‘qushc krufoO g,rou (Latent
Di usion Model - LDM)[28], mBaBaapi thn pr,th , méqri thn teleutaba H diadikasba di"qushcqrhsimopoieb
wc sunj kec thn glwssik perigraf thc trégousac gronik ¢ stigm ¢ , kaj,c kai polutropikec  (multi-modal)
anaparast'seic api zeOgh lez'ntac kai parhgménhc eikinacprohgoOmenwn gronik,n stigm.n H trégousa
lez"nta kwdikopoiebtai mésw touCLIP[23], en, ta polutropik™ garakthristik® twn prongoOmenwn zeug,n
eikinac-lez"'ntac sghmatbzontai mésw toBLIP[17]. To ACM-VSG[10] parimoia montelopoieb twn paragwg
twn eikinwn me autetrofodotiki tripo , grhsimopoi,ntac wc sunj kh polutropik™ garakthristik™ api pro-
hgoOmena b matanazb me thn trégousa lez"ntaWstiso , eis"gei énan epipléon mhganismi prosarmostik ¢
kajod ghshc (adaptive guidance) pou aposkopeb sthn ex jhsh eikinwn pou éqoun parimoiec perigrafécna
ebnai ki autéc optik™ parimoiec To Causal-Story[35] belti,nei to AR-LDM eis"gontac mba topik aitiak
m’ska prosoq ¢ pou periorDzei to mégejoc twn anaparast’sewn pou aforoOn ta prongoOmena b mata sthn
istorBa, gia na metri“sei to priblhma pou dhmiourgebtai api sugkrouimenec perigrafec

Téloc, up'rqoun dOo akima tegnikéc pou basPzontai se montéla di"qushdo StoryLDM[25] tropopoieb
kai prosarmizei (ne-tune) to Stable Diusion ,ste na grhsimopoihjeD me autdrofodotiki tripo , gia thn
Optikopobhsh Istorbac Pio prisfata , to StoryGPT-V[33] tropopoieb toStable Diusion ,ste na esti"zei
sthn paragwg twn qarakt rwn . EpBbshc to eujugrammbzei me Ehisl, to opobo bohj ei sthn aposaf nish
anafor,n Qarakt rwn se diaforetikéc perigraféc thc Bdiac istorbac . Shmei noume iti oi dOo teleutabDec
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Figure 1.3.1: H argitektonik tou Metasghmatist [42]

mejodoi efarmizontai se mba paralagménpio dOskolh ékdosh thc SV, ipou epanalambanimenec anaforéc
twn onom’™twn twn Qarakt rwn antikajbstantai me antwnumbdp.q. autic, aut , autogf).

1.3 Jewrhtiki Upibajro

1.3.1 M etasghmatistec

'Ena api ta basik™ motnéla pou sundu“zei h proséggis mac ebnai o0 Metasghmatist.cOi Metasghmatistéc
(Transformers) proerqontai wc montela api to pedbo thc Epexergasbac Fusik ¢ Gl,ssac H prwtituph
argitektonik faPnetai sthn eikina 1.3.1. Ta dOo basik™ kommtia thc argitektonik ¢ ePnai o Kwdikopoiht ¢
(Encoder) kai o Apokwdikopoiht ¢ (Decoder).

Kwdikopoiht ¢

O Kwdikopoiht ¢ (Encoder, Eikina 1.3.1 (arister” )) apotelebtai api 6 akoloujiak™ , imoia str,mata . K'je
str,ma apotelebtai api dOo upostr, mata . To pr,to ePnai éna éna upostr,ma Auto-Prosoq ¢ (Self-Attention)

me pollapléc kefaléc. To deOtero ebnai éna Pl rwc Sundedeméno PracEmpric dbktuo(fully connected
feed-forward network). Up’rgei Upoleimmatik SOndesh(Residual Connection) gOrw api k'je upostr.ma ,
akoloujoOmenh api Kanonikopobhsh Str,matoqLayer Normalization). H éxodoc k’je upostr. matoc mporeD
na grafteb wclLayerNorm (x + Sublayer(x)), ipou Sublayer(x) ebnai h leitourgba tou sugkekrimenou up-
ostr,matoc .

Apokwdikopoiht ¢

O Apokwdikopoiht ¢ (Decoder, Eikina 1.3.1 (dexi’)) apotelebtai ki autic api 6 akoloujiak™ , imoia str,mata .
Kajéna api aut™ égei 3 upostrmata. Ta dOo ebnai Bdia me tou Kwdikopoi#uto -Prosoq kai Pl rwc
Sundedemeéno Prea-Empric DPktug. An"mesa se aut™ ta dOg eis"getai éna upostr,ma Etero -Prosoq ¢
Kwdikopoiht -Autokwdikopoiht . UiojetoOntai kai p’li Upoleimmatikéc Sundéseic kai KanonikopoBhsh Str,-
matoc Epipléon, o mhganismic AuteProsoq ¢ empodbzetai api to na ask sei prosoq se epimene¢mellon-
tikéc) jeseic.
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Figure 1.3.2: Klimakwmeénh Prosoq EswterikoO Ginomeéno(arister™ ) kai Prosoq Pollapl .n Kefal n
(dexi?) [42]

Mhganismob Prosoq c

Klimakwménh Prosoq EswterikoO Ginoménou H Klimakwmeénh Prosoq EswterikoO (Scaled
Dot-Product Attention) ebnai o mhganismic prosoq ¢ pou grhsimopoiebtai sthn prwtituph dhmosbeugh
upologismic gbnetai gia éna set api Erwt mata (Queries) paketarismeéna se enan pbnaka EpBbshc grhsi-
mopoioOntai énac pPnakac Kleidith kai Tim, n V. H diadikasPa apeikonDzetai sthn eikifda3.2. O PPnaka®
pollaplasi“zetai me ton PPnaka K. To apotélesma klimak,netai kai endeqoménwc upikeitai se M"ska(p.qg.
gia na empodbsoume mia jésh na ask sei Prosoq se mellontik jesh To apotélesma pernei api Softmax
,ste na I'boume Bamologbec Sumbatithtac twn Erwthm™twn (Q) me ta Kleidi" (K). To teliki apotélesma
lamb”netai pollaplasi“zontac ton teleut’io pPnaka sumbabithtac me ton pbnaka Tim,n(V). Ousiastik™ , to
k'je Di'nusma -Tim (pPnaka¥) zugbzetai api thn sumbatithta k“je erwt matoc me to Kleidb pou antistoigeb
sto sugkekriméno Di"nusmaTim .

Majhmatik™ o upologismic ePnai o0 ex ¢

. KT
Attention (Q; K;V ) = softmax (%dj)v (1.3.1)
k
Prosoq Pollapl,n Kefal,n H Prosoq Pollapl,n Kefal,n (Multi-Head Attention, Eikina

1.3.2 (dexi")) epekteE)nei thn idéa thc prosoq,capeikonbzontac touc pPnak@eK;V me pollaploOc grammikoOc
metasghmatismoQg¢ste na dw1e| perissiterh eleujerba sto montélo gia na m’jei pollapléc diaforetikec
anaparastseic, se diaforetikoOc upog,rouc . Oi upologismob tropopoioOntai wc ex:c

MultiHead (Q;K;V ) = Concat(head;; head; :::; head,)W©° (1.3.2)

'‘Opou

head = Attention (QW.2; KW X ;v W) (1.3.3)

'Opou oi metasghmatismob ePbnai pPnik&c2 Rome  d WK 2 Rmcer  dic \WV 2 Rdmosel  dv g WO 2
thv dmodel i

1.3.2 Autokwdikopoiht ¢ Parallag,n me Dianusmatiki Kbantismi

To deéutero basiki montélo pou grhsimopoieb h proséggis mac ebnai o Autokwdikopoiht ¢ Parallag,n me
Dianusmatiki Kbantismi (VQ-VAE: Vector Quantization Variational AutoEncoder).
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Figure 1.3.3: H argitektonik tou VQ-VAE[39]

Kwdikopoiht ¢ kai Apokwdikopoiht ¢

O VQ-VAE grhsimopoieD énan Kwdikopoih{p(zejx)) kai &énan Apokwdikopoiht (p(%jz,)) kai oi dOo ek twn
opoPwn ePnai Suneliktik™ Neurwnik™ DBktU&NNS). O Kwdikopoiht ¢ apeikonDzei mPa Eikinad2 R® N N se

mia kruf (latent) anaparstash ze 2 RP ia ?*, ipou to f ePnai par"gontac sumpbeshdet” ton kbantismo

tou ze (bl. epimenh Enithta) o Apokwdikopoiht ¢ apeikonbzei thn kbantisménh kruf anapar’stashz, 2
RC T T pbsw ston g.ro twn eikinwn: R® N N

Diakritic Krufic Upog,roc

O Diakritic Krufic Upoqg,roc (Discrete Latent Space)orbzetai san énac upog,roc dianusm’twe 2 RX P
ipou K ebnai to pl joc twn kathgori,n miac kathgorik ¢ katanom ¢ kai D h diastatikithta twn dianusm™wn .

'Opwec eip,jhke sthn prohngoOmenh upoenithta h éxodoc tou Kwdikopoiht , ze 2 RP T kbantbzetai Sug-
kekriménak’je éna api ta D-di"stata dianOsmata((?‘—)2 to pl joc ) antikajbstantai api to kontiniteri tou

sthn biblioj kh dianusm™wn e, me b"sh anaz thsh kontiniterou gebtona(ExPswshl.3.4). H kbantismenh
ekdog thc kruf c anapar“stashc dbnetai api thn ExDswsh 1.3.5. Shmei,noume iti oi exis,seic autéc an-
tistoigoOn se kruf anapar’stash enic monadikoO dianOsmatocen, gia tic eikinec grhsimopoiebtai énac
2-D pbnakac api tétoia dianOsmataApi tic exis,seic prokOptei iti h kbantisménh anapar’stash , mporeb na
grafteDb kai san enac pbnakac deikt,fipou k'je debkthc antistoigeb se éna monadiki di"nusma sthn biblioj kh
dianusm™twne. H oloklhrwménh leitourgba tou montélou fabnetai epoptik™ sthn Eikina 1.3.3.

1 for k= argmin;jjze(x) §jj2

9z = kix) = 0 otherwise

(1.3.4)

Zq(X) = ec;wherek = argminjjjze(X) gjj2 (1.3.5)

Priterh Katanom

Met™ thn olokl rwsh thc ekpabdeushc tou VQ-VAE, oi ereunhtéc tou prwtitupou montélou efarmizoun
mba autoanaforik (autoregressive) katanom, p(z), p"nw stic diakritec njetablhtéc z, ,ste na mporeb na
grhsimopoihjeb san paragwgiki montélo Gia auto ton skopi gqrhsimopoioOn en&ixelCNN [41, 40].

1.3.3 Metasghmatistéc wc Priterec Katanomec

'Opwc dh anaférame sthn enithta 1.3.2, mporoOme na grhsimopoi soume én&R-VAE san paragwgiki
montelo, an tou prosjésoume mia priterh katanom, p'nw ston krufi g,ro . Ta teleutaba qgrinia em-
fanDsthkan tegnikéc pou grhsimopoioOn Metasghmatistéc san Priterec Katanomg@rgik™ qrhsimopoi jhkan
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Figure 1.3.4: O tripoc leitourgbac tou MaskGIT[3]

autoanaforikob (autoregressive)metasghmatistec(p.q [26, 7, 8]). Pio prisfata emfanBsthkan pio apodotikec
tegnikéc pou basbzontai se epanalhptikoQparlihlouc Metasghmatistéc  [3, 4].

MaskGIT

To MaskGIT[3] (Masked Generative Image Transformer - Paragwgikic Metasghmatist ¢ Eikinwn me
M"skec) eis gage néec tegnikéc tiso sthn ekpabdeushiso kai ston sumperasmi enic Metasghmatist gia
paragwg eikinwn.

Pr.to Epbpedo Se pr,to epbpedo to MaskGIT uiojeteD to VQ-GAN [8], énanVQ-VAE me K'poiec

parallagéc iswn afor” thn ekpabdeush, gia beltivména apotelésmata Sugkekriména grhsimopoiebtai éna
VQ-GAN me biblioj kh 1024dianusm™twn O par"gontac sumpbeshc ebfar 16, dhlad mba eikina an”lushc

256 256 apeikonDzetai se éna plégma an’lustg? 28 =16 16, api dianOsmata

DeOtero EpBpedo Sto deOtero epPpedekpaideOetai énac Metasghmatist cwe Priterh Katanom p™nw
sta optik™ sOmbola tou krufo® g,rou , upi sunjkh keiménou. H néa tegnik pou grhsimopoiebtai ston
Transformer légetai MVTM (Masked Visual Token Modelling - MontelopoPhsh M“skac OptikoO Sumbilou).

MVTM kat" thn ekpabdeush Ac onom"soum&’ =[y;]\; ta sOmbola(dianOsmatatou krufoO g,rou
pou par"gontai api ton Kwdikopoiht kai ton Kbantist tou  VQ-GAN, me mia eikina wc ebsodistw , epPshc
M =[m;]\; mia duadik m’ska0/1) gia ila ta sOmbola. Se k’je b ma ekpaBdeushaeismatoleiptoOme éna
uposOnolo twn sumbilwn kai ta antikajistoOme me éna eidiki sSOMbolfMASK . m; = 1 antistoigeD se
sOmbolo pou égei antikatastajeD me m"skan, gia m; = 0 to sOmbolo paraménei Pdibl programmatismic
twn mask,n gbnetai mésw mbac sun’rthsh@) 2 (0; 1]. H diadikasba leitourgeb wc ex c

" 'Ena pososti metaxOO0 kai 1 deigmatolhptePtai mésh thc(r)

d (r) NesOmbola epilégontai omoiimorfa kai touc efarmizetai h m"ska

'Estw Y, 0 pPnakac sumbilwn pou prokOptei met” thn efarmog thc m"skal p'nw sto Y

"~ To montélo ekpaideOetai gia na elagistopoi sei thn Arnhtik Logarijmik Pijanof'neia  (Negative Log-
Likelihood):

X
Lmask = E[ log p(YijYm )] (1.3.6)
8i2[1;N];m;=1

Sthn pragmatikithta , oi pijanithtec p(yijYy ) 2 RN K problépontai api ton Transformer. To K antistoigeD
sto mégejoc the biblioj khe dianusm™wn tou VQ-GAN. Aut” ta K dianOsmata ePnai oi epilogéc api tic opobec
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1.3. Jewrhtiki Upibajro

o Transformer kalebtai na dialéxei gia k'je optiki sOmbolo. Sthn sunégeia h etereentropPalcross-entropy)
metaxO twn problepimenwn katanom,n kai twn alhjin,none-hotdianusm™twn upologbzetai gia thn ekpabdeush
tou montélou.

Epanalhptikic Sumperasmic Kat™ ton sumperasmi grhsimopoiebtai mia kainoOrgia méjoglogou
perilambnei énan mikri arijmi bhm“twn se antbjesh me ton paradosiaki autoanaforiki (autoregressive)
sumperasmi twn Metasghmatist,n pou apaitoOse tisa b mata iso ePnai to pl joc twn optik,n sumbilwn
sthn anapar“stash thn eikinac , ston krufi g.ro . Mia optik sOgkrish twn dOo tegnik,n faPbnetai sthn
eikina 1.3.5.

'Opwe prokOptei kai api thn perigraf thc diadikasPac ekpaBdeushden periorDzoume thn Prosog(Attention)
twn optik_n sumbilwn mino se pareljontik™ sOmbola sthn akoloujpa , entic tou Metasghmatist  (Metasgh-
matist c DOo KateujOnsewn (Bidirectional)). Q°rh se auti , jewrhtik” ja mporoOsame na probléyoume ila
ta optik™ sOmbola gia mia eikina me énanonadiki pérasma api ton Metasghmatist . Sthn pr'xh , imwc auti
den éqei kal~ apotelésmata AntD autoQ oi dhmiourgob tolMaskGIT proteBnoun mia tegnik pou xekin™ api
énan""grafo pPnakd' (ila ta optik® sOmbola égqoun antikatastajeD me m“ska sto Y,élo) ). O algirijmoc sthn
epan’lhyh t trégei wc ex c:

" Dedomenwn twn Optik,.n Sumbilwn me efarmosménh m“sksthn sugkekriménh epan’lhyh Y,élt), 0i

pijanithtec p® 2 RN K gia ila ta sOmbola pou ePgan antikatastajeD me m"ska problépontai mésw
tou Metasghmatist

Se k'je jesh i ipou éqei efarmosteb m”skaéna sOmboIQ/im = | deigmatolhptebtai me b"sh tic pi-
janithtec pi(t) 2 RK (antimetwpbzontac tq)i(t) san poluwnumik (multinomial) katanom). Met" thn
deigmatolhyE)ah pijanithta pi(jt) tou sumbilou (j) pou epilégjhke, grhsimopoiebtai wc bajmic empis-
tosOnhc pou deignei piso bebaio ebnai to montelo gia aut n thn pribleyhGia tic jéseic ipou den ebge
efarmosteb m“skao bajmic empistosOnhc tbjetai sto1l.

O arijmic twn sumbilwn sta opoba 1a xanaefarmosteb m’ska upoIogE)zetaiAwm =d (Ti)N e, ipou
ePnai h sun’rthsh programmatismoO m”ska&¢ ePnai o sunolikic arijmic api sOmbola kaiT to sunoliki
pl joc twn epanal yewn .

Ta sOmbola me thn néa m"ska efarmosmérdia thn epimenh epan’lhyh Y,\El”l) upologbzontai efarmi-
zontac thn néa m™skaM (*Y | pou dPbnetai api ton ex ¢ tOpo

o -1 if o <sorted; (g)[n]

i ~ 0 otherwise (1.3.7)

ipou to ¢ ePnai o bajmic empistosOnhc gia teosti sOmbolo.

Pio sunoptik™ , to montélo par"gei mia eikina se T epenal yeic. Se k'je epan’lhyh , problépei ila ta
optik® sOmbola kai krat’ei aut™ gia ta opoba égei uyhlitero bajmi bebaiithtac kai xanaefarmizei m“ska
sta upiloipa , ,ste na ta probléyei se k’poia epimenh epan’lhyh. To pososti twn sumbilwn sta opoba
efarmizetai m"ska fipnei se k’je epan’lhyh , méqri pou ila ta sOmbola problépontai se T epanal yeic.

Programmatismic twn Mask,n '‘Opwc anaférameo programmatismic twn mask, n gbnetai mésw mbac
sunrthshc (). Kat™ twn ekpabdeushaut pabrnei san irisma éna tugabo posostr 2 (0; 1], en, kat™ ton
sumperasmi pabrnei ta0=T;1=T;:::;;(T 1)=T, an’loga me thn epan’lhyh sthn opoba briskimaste
H prépei na égei tic ex c idiithtec:

" prépei na ebnai suneq ¢ me tin2efo; 1], gia orbsmata 2 [0; 1].

" Prepei an ebnai gnhsbwc fjpnousa wc procrtpme thn idiithta: (0) ! land (1) ! 0. Auti ebnai
aparabthto gia na sugklPbnei o algirijmoc sumperasmo@roblépontac ila ta sOmbola .

Oi ereunhtéc tou [3] peiramatbzontai me treic oikogeniec sunart sewrGrammikécKoblec(p.q. Sunhmbtono
and Kurtéc (p.q. Tetragwnik ). Paradebgmata fabnontai sthn eikind.3.6. Oi ereunhtéc anaféroun iti
kalOtera apotelésmata dbnei to Sunhmbtono
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Figure 1.3.5: Autoanaforikic Sumperasmic vs Par’llhloc Epanal ptikic Sumperasmic  (MaskGIT) [3]

Figure 1.3.6: SOgkrish Sunart sewn ProgrammatismoO M skac




1.4. Proteinimenec Teqgnikec

Arijmic Epanal yewn Sqetik™ me ton beéltisto arijmi epanal yewn ston sumperasmi , oi ereunhtéc
anaféroun iti péftei anémesa stic 8 kai tic 12.

Krit ¢ Sumbilwn O Kritc Sumbilwn [16] (Token-Critic) éqei protajeD san beltiwvménh tegnik gia
deigmatolhyba twn sumbilwn kat™ twn epanal ptiki sumperasmi tou MaskGIT. LeitourgeP san bohjhtiki mon-
télo pou ePnai upeOjuno gia thn ektbmhsh tou bajmoO empistosOnhc sta sOmbola pou problépdasaGIT,
san enallaktik sto na grhsimopoioOntai oi pijanithtec tou MaskGIT san bajmoD empistosOnhc

O Kritc Sumbilwn ebPnai énac Metasghmatist ¢ pou ekpaideOete afoO oloklhrwjeD h ekpabdeush tou
MaskGIT. Kat™ thn ekpaPdeush Y = [y;]\, ePnai ta sOmbola tou krufoO g,rou kwdikopoihména api
to VQ-GAN. M = [m;]N, ePnai oi duadikéc m“skec gia ila ta sOmbolaY,, ebnai to di"nusma sumbilwn
afoO efarmosteP h m“ska stoY. Dedoméwn touy,, , deigmatoleiptoOme td& api thn p(yijYy ) (aut ePnai

h katanom pou parametropoieP thlaskGTI). Sthn sunégeig sghmatbzoume 6 =Y (1 M)+ Y M.
To Y ePnai isodOnamo meYjp, ipou ila ta [MASK ] sOmbola éqoun antikatastajeD api to sOmbolo pou
pribleye to MaskGIT se ekeinh thn jésh O Krit ¢ Sumbilwn ekpaideOetai gia na elagistopoi sei to :

L=E[ BCE(m;p (mj¥;0) (13.8)
j=1

'Opou hp (:) ebnai h katanom pou parametropoieb o Krit ¢ Sumbilwbhlad o Krit ¢ Sumbilwn majabnei
na problépei thn duadik m"ska me sunj kh to Y kai to ¢, opoO toc mporeb na ePnai opoiad pote sunj kh
(p.g. sunj kh keiménou.

Kat™ ton sumperasmi grhsimopoiebtai h epanalhptik logik tou MaskGIT, me mia mikr tropopobshXek-
in"me me éendtkeni pbnaka Yhsloz (ila ta sOmbola ePnai antikatesthména api thn m“ska Sthn epan’lhyh t
deigmatolhptoOme tor () mésw touMaskGIT, dhlad :

YO p (vOjy{ Yio (1.3.9)

ipou h katanom p (:) ePnai aut pou égei m’jei taMaskGIT.

T,ra , ant® na grhsimopoi soume tic pijanithtec pou édwse tMaskGIT san bajmoOc empistosOnhme b’sh
touc opoPouc ja xanaefarmisoume m“skec gia thn epimenh epan’lhydrhsimopoioOme ton Krit Sumbilwn
DeigmatolhptoOme toM+1 p (M+1jY®;¢) (p (©) ePnai h katanom pou égei mijei o Krit ¢ Sumbilwih
To M1 2 RN periégei N timégilec metaxOO0 kai 1 pou antistoiqoOn stouc bajmoOc empistosOnhc gia k'je
sOmbolo Dedoménou iti o Krit ¢ Sumbilwn ePnai Metasghmatist ¢, grhsimopoieD Prosoq (Attention) gia
na I'bei upiyin thn susgétish metax twn sumbilwn itan problépei touc bajmoOc empistosOnhg k'ti pou
anamenetai na belti,nei thn poiithta thc apifashc , se sgésh me thn anex’rthth deigmatolhyba toaskGIT.

1.3.4 EpaOxhsh Keimenik,n Dedoménwn me Qr sh LLM

Oi exairetikec dunatithtec twn Meg'lwn Glwssik.n Montélwn  (Large Language Models - LLMs)éqgoun
axiopoihjeb sto pareljin , sto plabsio diafirwn ergasi,n [38, 43, 6, 44, 9].Sto [9] protebnetai mba meéjodoc
epaOxhshc perigraf,n eikinwn, se zeOgh lez ntaceikinac ta opoPa grhsimopoioOntai gia thn ekpabdeush enic
montelou CLIP[23]. Argik™ , par"gontai enallaktikec lez'ntec gia enan mikri arijmi zeugari,n lez'ntac -
eikinac, mésw diafirwn mejidwn, sumperilambanoménou anjr,pinhc ergasbac lkadiatbots. H prwtitupec kai

oi enallaktikéc perigraféc sundu“zontai gia na dhmiourghjoOn metazeugria eisidou-exidou (meta-input-
output pairs). Sthn sunégeia grhsimopoiebtai toLLaMA[37] gia na paragjoOn enallaktikéc lez ntec gia

ila ta deBgmata tou sunilou dedoménwn Ta metazeugria eisidou-exidou grhsimopoioOntai se aut thn
diadikasPa san sugkeDméoontext), .ste to LLM na katano sei kalOtera thn ergasPa
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(b) H kbantisménh anapar”stash thc eikinac

(a) Oi eikinec miac istorbac apeikonbzontai ston krufi g,ro mporeb na metatrapeb se
ston krufi g,ro mesw tou Kwdikopoiht tou eikina mesw tou Apokwdikopoiht tou
VQ-GAN VQ-GAN

(c) MetaxO tou Kwdikopoiht kai tou Apokwdikopoiht oi kruféc anaparast™seic kbantbzontai mésw miac
biblioj khc dianusm™twn

Figure 1.4.1: H leitourgba tou VQ-GAN

Figure 1.4.2: Oi protseic miac istorDac upikeintai kwdikopoBhsIBPE[32] gia na antistoigistoOn se diakrit”
glwssik™ sOmbola (tokens)

1.4 Proteinimenec Teqgnikéc

1.4.1 Kwdikopobhsh twn Eikinwn
VQ-GAN

Gia ton kbantismi twn eikinwn grhsimopoioOme tvQ-GAN [8]. Dedoménwn twn eikinwn tic istorDacX =
fX1;X2; 5 Xng, mporoOme na tic per’'soume api ton Kwdikopoiht tolQ-GAN ( Eikina 1.4.1a)kai na tic
kbantDsoume gia na paragjoOn ta antDstoiga diakrit” optik® sOmbol& = fZ4;Z,;:::; Z,g. Sthn sunégeia énac
Metasghmatist ¢ ekpaideOetai gia na problépei ta optik™ sOmbola upo sunj kh keiménou(bl . Enithta 1.4.3).
AfoO problefjoOn ta optik® sOmbola , mporoOn na metafrastoOn se eikineenésw tou Apokwdikopoiht tou
VQ-GAN ( Eikina 1.4.1b).

1.4.2 Kwdikopobhsh twn Glwssik,n Perigraf.n

Wec proc thn kwdikopoBhsh glwssik,n perigraf,n peiramatizimaste me dOo mejidoucex arq ¢ ekpaPdeush
dianusm™twn léxewn(word embeddings) gr sh dianusm™twn léxewn pou éqoun exaqjeD api K"poioLLM.
Anex’rthta api thn méjodo , k“je mPa glwssik perigraf miac istorbac antistoigbzetai se mia akoloujba api
dianOsmataSumbolbzoume tic kwdikopoihmeénec perigraféc miac istorDat md To; To;::: Thg .

Ex Arq ¢ ekpabdeush Dianusm™twn Léxewn

'Otan ekpaideOoume dianOsmata léxewn grhsimopoioOme kwdikop@PEsipou apeikonbzei k'je glwssik
perigraf se mia akoloujba diakrit,n sumbilwn (Figure 1.4.2). Kat™ thn kwdikopoPhshBPE grhsimopoioOme
lexiligia 2500 sumbilwn.

10



1.4. Proteinimenec Teqgnikec

Qrsh LLM

Antb na ekpaideOsoume dianOsmata léxewn api thn anporoOme na grhsimopoi soume ta dianOsmata api éna
pro-ekpaideumenad.M. Empneimenoi api taVUSE[4], peiramatizimaste me tar'5-XXL [24]. Gia na par"goume
dianOsmata api tic glwssikéc perigraféc, pairn"me k'je perigraf apito T5 kai apospoOme ta dianOsmata
tic teleutaDac kruf ¢ kat"stashc tou montélou . Sthn sunégeia ta grhsimopoioOme san anaparast’seic gia
tic glwssikéc perigrafec , ston Metasghmatist mac.

1.4.3 MaskGST
Ebsodoc

Figure 1.4.3: Hebsodoc tou metasghmatist ebnai h sunénwsh twn optik,n kai twn glwssik,n sumbilwn
(tokens) gia k'je éna api ta zeugria eikinac / perigraf ¢ sthn istorDa (5). Sta optik™ sOmbola
epiped,nontai ( atten) kai touc efarmizetai m“ska (me tugabo trip9 prin thn sunénwsh me ta glwssik™
sOmbola

Dedoménwn twn optik,n sumbilwnZ = fZ1;Z,;::5Z,g (Zi 2 R™ ™ 9) kai twn glwssik,n sumbilwn

T =Ty o Teg (Ti 2 R 9), gia mia istorDasghmatbBzoume thn ePsodo twn Metasghmatist,n mac ipwc
fabnetai sthn Eikina 1.4.3. Ta optik® sOmbolaz 2 R® ™ ™ d jsoped, nontai (atten) se mia akoloujpa
z02 R" (mm) d Sthn sunégeia touc efarmizoume tugaPa m"skeipwc akrib,c sto MaskGIT gia na
proume taZ 2 R" (Mm) d Tgaloc, k'je anapar’stash eikinac sunen_ netai me thn antbstoigh glwssik
perigraf gia na sghmatistoOn ta Input; = (Z;;T;). H eDsodoc twn Metasghmatist,n mporeP na grafteD wc

Input = flnputq;::;Input,g 2 RM (Mm+D d (1.4.1)

ipou mel sumbolbzetai to m koc thc glwssik ¢ anapar’stashc, m m ePnai h anlush twn kruf n ana-
parast’sewn twn eikinwn, n ebnai o arijmic twn eikinwn miac istorbac kal ebnai h kruf di"stash tou
Metasghmatist .

Ebdh Strwm™twn Metasghmatist,n
Parak’tw perigrfoume ta eDdh api Str,mata Metasghmatist,n pou grhsimopoioOme sta montéla mac
Plrec Str,ma To Plrec Strma 1.4.4a ebnai éna paradosiaki str,ma enic Apokwdikopoiht-

Metasghmatist , apoteloOmeno api trba upoepPpedaito -Prosoq  (Self-Attention), Etero-Prosoq (Cross-
Attention) kai Pl rwc Sundedemeno Proeta-Empric EpbpeddFully Connected Feed Forward Layer). De-
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(a) Plrec Strma (b) Auti -Strma

Figure 1.4.4: Ta kOria str,mata pou grhsimopoioOntai stouc Metasghmatistéc mac

domeénhc thc eisidod 2 R" 2 9 kai k’poio sugkePmen@ontext) C 2 R" ¢ 9 h éxodoc tou str,matac
Auto -Prosoq c¢ kai Etero -Prosoqg c , antbstoiga mporeb na upologisteb wc ex ¢

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

. . (1.4.2)
Cross Attention (I;C) = MultiHead ,(Q=I;K = C;V = C)

To Feed-Forward upostr,ma apotelebtai api €na grammiki metasghmatismakoloujoOmeno api mia sun’rthsh
energopobhshakoloujoOmenh api KanonjkopoDhstl Str,matoqLayer Normalization). 'Opwc fabnetai sthn
Eikina, up“rgei upoleimmatik (residual) sOndesh gOrw api k'je upoepbpedo

Auti  -Str.ma 'Opwc fabnetai sthn eikinal.4.4b,to Auto -EpPpedo ebnai imoio me to Pl rec Epbpexie
thn diafor” iti paralebpei to upostr,ma Etero -Prosoq c kai sunep,c den grhsimopoieb sugkeBmeno

SV- Str,ma To SV-Str,ma (Story Visualization Sr,ma) fabnetai sthn eikina 1.4.6. Apotelebtai api
ena Auto-Str.ma, tou opoPou prohgebtai eéna upostr,ma Proepexergasbac kai épetai éna str,ma Meta
epexergasbac

To Upostr,ma Proepexergasbac pabrnei san eDsodo mia désmh dedongeateh) 2 R" (m m+) d
pou antistoigeb se stan zeug'ria eikinac-perigraf ¢ se mia istorba. Metasghmatbzei thn eBsodo se mia
anapar’stash 2 R (n(m m)*nl) d tgppjetintac ta optik® sOmbola gia ilec tic eikinec thc istorbBac , to
éna dbpla sto “llo kai sunen ,nontac ta me thn akoloujba ilwn twn glwssik,n sumbilwn thc istorbac
topojethména to éna dbpla sto “llo (Eikina 1.4.5a).

To Upostr,ma Meta -epexergasbac éqei thn akrib,c antbstrofh leitourgba. Pabrnei mia ebsodo
Rl (n(mm)+nl) d Thn metasghmatbzei se mia éxadg" (M M+ d jpou kajemia api tic (M m+1) d)-
megeéjeic akoloujpec sthn désmh megéjoncantistoiqeP sta optik™ sOmbola miac eikinagsunenwména me ta
antbstoiga glwssik™ sOmbola (Eikina 1.4.5b).

Se diaisjhtiki epbpedq to upostr,ma Proepexergasbac férnei thn anapar”stash thc istorbac api éna form™t
eikina-eikina se éna form’t se epbpedo istorbadpou ilh h istorba antimetwpbzetai san mia suneq ¢ akolou-
jPa sumbilwn, pou antistoiqoOn stic eikinec kai tic perigraféc. Me autin ton tripo , sto Auto -Str,ma
pou akoloujeB ta sOmbolg api opoiod pote api tic n jéseic sthn istorDa mporoOn na ask soun Prosoq
(Attention) se sOmbola opoiasd pote “llhc jéshc kai na enswmat,soun sgetik plhroforba . AkoloOjwc ,
férnoume ta sOmbola pPsw sto arqiki eikinaeikina form™t me to upostr ma Meta -epexergasbac

Proteinimena montéla tOpou Metasghmatist

MaskGST  Onom“zoume thn proteinimenh argitektonik mabMaskGST (Masked Generative Story Trans-
former - Paragwgikic Metasghmatist ¢ Istori,n me M"skec ) gia na tonBsoume iti basbzetai stMaskGIT.
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(a) Proepexergasba gia to SV-Str,ma

(b) Met™ -epexergasba gia toSV-Str,ma

Figure 1.4.5: Epexergasba dedomenwn gia3¥-Str ma

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

To MaskGST apotelebtai api dOo PI rh Str,mata , pou akoloujoOntai api k“poia Auto -Str mata . H Eikina
1.4.7 debgnei mia ékdosh tou montélou 4nkuto -Str. mata (6 str,mata sunolik™ ).

To sugkeBmeno pou grhsimopoiebtai api ta upostr,mata EtesBrosoq c apotelebtai api ilec tic glwssikec
perigraféc sthn istorba. Dhlad , gia na probléyoume ta optik™ sOmbola gia k'je eikina, pragmatopoioOmai
Etero-Prosog me ilec tic “llec glwssikéc perigraféc thc istorbac . Me autin ton tripo , epitrépoume sto
montelo na éiojet sei gr simh , sgetik plhroforDa api prongoOmena kai epimena gronik™ shmeba sthn istorDa

MaskGST-SV  To MaskGST-SV (MaskGST Story Visualization) grhsimopoieD dOo Pl rh Str,mata sthn
arq thc paragwgik ¢ diadikasPac Aut™ akoloujoOntai proairetik® api merik® Auto  -Str,mata . Sthn
sunégeia éqoume dOBV-Str,mata , ta opoba mporoOn proairetik™ na akoloujoOntai api k'poia akima Aute
Str,mata . Gia par"deigmasthn Eikina 1.4.8 faPnetai énavlaskGST-SV pou topojet dOo Auto -Str,mata
an"mesa sta Pl rh Strmata kai ta  SV-Str,mata . EpBshc topojeteD dOo AutStr,mata kai met” ta SV-
Str,mata (8 Str,mata sunolik™ ).

Ekpabdeush 'Ola oi proteinimenoi metasghmatisté¢ metarépoun thn ebsodi touc Input =
flnput 1;::; Input,g 2 R? (M m+D) d se mpa éxodBdiwn diast’sewn

Output = fOutputy;::;; Output,g 2 R" (M m+1h d (1.4.3)

Gia k'je antikePmeno sthm-désmh(n-batch), af noume ta | sOmbola pou antistoiqoOn sthn keimenik peri-
graf kai kratt'me ta m m optik” sOmbola. Sunep,c, égqoume

Output = fOutputy;:::; Output,g 2 R" (M ™) d (1.4.4)
H éxodoc aut pern“ei api éna grammiki metasghmatismi gia na p"roume pijanithtec

y = Lin (Output) 2 R" (Mmm) K (1.4.5)

'OpouK ebnai to pl joc twn dianusm™twn pou diajétei h diakrit biblioj khtou  VQ-GAN. Téloc, oi parap™nw
pijanithtec mporoOn na grhsimopoihjoOn gia na ekpaideOsoume to montéiokrbnont™c tec me ta pragmatik”

14



1.4. Proteinimenec Teqgnikec

Figure 1.4.8: MaskGST-SV

Figure 1.4.9: H diadikasba ekpabdeushc thlaskGST
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(ground-truth) dianOsmata pou antistoiqoOn sta pragmatik™ optik™ sOmbola Gia thn ekpaBdeustyrhsi-
mopoioOme thn teqnikMVTM (Masked Visual Token Modeling) pou protePnetai stoMaskGIT ( Enithta
1.3.3).

Sumperasmic 'Opwec sthn ekpabdeusktsi kai ston sumperasmi 6iojetoOme ton par’lihlo , epanalhptiki
algirijmo pou protebnetai sto MaskGIT (Enithta 1.3.3).

Kajod ghsh Qarakt rwn

ProteBnoume mia néa tegnik gia na belti,soume thn paragwg twn garakt rwn stic istorBec Prosjetoume
sto montelo mia biblioj kh api 2 C, epiléon DianOsmata(Embeddings) Qarakt rwn , ipou C, ePnai o
arijmic twn basik,n garakt rwn pou ebnai parintec sto Dataset (Gia to Pororo-SV eqoum&, = 9). Gia kje
garakt ra éqoume éna Jetiki Di'nusma (o0 qarakt rac anaféretai sthn glwssik perigraf ) kai éna Arnhtiki
Di"nusma (o garakt rac den anaféretai ). 'Otan grhsimopoioOme aut thn tegnik, sunen noumeC, dianOsmata
sthn ePsodo tou Metasghmatist, éna gia kaje qaraktra . Jetik® DianOsmata grhsimopoioOntai gia touc
garakt rec kai pou ebnai parintec sthn tréeqousa glwssik perigraf kai Arnhtik” gia touc upiloipouc . Se
aut thn perbptwsh, h ebsodoc tou Metasghmatist gbnetai

Input = flnput;::; Input,g 2 R" (M mM*1+Cn) d (1.4.6)

ipou: Input; = (Z;;Ti; Ci) kai Ci = f poschar Ochar2 T, anegchalr Ochar2T, - 10 POSchar antiproswpeQei to Jetiki
Di"nusma gia ton garaktra char, en, to neg:ar antiproswpeOei to Arnhtiki Di'nusma gia ton garakt ra .
To fpOShar Gchar2 T, €PNai to sOnolo twn Jetik.n Dianusm’twn gia touc garakt rec pou anaférontai sthn
treqousa perigraf  (T;) Kai f n€Gchar Yeharz1, 1O sOnolo twn Arnhtik,n Dianusm’twn gia touc qarakt rec
pou den anaférontai.

Ekpabdeush  Prokeiménou na enisqOsoume thn estbash tou montélou sta DianOsmata Qarakt napor-
rDptoume entel,c tic glws§ikéc perigraféc gia éna pososti deigm™twn ekpabdeushc se k'je désmtbatch)

kai krat"me mino ta DianOsmata Qarakt rwn wc kajod ghsh. Kat™ ta “lla , h diadikasba ekpabdeushc ménh
apar’lagth .

Sumperasmic Kat”™ ton Sumperasmi, upologbzoume dOo om"dec api pijanithtetogits) gia na parxoume
mia eikina H pr,th om™da (") upologbzetai diekperai,nontac thn paragwgik diadikasBaupo sunj kh twn
glwssik n perigraf n . H deOterh om™dd char ) upologbzetai upi sunj kh twn Dianusm™twn Qarakt rwn
apokleistik™ . 'Opwc kat™ thn ekpabdeush grhsimopoioOme Jetika DianOsmata gia touc qarakt rec pou emfanb-
zontai sthn perigraf kai Arnhtik™ gia tou “llouc . Oi telikéc pijanithtec  (logits) prokOptoun wc kurtic
sunduasmic twn dOo epimérouc om dwn pijanot twn

=1 )+ fenars f2[01) (1.4.7)
Autic o sunduasmic upologbzetai se k'je b ma thc epanalhptik ¢ paragwgik ¢ diadikasPac sumperasmoO

Qr sh Arnhtik,n Upodebxewn Me skopi thn peraitérw enBsqush thc parousPac tou swstoO upo-
sunilou twn garakt rwn se k'je eikina , proteBnoume thn gr sh arnhtik ¢ kajod ghshc (negative prompting)
kat™ ton sumperasmi Sugkekriménaekﬁc api tic dOo om"dec api logits (" and “char ), €is"goume mia trbth
om’data g~ Giaton upologismi twn char aporrbptoume entel,c tic glwssikéc perigraféc api thn ebsodo
tou metasghmatist , ipwc k'noume gia ta char . ‘'Omwe antb na grhsimopoi soume Jetik™ DianOsmata gia
touc epuumhtoOc garakt rec kai Arnhtik™ gia touc upiloipouc , k“noume to an"podo Arnhtik”~ DianOsmata
grhsimopoioOntai gia touc epijumhtoOc qgarakt rec kag]euk gia touc upiloipouc . Dhlad , ta DianOsmata
Qarakt rwn sthn ebsodo ebnaiC; = fneQwar Ochar2 T,  fPOShar GenarzT, - Kat™ K'poion tripo ta "z up-
ologbzontai grhsimopoi,ntac to "logiki sumpl rwma"” thc eisidou pou grhsimopoiebtai gia ton upologismi
twn “char - Oi telikéc pijanithtec  (logits) upologbzontai t,ra wc ex c:

=1 ) e +2f e g f2[0)1) (1.4.8)

char
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1.4. Proteinimenec Teqgnikec

1.4.4 Ep uxhsh twn Dedoméwn mésw Meg’lwn Gl ssik,n Montelwn

Gia na prostateOsoume to montélo en™ntia sthn uperprosarmog (over tting) peiramatizimaste me thn
ep“uxhsh twn keimenik,n perigraf,n. Gia autin ton skopi grhsimopoioOme én&LM, api to opobo zht'me
enallaktikec perigraféec , dedomenwn twn pragmatik,n

Kat™ thn ekpabdeush epiléegoume tugaba ebte thn prwtituph perigraf ebte thn enallaktik, gia kje eikina ,
se k'je epoq . 'Etsi, paregoume sto montélo diaforetikéc perigraféc gia thn Bdia eikinase diaforetikec
epogéc Periménoume auti na bohj sei to montélo na esti"sei sta DianOsmata Léxewn pou ePnai pio sgetik”
kat” thn paragwg twn eikinwn , all” kai na apofOgei se megalOtero bajmi thn uperprosarmog .

1.4.5 Krit ¢ Sumbilwn Basismenoc stouc Qarakt rec

Ephreasménoi api thn idéa tou Krit Sumbilwn (Token-Critic) peiramatizimaste me énan Krit Sumbilwn
Basiméno stouc Qarakt rec (Character Attentive Token Critic). H leitourgba tou ebnai Bdia me aut n pou
perigryame sthn Enithta 1.3.3. Gia thn dik mac ergasBapilégoume h sunj kh Ktw api thn opoba gbnontai
oi probléyeic na ePnai DianOsmata Qarakt renSugkekriménao Krit ¢ Sumbilwn éqgei C, dianOsmataéna
gia k'je basiki garaktra (C, ePnai to pljoc twn garaktrwn tou Dataset). EkpaideOoume ton Krit
Sumbilwn, me paramétrouc gia thn elagistopobhsh tou

X
L=E[ BCE(mj;p (m;jY;0)] (1.4.9)
j=1

1.4.6 AOxhsh thc eukrbneiac tou KrufoO Q rou Qarakthristik n

Empneusmeénoi api tdMUSE[4], peiramatizimaste me thn gr sh enic Metasghmatist aOxhshc eukrbneiac
(Super-Resolution), pou leitourgeb se krufi g,ro uyhliterhc eukrbneiac , o opoboc par"gei apotelesmata me
sunj kh thn gamhliterhc eukrbneiac éxodo enic Basiki Metasghmatist (Base Transformer). Gia autin ton
skopi grei"zontai dOo VQ-GAN, pou leitourgoOn se krufoOc g,rouc me diaforetikéc analOseic m; m;
kaim, m, (my<my).

Basikic Metasghmatist ¢ O Basikic Metasghmatist ¢ (Base Transformer) ebnai én8MaskGST,
ipwc to perigriyame sthn enithta 1.4.3. Leitourgeb ston krufi g,ro tou VQ-GAN me an’lushm; m; (h
gambhliterh an”lush ).

Super-Resolution  Metasghmatist ¢ AKatA thn ekpabdeush tou Super-Resolution Metasghmatist
egei oloklhrwjeb h ekpabdeush tou BasikoO Metasghmatist O Super-Resolution Metasghmatist ¢ ebnai
enaMaskGST, me an’lushm, m; ston krufi q,ro . EpBshc uprgei mia tropopobhsh sthn ebsodo

Dedoménwn twn optik,n sumbilwn uyhl ¢ an’lushc (HR) Z = fZ3;Z5;::5Z0g (Zi 2 R™2 M2 ) pou
kwdikopoioOntai mésw tou antDstoiqoUQ-GAN, twn glwssik,s sumbilwn T = fTy;To; 5 Tag (T, 2 RN 9)
kai twn optik,n sumbilwn gamhl ¢ an”lushc  (LR), Z'R = fZ}R;z5R ;0 ZR g (ZFR 2 R™ ™ d)) sgh-
matDzoume thn ePsodo Buper-ResMetasghmatist ipwc fabnetai sthn Eikina 1.4.10. Ta optik™ sOmbola
Z 2 R" M2 M2 djgoped nontai se mia akoloujpaz® 2 R" (Mz2m2) d_ Sthn sunéqeiag touc efarmizetai
tugaDa m"skaipwc sto MaskGIT, ste na metatraoOn sta Z 2 R" (M2 m2) d_Tg gamhl ¢ an’lushc optik™
sOmbola isoped nontai kat™ twn Bdio tripo kai pairn"ne api mia seir” Auto -Strwm’twn (ipwc gPbnetai kai
sto MUSE[4]). Teloc, ta HR optik™ sOmbola pou touc éqei efarmosteD mskaa glwssik™ sOmbola kai ta
paragjénta LR optik® sOmbola sunen nontai gia na sghmatBsoun tonput; = (Z;; Ti; Z-R ). H eBsodoc tou
Metasghmatist mporeb na grafteb wc ex:c

Input = flnput ;s Input ,g 2 RM (M2 mz*l+mama) d (1.4.10)

ipou | ebnai to m koc twn glwssik,n sumbilwn kai d h kruf di“stash tou Metasghmatist
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Figure 1.4.10: Hebsodoc tou MontelouSuper-ResThesghmatbzetai sunen nontac teHigh-Resolution(HR)
optik™ sOmbola me ta glwssikO sOmbola kai ta_ow-Resolution(LR) optik™ sOmbola, pou éqei probléyei to
basiki montelo

1.4.7 Apiplexh Qarakthristik,n ston Krufi Q,ro

Me skopi thn beltbwsh thc paragwg ¢ twn garakt rwn protebnoume mia tegnik pou epigeireDb na apopléxei
ta garakthristik™ pou antistoigoOn se garakt rec api ta upiloipa  , ston krufi g,ro . H tegnik mac peril-
amb™nei thn tropopobhsh tol/Q-GAN gia na prostejePb mia epipléon diakrit biblioj kh dianusm™twn .

Kwdikopoiht ¢ kai Apokwdikopoiht ¢ tou VQ-GAN

'Opwc déignoun oi eikined..4.11a and 1.4.11b,0 Kwdikopoiht ¢ kai o Apokwdikopoiht ¢ paraménoun Bdipi
ipwc sto paradosiaki VQ-GAN.

Kbantismic me dOo biblioj kec dianusm™twn KrufoO Q rou

AntD na grhsimopoi soume mPa biblioj kh dianusm™twn ston Krufi Q ro, ipwc sto VQ-GAN, grhsimopoioOme
dOo ePackground 5 RK D |aj gthar 2 RK D ipou meK sumbolDzetai o arijmic twn diakrit,n dianusm“twn
se K’je biblioj kh kai me D h diastatikithta twn dianusm™twn . H diabsjhsh pPsw api aut thn idéa ebnai iti
to ebackground Ly dikopoieP qarakthristik™ (features) pou antistoiqoOn sto finto twn eikinwn kai to "
garakthristik™ pou antistoiqoOn stouc qarakt rec . H diadikasPa kbantismoO fabnetai sthn Eikirfa4.11c.

MPa eikinax 2 R® N N pernei pr.ta api ton Kwdikopoiht ste na metatrapéi sto zo 2 R® © 1.
Efarmizoume énaD-di"stato fBItro  fpackground SO Zo gia ha proume toz; = fpackground (Zo). Sthn sunégei
kbantBzoume tz; sOmfwna me tePackeround | antikajistintac kajena apita (% 1) dianOsmatgkajena éqgei
D diast"seic) me to kontiniteri tou sthn biblioj kh . To apotélesma tou kbantismoO ePnai @ackground 2

N N

RC T T,
Parimoia, qrhsimopoioOmai éna “lloD-di’stato fBItro  fchar gia na proume toz, = fepar (20). Met™ kban-
N

tbzoume ta,; me b’sh to e kai pabrnoume taghs 2 R o

Sundu”zoume tazchar Kai Zpackground Qrhsimopoi ntac mia M“ska Fintou (background mask). 'Estw M 2
R™ * h Mska Fintou me:

Mf}“kg"’“”d _ 0 ifthe (i,j) region in the original image belongs to the foreground (1.4.11)

1 if the (i,j) region in the original image belongs to the background
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(b) O Apokwdikopoiht c tou VQ-GAN meénei
(@) O Kwdikopoiht c tou VQ-GAN meénei Bdioc epbshc bdioc

(c) TropopoioOme to st'dio tou kbantismoO, prospaj,ntac na petOgoume apiplexh garakthristik,n

Figure 1.4.11: TropopoihmenovVQ-GAN gia apiplexh garakthristik,n
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'Opou periogéc mia eikinac me garakt rec jewrebtai iti an koun sto prosk nio (foreground), en, periogéc

qwrBc qarakt rec an koun sto finto  (background). Prob’loume to M backaround g g background 5 R §
se Nbackgrond 2 RD ¥ ¥ telik anaparstash thc eikinac ston Krufi Q.ro sqghmatbzetai wc ex ¢

- background
Z = Zpackground M g *+ Zchar M background (1.4.12)

Dhlad , gia tic periogéc pou an koun sto finto , grhsimopoioOme ta dianOsmata t@ackground , €N, gia
periogéc pou an koun sto prosk nio ta dianOsmata touzgsr . TO z mporeb an dojeb ston Apokwdikopoiht
gia na par’xei thn anakataskeuasmenh eikina

'Opwc fabnetai sthn Eikina 1.4.11c,t0 zcher pern” kai api ena Neurwniki DBktuo enic epipédou Auti to
dbktuo pabrnei thn isopedwménh ékdosh g , Zhar 2 RP T 1 kai dPnei tic pijanithtec kl"sewn gia
ilouc touc basikoOe garakt rec tou Dataset (9 gia to Pororo-SV). EkpaideOoume to mikri auti dbktuo me
mba sunj kh taxinimhshc pollapl,n etiket,n (multi-label classi cation loss), grhsimopoi, ntac tic anaforéc
stouc qarakt rec stic glwssikéc perigraféc wec  ground-truth etikétec. O skopic autoO tou diktOou ePnai
na d,sei epipléon ergjisma sthn " kat™ thn ekpabdeush Epilégoume éna rhgi dbktuoelpbzontac iti
auti ja exanagk'sei thn biblioj kh dianusm™wn na apopléxei (disentangle) ta kruf” garakthristik™ pou
kwdikopoioOn diaforetikoOc garakt rec.

Diagwrismi Proskhnbou -Fintou

Gia ton diaqwrismi ProskhnbotFintou grhsimopoioOme toGradCAM [31], me ton tripo pou protePnetai sto

[3]-

Tropopoi seic ston Metasghmatist

O Metasghmatist ¢ pou grhsimopoioOme se sunduasmi me aut thn méjodo ePnai polO parimoioc me autoOc

pou égqoume suzht sh dh me k“poiec mikréc tropopoi seic

Ekpabdeush  'Opwc ePpame sthn Enithtd.4.3, afoO aporrByoume to keimeniki komm’ti api thn éxodo tou
Metasghmatist pabrnoume to ex c apotélesma

Output = fOutputy;:::; Output,g 2 R" (Mm) d (1.4.13)

Meqri t,ra grhsimopoioOsame &na monadiki grammiki metasghmatisrgia na metatréyei tic exidouc se pi-
janithtec  (logits), pou tan arketi gia na probléyoume ta optik® sOmbola ston krufi g,ro tou prwtitupou
VQ-GAN.

Wstiso , grhsimopoi ntac to tropopoihméno VQ-GAN, me dQo biblioj keg grei“zetai na probléyoume thc
pijanithtec gia touc garaktrec (Character Logits), tic pijanithtec gia to finto (Background logits) kai
thn M“ska Fintou (Background Mask)

Prokeiménou na to petOgoume auti grhsimopoioOme treic grammikoOc  metasghmatismoOc
To _Char _ Logits ; To_ Background _ Logits ; To_ Mask . 'Opou

y"@ = To _Char _ Logits (Output) 2 R" (M m*H K
ybackground - — 16 Background _ Logits (Output) 2 R" (M m*H K (1.4.14)
y™ask = To Mask (Output) 2 R" (Mm+DH 1

H sunj kh ekpabdeushc ebnai

L = Lehar + Lbackground + Lmask ; (1.4.15)

ipou:
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1.5. Peiramatiki Méroc

X
Lenar =  E[ log p(yichar iYm)l

8i2[L;N I;m;=1;m i"ac‘(;’("“"d =0
back d .
Lbackground = E[ log p(yi ackgroun iYu )l (1.4.16)
8i2[1;N J;m; =1 ;m Packoround =

— mask . background
Lmask - I—CE (y M grou )

To Y touc dePkte¢indices) gia ta dianOsmata stoz, ipou to z dPnetai api thn exDswsBquation 1.4.12,en,
Yy ePnaito Bdio met” thn efarmog mask,sOmfwna me to prigramma toMaskGIT. Shmei,noume iti h tugaPa
m’ska M ePnai diaforetik api thn M“ska Fintou , M bPackground | . ePnai h Sunj kh tOpotMaskGIT gia
tic periogec me Qarakt rec stic eikinec. Lpackground €Pnai h antistoigh sunj kh gia tic periogéc fintou .
Lmask €Pnai h eteroentropPa metaxO thc problepimenhc kaighmund-truth M“skac Fintou .

Kat” ta “lla to montélo ménei Bdio me to arqgiki macMaskGST.

Sumperasmic Kat™ ton sumperasmi grei“zetai na probleyoume thn M“ska Fintou , ta logits twn Qarak-

t rwn kai ta logits tou Fintou . Xekin"me par"gontac thn M“ska Fintou . Auti to k'noume me eéna monadiki
pérasma api ton Metasghmatist . Gia auti to pérasma, ila ta optik® sOmbola sthn eDsodo ebnai antikat-
esthména me M“ska Pabrnoume thn éxodo ipwc perigr-fetai api thn exDswsh.4.13. Teéloc, sghmatbzoume
to (To_Mask (Output)) 2 R™ ™ ™ ipou to sOmbolo (:) anaparist™ thn sigmodd (sigmoid) sun’rthsh .

H M’ska Fintou problépetai wc ex ¢ :

M_background _ 1 if (To_Mask (Output))i;j;k 0:5

ik 0 if (To_Mask (Outpul)ix < 0:5 (1.4.17)

AfoO probléyoume thn M’ska Fintou , k’noume Epanalhptiki, Par’llhlo Sumperasmi , imoia me to
MaskGIT. H minh diafor” einai iti se kK'je b ma problepoume ta logits twn Qarakt rwn kai ta logits tou
fintou . Sghmatbzoume ta enidBgits se auti to b ma san:

Logits iE?j;a:(ckground if Mil_a_?ckground =1

Logitsjjk = k ) i
gItS;jik LOgItSﬁ?(ar if Mil;}i(ckground =0

(1.4.18)

1.5 Peiramatiki Méroc

1.5.1 Org'nwsh twn Peiram“twn
K.dikac

'Oloc o k,dikac mac éqgei anaptugjeb séPyTorch. O k,dikac gia to MaskGIT basbsthke se mia ulopobsh
anoiqtoO k,dika gia to MUSE?. Gia to VQ-GAN grhsimopoioOme thn prwtituph ulopoBhsh api toTaming
Transformers [8], pou diatDjetai sto github?. Gia ton kwdipoiht BPE grhsimopoi same thn kI’sh Tokenizer
pou parégetai api to Hugging Face'.

Perib’llon Ekpabdeushc

'Ola mac ta peirmata pragmatopoi jhkan sthn dom ARIS, tou GRNET. Sugkekrimena gia kje pebPrama
grhsimopoi same mba monadik k'rta grafik, nNVIDIA V100-16GB.

Lhttps://github.com/lucidrains/muse-maskgit-pytorch
2https://github.com/CompVis/taming-transformers
3https://huggingface.co/learn/nlp-course/chapter6
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SOnolo Dedoménwn

Pororo-SV  To basiki SOnolo Dedoménwr(Dataset) gia thn OptikopoPhsh IstorDagsthn bibliografba ebnai
to Pororo-SV, pou prot’jhke sto [18]. Basbzetai sthn paidik seir” kihouméenwn sgedbvilfororo the Little
Penguin". Periégei 15,336istorbec sunolik™. K'je istorba apotelebtai api 5 eikinec me tic antbstoigec peri-
graféc. Akolouj ntac touc [20], udojetoOme éna qwrismi mM®191/2334/2208istorDec train/validate/test
(ekpabdeushepikOrwshé exétashd. To Dataset periégei9 epanalambanimenouc Qarakt rec

Metrikéc gia thn Optikopobhsh Istorbac

Akolouj ntac touc  [20], udojetoOme tic pio diadoménec metrikéc gia thn OptikopoPhsh IstarE&mai oi ex ¢

FID pou sukrbnei thn katanom thn qarakthristik n (features) metaxO twiground-truth kai twn paragi-
menwn eikinwn Gia thn exagwg twn garakthristik,n grhsimopoiebtai éna proekpaideumenimception
v3.

Character-F1  pou pgsotikopoieE) kat™ piso to montélo par°gei touc epijumhtoOc Qarakt rec stic

eikinec. QrhsimopoioOme énan proekpaideuméno taxinomht pou anagnwrbzei thn parousba twn garak-

t rwn stic eikinec kai upologbzoume to F1-Score an"mesa sta apotelésmata touc taxinomht gia tic
eikinec mac kai sticground-truth anaforéc twn perigraf,n .

Character-Accuracy  pou leigourgeb ipwc toCharacter-F1, apl,c upologbzei thn akrbbeigAccuracy).

BLEU-2/3 pou grhsimopoieD &na montélo upotitlisma@aptioning) bBnteo gia na par™xei mia glwssik
perigraf gia kje paragimenh istorba (pent"da eikinwn) kai gia thn antbstoigh pragmatik (ground-
truch) pent’da. Sthn sunéqgeia sugkrbnei tic perigraféc me b“sh thn metrik BLEU.

1.5.2 Peir'mata Argitektonik c
Kwdikopobhsh Eikinwn . VQ-GAN

Sta argik” st"dia peiramatismoO dokim"same&/Q-GANs me par"gontec sumpBeshd =4,f =8 andf = 16,
pou antistoiqoOn se anaparast’seic ston krufi g,ro me an’lush 16 16,8 8 and 4 4 respectively
(ilec oi eikinec égoun an’lush 64 64). Oi diast’seic thc biblioj khc dianusmtwn KrufoO Q.rou pou
grhsimopoioOme &in&a28 256 Dhlad 128 diakrit” dianOsmata me di"stash256to kajéna . 'Ola ta montéla
egoun 35M paramétrouc

Katal xame iti metaxO twn tri.n peript,.sewn aut pou kalOtera sunduazitan me touc Metasghmatistéc
tan aut me f = 8 (an’lush 8 8 gia thn kruf anapar"stash ). H uperoq autc thc perbptwshc se
sgesh me tic “llec tan shmantik se ilec tic metrikéc kai idbwc sto FID. Upojétoume iti auti éqgei na k™ nei
me thn leptoméreia twn kruf,n anaparast’sewn, an“loga me thn sumpbesh pou upikeintaiPr'gmati, iso
megalOteroc ePnai o par"gontac sumpbedisp pio "gontrokommeéraja ebnai ta garakthristik® (features)
pou kwdikopoioOn ta diakrit™ optik™ sOmbola tou VQ-GAN, afoO megalOtero meéroc the eikinac ja prépei na
kwdikopoihjeD api éna mino sOmboldJpojétoume iti to VQ-GAN mef = 8 petugaPnei thn idanik isorropPa
iswn afor” ta optik® sOmbola , ,ste na ePnai kat'llhla gia na ta probléyei o Metasghmatist ¢ api keBmeno.
Api ed, kai péra , sta peirmata grhsimopoioOm¥Q-GAN me an’lush8 8 sthn kruf anaparstash

MaskGST

'Opwc anaférhke sthn Enithta 1.4.3 to MaskGST apotelebtai api dOo Plrh Str.mata , akoloujoOmena
api k“poia Auto -Strmata . Gia auti to pebramaepiléegoumed4 Auto-Str.mata (6 sunolik™ str,mata gia

ton Metasghmatist ). To montélo ePnai imoio me to par’deigma thc Eikindc4.7. H kruf di"stash ebnai

d = 1024. To mégejoc tou lexilogbou kat™ thn BPE-kwdikopoBhshygcap = 2500. O arijmic twn kefal,n
Prosoq ¢ ePnainpeags = 8. O metasghmatist ¢ €qei70M parametrouc kai to sunoliki montélo, mazb me to
VQ-GAN &qei105M parameters. EkpaideOoume g200Epogéc me rujmi mijhshclr =5e 3. 'Opwc dePgnei o
pPnaka®.6,to MaskGST xepern™ prohngoOmenec argitektonikéGAN se ilec tic metrikéc. EpBshc plhsi“zei
tic prongoOmenec douleiéc me Metasghmatistéc xepern ntac tec €haracter Accuracy.

QrhsimopoioOme auti to montélo san thn gramm anafor’c mgbaseline). 'Ola ta epimena peir'mata gtBzoun
p’nw se aut thn idéa me diaforetikoOc tripouc. Shmei ,noumeepBbshc iti an den anaféretai diaforetik™ oi
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uperpar'metroi paramenoun Bdiec kai sta epimena peir'mata

MaskGST-SV

Sthn Enithta 1.4.3 perigryame to MaskGST-SV wc éna montélo pou xekin™ me dOo Pl rh Str,mata pou
proairetik™ akoloujoOntai api k'poia Auto -Str,mata , ta opoPa akoloujoOntai apo k“poia SV-Str,mata ,
pou, téloc akoloujoOntai proairetik™ api k’poia akima Auto  -Str mata . Peiramatizimaste me treic diafore-
tikec diat"xeic pou fabnontai sthn Eikina 9.2.1.

H ditaxh (a) (Eikina 9.2.1a) apotelebtai api 2 Plrh Str,mata , akoloujoOmena api 2 SV-Str.mata ,
akoloujoOmena api4 Auto-Strmata . H di‘taxh (b) (Figure 9.2.1b) apotelebtai api 2 Plrh Str,mata
akoloujoOmena api 2 Auto Str,mata , akoloujoOmena api2 SV-Str,mata , akoloujpOmena api2 Auto -
Str,mata . Teloc, h ditaxh (c) (Figure 9.2.1c) b"zei sthn seir” 2 Plrh Str,mata , 4 Auto-Str,mata , kai 2
SV-Str,mata . EPnai faneri iti kai oi treic enallaktikéc grhsimopoioOn 2 PIrh Str,mata , 4 Auto -Str,mata
kai 2 SV-Strmata . All"zei h jéesh twn SV-Strwm™twn . Xekin ntac api thn pr. th proc thc trbth di'taxh
ta SV-Str,mata metakinoOntai api thn arq proc to téloc thc paragwgik ¢ diadikasbac .

Oi loipéc uperpar'metroi menoun Bdiec me M daskGST (d = 1024, Nygcap = 2500, Npeags = 8. Ir =5e 3,
Nepochs = 200).

Ta peir'mat™ mac debgnoun iti oi diat"xei¢a) kai (b) belti,noun ta apotelésmata se sqesh me to sumbatiki
MaskGST. Antbjeta, h di"taxh (c¢) dbnei shmantik™ geiritera apotelesmata akima kai api to MaskGST.
Leptomer apotelesmata fabnontai ston Pbnak®.1. Sumperabnoume iti h gr st8V-Strwm™twn mporeb na
enisqOsei thn apidosh tou montéloy all® pabzei shmantiki rilo poO ja topojethjoOn stn paragwgik
diadikasbPaTa apotelésmat™ mac upodeiknOoun iti den prépei na topojethjoOn sto téloc tou Metasghmatist .

To T5-XXL wc kwdikopoiht ¢ keiménou

Gia na peiramatistoOme me T&-XXL[24] wc kwdikopoiht keiménou grhsimopoioOme MaskGST, qwrbc ta
dianOsmata léxewitext embeddings). AntD aut.n, pabrnoume mba kwdikopobhsh gia k’je glwssik perigraf
pern ntac thn mésa api éna proekpaideuméno montés-XXL kai grhsimopoi,ntac tic teleuta’iec kruféc
katast"seic antb dianusm™twn léxewn gia ton Metasghmatist mac 'Opwc fabnetai ston PPnak&.3 (MaskGST
w/ T5-XXL), aut h proseggish den belti,nei shmantik™ kamba metrik se sgésh me to sumbatikMaskGST.
PisteOoume iti auti ofeDletai sto gegonic itito  T5-XXL den égei ekpaideuteD sto s,ma keimén@orpus)
twn perigraf n tou Dataset pou grhsimopoioOme\uti to  corpus gei imwec idiaiterithtec, ipwc ta onimata
twn Qarakt rwn pou den apoteloOn pragmatikéc Agglikéc Iéxeic (p.q. Pororo, Crong kip ). Upojétontac ,
iti gia tétoiec léxeic to T5 den kataférnei na sunjesei ekfrastikéc anaparast™seic , ebnai logiki to iti den
ebnai kal” ta apotelésmatg afoO autéc oi léxeic ePnai oi shmantikiterec gia thn sOnjesh twn eikinwrsthn
perbptws mac

Ep“uxhsh Glwssik,n Dedoménwn meésw tou ChatGPT

QrhsimopoioOme t€hatGPT 3.5 mésw touAP| pou parégei hOpenAl gia na epaux soume tic glwssikéc
perigraféc tou Dataset. Gia kaje istorDa (seir” api 5 perigraféc), dbnoume st6hatGPT thn perigraf tou
rilou tou we bohjoO gia thn epaOxhsh dedoménwakoloujopOmenh api tic 5 perigraféc. To akribéc m numa
rilou pou dbnoume sto montélggia to Pororo-SV) paratbjetai sthn Enithta 9.2.5. Oi prwtitupec perigraféc
thc istorbac dbnontai sto montélo sthn parak™tw morf :

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

agrwNE

To montélo pou grhsimopoioOme gia to peBrama ePnai imoio MastaGST tou arqikoO peirmatoc H minh
diafor” ebnai iti kat™ thn ekpabdeush epilegoume tugaba an"mesa sthn prwtituph perigraf kai aut pou egei
paragjeD apo toChatGPT gia k’je deDgma ekpabdeusbe k'je epoq . Kat™ ton sumperasmi grhsimopoioOme
mino tic prwtitupec perigraféc .
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'Opwc fabnetai ston pbnaka 3, auti to peBramaMaskGST w/ aug. captions) petugabnei beltiwmena apotelées-
mata se sqgésh me to sumbatikiMaskGST se ilec tic metrikec, me exabresh tic metrikdLEU, an kai ekeb
den ebnai meg’lh h diafor"Upojétoume iti auti to apotélesma epibebai_ nei iti h epaOxhsh twn keimenik n
dedoménwn ekpabdeushc prostateOei to montélo api thn upersarmog (over tting) kai to bohjei na es-
ti"sei perissitero se shmantikéc énnoiec (p.q. onimata Qarakt rwn ), parégontac enallaktikec perigrafec
gia kK'je eikina .

Kajod ghsh Qarakt rwn

Gia na diex"goume auti to pePrama grhsimopoioOmMaskGST (ipwc sto argiki pePramg kai prosjétoume
2C, DianOsmata Qarakt rwn (éna Jetiki kai éna Arnhtiki gia kje Qaraktra ), ipwc analOsame sthn
Enithta 1.4.3.

Kat™ thn ekpabdeush jétoume thn pijanithta apirriyhc thc keimenik ¢ perigrafc se  20% dhlad apor-
rbptoume teleBwc thn perigraf sto 20% twn deigm™twn ekpaPdeushse k'je epoq kai ta antikajistoOme

me éna di'nusmgNULL]. Gia aut™ ta deDgmatao Metasghmatist ¢ problépei ta optik® sOmbola sta opoba
éqei efarmosteD m"ska basizimenoc mino sthn Auerosoq metaxO optik,n sumbilwn kai sta DianOsmata
Qarakt rwn . To upiloipo 80%twn deigm“twn ekpaPdeushgrhsimopoioOntai tiso oi glwssikéc perigraféc ,
iso kai ta DianOsmata Qarakt rwn wc sunj kec .

Kat™ ton sumperasmi sghmatbzoumegits, upo sunj kh keiménoy " kai logits, upi sunj kh Dianusm™twn
Qarakt rwn char . Ta telik™ logits dPnontai api ton tOpo = (1 ) + f* char . QrhsimopoioOmdi = 0:2,
pou ebani sunepéc me thn pijanithta apirriyhc glwssik,n perigraf,n sthn ekpabdeush.

Ta apotelésmata gia auti to pebrama fabnontai ston pPnafa88 (MaskGST-CG,; ). 'Eqoume shmantik beltbwsh
twn apotelesm™twn se sgésh me to argiki peBramaH upijes mac iti h gr sh xeqwrist,n logits gia touc
Qarakt rec ja belti,sh thn paragwg twn Qarakt rwn epibebai,netai api thn shmantik beltbwsh twn Char-
F1 kai Char-Acc. Epiprisjeta , parathroOme beltbwsh kai stic upiloipec metrikeqFID kai BLEU-score).

Qr sh Arnhtik,n Upodebxewn

Se auti to pePrama grhsimopoioOme to Bdio montélo me to prohgodKaod ghsh Qarakt rwn ). Epoménwgc
den all’zei tbpota ison afor” thn argitektonik kai thn ekpabdeush . Auti pou tropopoiebtai ebnai to sq ma
sumperasmoC5e k’je epan’lhyh thc diadikasPac sumperasmo@pologDzoume téogits, upi sunj kh glws-
sik,n perigraf n kai to Arnhtik logits Qarakt rwn ("gz), ipwc perigrifoume sthn Enithta 1.4.3. Ta

telik™ logits (*) se k'je b ma upologbzontai wc exc ~ = (1+ ) f g5

Ta apotelésmata autoO tou peir'matoc fabnontai ston PPnak.3 (MaskGST-CG ). EPnai faneri iti h
Qr sh Arnhtik,n Upodebxewn égei jetik™ apotelesmata se ilec tic metrikec .

'Enac pio pl rhc tripoc na grhsimopoi soume thn ide™ twn Arnhtik,n Upodebxewn ebnai se sunduasmi me
(Jetik ) Kajod ghsh Qaraktrwn , me skopi na spr,xoume talogits proc touc epijumhtoOc Qarakt rec
kai makri~ api anepijOmhtou¢ se k'je eikina . Gia na to petOgoume auti sghmatDzoumeldaits (*) se
k'je epan’lhyh tou sumperasmoQO san sunduasmi tri_n anex’rthtwn om™dwn api logits: ", “char Kai

I char *
QrhsimopoioOme ton tOpo

=1 ) e t2F char F (1.5.1)

char

ipou f =0:2. Shmei,noume iti to “jroisma twn suntelest.n gia ta logits ebnafl f)+2f f =1.
Ta apotelésmata aut ¢ thc mejidou ePnai ston PPnakf.3 (MaskGST-CG ). ParathroOme iti o sunduasmjc
thc Kajod ghshc Qarakt rwn me thn Arnhtik Kajod ghsh ePnai prigmati wfélimoc . Fabnetai iti oi dOo

mejodoi enisqgOoun h mPa thn “lIh kai férnoun férnoun ilec tic metrikéc sto kalOtero epPpedo se sqésh me
ila ta prongoOmena peir'mata

Krit ¢ Sumbilwn Basisménoc stouc Qarakt rec

'‘Opwc perigriyame sthn Enithta 1.4.5, oKrit ¢ Sumbilwn (Token Critic) ebnai enac bohjhtikic Metasghma-
tist ¢ pou grhsimopoieD Auto-Prosoq metaxO twn optik,n sumbilwn kai Etero -Prosoq me ekpaideuimena
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DianOsmata Qarakt rwn gia na bg’lei we éxodo BajmoOc EmpistosOnhc gia ta Optik® SOmbglae kje
epan’lhyh thn diadikasBac sumperasmo® Metasghmatist ¢ pou grhsimopoioOme apotelebtai apbdiadogik”
Plrh Strmata (fabnetai sthn Eikina 9.2.2). Pabrnei san ebsodo thn éxodo ttMaskGST kai bg“zei sthn
éxodo énan arijmi metax® kai 1 gia k’je optiki sOmbolo (o bajmic empistosOnhc to). EkpaideOoume énan
Krit Sumbilwn me di"stash d = 512 kai arijmi kefal.n  npeags = 8. O paragwgikic Metasghmatist ¢
pou grhsimopoioOme ePani BaskGST imoio me ekéino tou argikoO peirmatocTo oloklhrwmeéno montélo
(VQ-GAN, MaskGST kai Krit ¢ Sumbilwn ) €geil39M paramétrouc

Ta apotelésmata tou peirmatoc fabnontai ston pbnak&.3 (MaskGST w/ Char-Attn T.C.). Blépoume ou-
siastik pt,sh twn epidisewn stic metrikéc , api thn gr sh tou Krit Sumbilwn se sqésh me to arqiki
pebramaMba pijan ex ghsh ebnai iti h gr sh Dianusm™twn Qarakt rwvn we monadiki sugkeBDmen@ontext)
gia ton Krit Sumbilwn ePnai anepark ¢ gia na probléyei bajmoOc empistosOnhc apotelesmatik®

AOxhsh thc eukrbneiac tou KrufoO Q,rou Qarakthristik,n

QrhsimopoioOmai tdaskGST api to pr,to peBPrama san basiki Metasghmatist (base Transformer). Auti
to MaskGST problépei optik® sOmbola se an’lush 8 8, grhsimopoi,ntac ton krufi g,ro enic  VQ-GAN me
f = 8. EkpaideOoume énan Metasghmatist pou problépei optik™ sOmbola se an’lush6 16, upi sunj kh
Dianusm™twn Léxewn(text embeddings), all” kai twn gamhliterhc an”lushc  (Low Resolution - LR) optik,n
sumbilwn pou problepei to basiki montélo .

O Super-ResMetasghmatist ¢ egei Bdiec uperparameétrouc me to argiki madaskGST (2 Pl rh Strmata
akoloujoOmena api4 Auti -Strmata , d = 1024, Nyocab = 2500, Npeads = 8, Ir = 5e 3, Nepochs = 200).
EpPshcipwe égoume peita LR optik™ sOmbola pern™ne api mi~ seir” Auto -Strwmtwn prin grhsimopoihoOn
api ton Super-ResMetasghmatist . Gia auti twn skopi grhsimopoioOntai 4 Auto -Str, mata me d = 1024 kai
Nheads = 8. O sunolikic arimic paramétrwn, sumperilamb™nontac toVQ-GAN, all” igi to basiki montelo
ebnal39M.

Ston PPnakad.3 (MaskGST w/ Latent Super Res.) fabnontai ta apotelésmata tou peir'matoc Aut h mejodoc
dbnei geiritera apotelésmata se ilec tic metrikéc se sqesh me tdaseline MaskGST fpr,to pebramg. Pis-
teOoume iti auti to eOrhma apoteleD epipléon apideixh gia tic parathr seic pou k’name sqetik™ me ta peir'mata
sto VQ-GAN sthn Enithta 1.5.2. 'Opwc eDgame parathr seh an”lush 8 8, sthn kruf anapar”stash ebge
me diafor” ta kalOtera apotelésmata, k'ti pou eDgame apodisei sto piso leptomer ePnai ta garakthristik”
(features) twn dianusm™twn tou krufoQ g,rou . Upojétoume, iti h uyhliterh an’lush (16 16) pou grhsi-
mopoieb t&uper-Resmontelo gbnetai uperbolik™ leptomer ¢ kwdikopoi, ntac lept™ garakthristik™ pou ebnai
dOskolo na antistoigistoOn apotelesmatik™ se pio gondrikéc glwssikéc énnoiec api to Metasghmatist .

Apiplexh Qarakthristik,n ston Krufi Q,ro

Gia auti to pePrama ekpaideOoume éna tropopoihr€rGAN me dOo biblioj kec diakrit,n dianusm“twn ston
krufi gq,ro , efhar ; ghackground 5 R128 256 jnwe perigr'yame sthn Enithta 1.4.7. To VQ-GAN kwdikopoieD
mba eikina me b"sh thn biblioj kh Qarakt rwn kai Fintou kai sundu”zei tic kwdikopoi seic grhsimopoi, ntac
thn M"ska Fintou .

Sundu“zoume toVQ-GAN me tic dOo biblioj kec me énan Metasghmatist ipwc perigr-fetai sthn Enithta
1.4.7. Oi uperpar'metroi tou Metasghmatist ménoun Bdiec me tou arqikd@askGST. H diafor” ePnai iti
éqoun treic grammikoOc metasghmatismoO sthn éxait na antistoigbzoun thn éxodo tou Metasghmatist
se logits Qarakt rwn , logits Fintou kai M"ska Fintou

Ta apotelésmata gia auti to peBramgPbnaka®.3 - MaskGST w/ latent space disentanglement)ebnai apogo-
hteutik” se ilec tic metrikéc . To FID anebabPneen, oi upiloipec metrikéc ellat,nontai , se sOgkrish me to
prwtitupo MaskGST (baseline). Upojétoume iti auti égei na k“'nei me thn poluplokithta thc montelopobhshc
gia ton Metasghmatist . Sugkekriména autic kalebtai na parametropoi sei tiso thn p (Zchar JT), iSO kai
thn p (Zbackground jT) (t0  anaparist” tic parameétrouc touc Metasghmatist kaito T thn anapar'stash twn
keimenik,n perigraf,n ). Dedomenou iti ta Zchar Kai Zpackground montelopoioOntai mésw diaforetik,.n ¢, rwn
anapar'stashc (diaforetikec biblioj kec dianusm™twn ) eBnabswc anéfikto gia énan Metasghmatist na m”jei
kai tic dOo katanoméc tautigqrona
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Sunduasmob Mejidwn

Mésw twn prongoOmenwn peiram”“twn entopPsame kpoiec uposgimenec iéewt thn enithta , axiologoOme

an oi mejodoi pou doOleyan kal™ anex"rthta mporoOn na sunduastoOn gia na enisqOsoun h mPa thn “llh kai na
feroun peraiterw beltbwsh. Sugkekriména up’rgoun treic méjodoi pou beltbwsan ta apotelésmata se sgésh
me tobaseline MaskGST:

" MaskGST-SV (cong b)

MaskGST me epaOxhsh glwssik,n dedoménwn
" MaskGST-CG (Kajod ghsh Qarakt rwn kai gr sh Arnhtik.n Upodebxewn )

Sundu”zoume tic parap”nw mejodouc se zeugria kai ilec mazBton PPnakad.2 sugkentr,noume ta apotelés-
mata gia aut” ta peirmata. Sumperilamb™noume kai ta apotelésmata twn epimérouc peiram“twn gia eukolba
sOgkrishc. ProkOptei iti o kalOteroc sundiasmic ebnai MaskGST-CG- w/ aug. captions. Sugkekriména
belti,nei to FID gia perissiterec api 3 mon“dec kai toChar-F1 gia sgedin 1 mon“da se sOgkrish me to
MaskGST-CG . To Char-Acc ménei idioAxbzei na shmeiwjeb iti tBLEU-score ebnai elafr,c geiritero api

tou MaskGST-CG .

1.5.3 Peirmata Uper -Paramétrwn
Uper -Par"metroi tou Metasghmatist

'Eqontac ft'sei sthn kalOterh argitektonik mac : MaskGST-CG- w/ aug. captions, pragmatopoioOme k“poia
mh exantlhtik™ peir"mata ison afor” tic uperparamétrouc . SugkekriménaexereunoOme thn epBdrash allag,n
sto mkoc (pljoc strwm™wn ) kaito pl'toc  (kruf di"stash ) tou Metasghmatist , sta apotelésmata.

O Pbnaka®.4 debgnei ta apotelésmata twn peiram™twnson afor” to m koc tou Metasghmatist . Krat'me
tic upiloipec uper -parameétrouc stajerec (h di"stash ePnaid = 1024) kai klimak,noume to m koc api ta 4
meqri ta 16 str,mata . ParathroOme iti h “uxhsh twn strwm”twn odhgeb se beltbwsh ilwn twn metrik n.

Ston PPbnakad.5, sugkentr,noume ta apotelésmata, iswn afor” ta peir'mata gia thn di"stash tou Metasgh-
matist . Gia aut” ta peir'mata krat"me ilec tic “llec uper -paramétrouc BPdiec kai poikPloume thn kruf di"s-
tash tou montélou api d = 768 to d = 2048. O arijmic twn strwm™twn ebnai Bsoc mé (2 Pl rh Str.mata
akoloujoOmena api4 Auto -Str,mata ). H aOxhsh thc di"stashc tou montélou sundéetai me beltbwsh se ilec
tic metrikéc. Sugkekriménao Metasghmatist ¢ me d = 2048 ePnai to kalOtero montélo mac

Meleth gia thn Kajod ghsh Qarakt rwn

Qrhsimopoi,ntac to kalOtero montélo mag, MaskGST-CG w/ aug.captions (d=2048), pragmatopoioOme mba
meléth p“nw ston par"gonta (f) thc Kajod ghshc Qarakt rwn  (ExPswsh8.3.8). Ta apotelésmata sunoyb-
zotai sthn Eikina 1.5.1. Oi kampOlec pou antiproswpeOoun tic Metrikéc pou sgetbzontai me tou Qarakt rec
éqoun to Pdio akrib.c sq ma EPnai aOxousec méqri fo= 0:6, en, mei_nontai elafr.c giato f =0:8. To
FID, api thn “lIh , mei,netai (belti,netai ) meéqri tof = 0:4 kai sthn sunégeia aux’netai gia tic dOo epimenec
peript,seic . Se diaisjhtiki epPpedq blépoume iti me thn aOxhsh tofi belti, noume thn paragwg twn Qarak-

t rwn . Auti ePnai anamenimenafou me thn "uxhsh aut , to montelo dbnei ilo kai perissiterh prosoq sta
logits twn Qarakt rwn se sgésh me ta logits pou basbzontai sthn keimenik perigraf. Belti,nontac touc
Qarakt rec , belti, noume kai thn sunolikh poiithta twn eikinwn , méqri k’poion bajmi, afoQ autob apoteloOn
basiki komm™i twn perissiterwn eikinwn . Auti exhgeb to gegonic iti h “uxhsh tou f meéqri k™poio shmebo
(f = 0:4) belti,nei kai to FID (poiithta twn eikinwn ). Wstiso , h peraiterw aOxhsh touf , éqgei arnhtiki
antbktupo sthn sunolik poiithta twn eikinwn , kaj,c dOnoume dusan’loga polO broc sta logits twn Qarak-

t rwn kai parameloOme taogits pou basbzontai stic perigraféc Tite to monteélo apotugq nei na kataskeu’sei
kommtia “lla kommtia sthn eikina, pou den sgetbzontai me touc Qarakt rec

Giaf = 0:4 pabrnoume ton béltisto sunduasmi metrik,n(68.32, 41.40kai 42.49 gia ta Char-F1, Char-Acc
and FID, antbstoigg. WSstiso , sthn prixh , brbskoume iti akima kai tof = 0:4 k"nei to montélo na afier, sei
uperboliki prosoq sthn paragwg twn Qarakt rwn , me arnhtik™ apotelesmata sthn sunolik poiithta thn
istorDag ligw thc ap leia thc sunog ¢ twn eikinwn . KrBnoume iti mé = 0:2 epitugq netai o kalOteroc
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Figure 1.5.1: Meléth tou par"gonta f sthn Kajod ghsh Qarakt rwn

sumbibasmiqtrade-o ) metaxO paragwg c twn Qarakt rwn kai sunolik_n poiithta thc IstorDac , se poiotiki
epbpedo

1.5.4 SOgkrish me ProhgoOmenec Tegnikéc

Se auti to shmebo sugkrbnoume ta montéla mac me prohgoOmenec teddda@tafor” ta GANSs, sugkrbnoume
me taStoryGAN [18], CP-CSV[36], DUCO-StoryGAN[20] kai VLC-StoryGAN[19]. EpBbshc sugkrbnoume me tic
dOo argitektonikéc tOpou Metasghmatis: VP-CSV [5] kai CMOTA[1]. Anaforik™ me ta montéla di"qushc,
up“rgoun treic prohgoOmenec tegnikeAR-LDM[22], ACM-VSG[10] kai Causal-Story[35]. H "mesh sOgkrish
me aut” ta montéla den ebnai dbkaédomeénou iti basbzontai st DM[28], pou ePnai prekpaideuméno se ena
ter"stio sOnolo dedoménwn me “fjonec upologistikéc upodomécEpipléon, apaitoOn polO akribi exoplismi
gia thn an"ptux touc . Endeiktik”, to AR-LDM grhsimopoief40 ] thn vVRAM pou grhsimopoiebtai sthn dik
mac doulei’ Wstiso , gia ligouc plhrithtac , sumperilamb™noume aut” ta montéla sthn sOgkrish pou knoume
Anaferimaste se aut™ xeqwrist™ sthn upoenithta  1.5.4.

O pbnaka®.6 sugkentr nei ta apotelésmata twn prohgoOmenwn mejidwn mazb me to basiki mac montélo
(baseline) MaskGST, kaj,c kai to kalOtero montélo mac MaskGST-CG , with d = 1024 and d = 2048.

'Opwc éqoume dh anaféreito StoryLDM kai to StoryGPT-V efarmizontai se mba paralagménh ékdoq thc
SV, ipou epaneilhmmeénec anaforéc stouc qarakt recantikajist,ntai me antwnumbec Gia autin ton ligo , h
"mesh sOgkrish mazP touc den ePnai efarmisimh

MaskGST-CG w/ aug. captions ( d = 1024) To montélo mac me = 1024 apodbdei kalOtera api
ilec tic prongoOmenec proseggPseic rGANs h Metasghmatistéc, se ilec tic metrikéc (gamhlitero FID kai
uyhlitera Char-F1, Char-Acc, BLEU-2/3). Eidik” stic metrikéc pou aforoOn touc garakt rec , h beltbwsh
ebnai shmantik Sugkekriménato Char-F1 aux'netai gia 3.6 kai to Char-Acc gia 7.7 mon"decse sqesh me
to prongoOmeno kalOterqVP-CSV). JewroOme iti h uperog tou montélou mac se autéc tic metrikéc mporeD
na apodojePse meg~lo bajmi sthn tegnik Kajod ghshc Qarakt rwn pou proteBnoume .

MaskGST-CG w/ aug. captions ( d = 2048) H diplasiasmic thc kruf c di"stashc se d = 2048
belti,nei ta apotelésmat™ mac se ilec tic metrikec . ldiabtera shmantik ebnai h mebwsh koD, to opobo
mei,netai kat™ 8.8 mon"dec sugkritik® me thn ekdosh tou montélou mg= 1024. Upojétoume iti o diplasias-
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mic thc kruf ¢ di"stashc af nei perissitero g.ro sto montélo gia na m’jei pio polOplokec kai leptomereBc
antistoigbseic metaxO léxewn kai optik,n garakthristik.n, pou égoun wc apotélesma eikinec uyhliterhc
poiithtac me perissiterec leptoméreiec. H ikanithta tou montélou na m’jei pio polOplokec anaparast'seic
kai na par“gei pio leptomerebc eikinec mporeb na exhg sei tic belti,seic kai stic “llec metrikéc Eidikitera ,
oi eikinec uyhl ¢ poiithtac ja apeikonBzoun beltiwménec ekdogéc twn garakt rwn Kkai ja par"goun kalOtera
skor BLEU, meésw tou upotitismoO twn paragimenwn eikinwn

SOgkrish me Montéla Di‘qushc 'Opwc gPnetai faneri api ton PPnaké.6, udojetoOn mino toFID
san metrik . Auti den ebnai eparkec gia thn Optikopobhsh IstorBadedoménou iti lamb™nei upiyin mino
twn poiithta K'je epimérouc eikinac . 'Oswn afor” to FID, ta trBa montéla di"qushc ePnai asunag,nista se
sOgkrish me ilec tic upiloipec proseggPseic Wstiso auti mporeb na apodojefioulsiston se énan bajmi -
sthn ektetaméenh proekpabdeus toudaj,c kai sta meg-la pl jh paramétrwn

1.5.5 Poiotik™ apotelésmata
PororoSV

Sthn Eikina 1.5.2 parégoume téssera paradeDgmata api istorBec eikinvapi to sOnolo epal jeushc tou
Pororo-SV. Gia K'je istorba parousi"zoume tic lez ntec, tic prwtitupec eikinec , tic eikinec pou par"gontai
api to CMOTA[1] kai tic eikinec api to montélo mac (MaskGST-CG w/ aug. captions (d = 2048)). Gia
autin ton skopi , grhsimopoioOmai to preekpaideumeérn®MOTA pou éqei dhmosieujeP etl, PragmatopoioOmai
mba poiotik sOgkrish me b"sh aut” ta poiotik™ apotelésmata

Optik Poiithta 'Oson afor” thn optik poiithta , eBnai emfanéc api ta paradebgmata iti to montélo mac
ebnai an,tero api to CMOTA. Gia par deigmasto p"nw -aristeri plabsio , h pr,th kai h teleutaba eikina , pou
kataskeu“sthkan api to CMOTA ebnai joléc kai anepark,c katanohtéc Antbjeta, sth dik mac perbptwsh
kai oi dOo eikinec periégoun anagnwrbsima antikeD(uanakt rec ). '‘Oson afor” tic treic endi"mesec eikinec,
autéc pou par'gei to CMOTA periéqoun merikoOc anagnwrbsimouc qarakt réd/stiso , akima kai se aut

thn perBptwsh oi eikinec mac ePnai polO uyhliterhc poiithtag me touc garakt rec na égoun shmantik™ pio
leptomereDc emfanDséjrq. ta m’tia tou Crong (tou pr'sinou deinosaOroy kai to r’'mfoc tou Pororo (tou
pigkoubno)).

Qronik Suneépeia 'Oson afor” sthn gronik sunépeia , parathroOme iti oi eikinec tou CMOTA
duskoleOontai na diathr soun stajeri finto kai sta 4 paradebgmata Eidikitera , eikinec api exwteriki
g,ro enall’sontai me eikinec api eswteriki g,ro . Gia par"deigmasto p"nw dexb p'ne] h pr,th kai h

teleut’ia eikina fabnetai na debgnoun éna gionismeno finten, oi “llec treic fabnetai na ebnai api eswteriki
g,ro . Antbjeta, to montélo mac kataféernei na diathr sei énan sqetik™ sunektiki finto stic perissiterec
peript,seic . Eidik™ sto p"nw dexb p“nel, h emf'nish tou dwmatbou diathrebtai exairetik™ sunep dNa shmei, -
soumeiti sto K'tw dexb p“nel , to montélo mac antimetwpbzei duskolbec sth sunépeia kai eidik™ sthn tétarth
eikina pou éqei “sqgeto finto , se sOgkrish me tic geitonikéc

Shmasiologik Sun~feia O iroc Shmasiologik Sunfeia anaféretai sto an oi paragimenec eikinec
ebnai sgetikec me tic antbstoigec lez"nteson afor” auti , to CMOTA fabnetai na antimetwpbzei idiabtera
probl mata stic peript,seic ipou anaférontai pollob garaktrec . Gia par'deigmasto Ktw -dexii p'nel,

h pr.th lez'nta anaférei touc Petty kai Loopy, all" dhmiourgeBtai mino oPetty. Sth deOterh lez'nta,
ipou anaférontai pollob garakt rec , h eikina tou CMOTA ebnai akatanihth Stic epimenec treic eikinec

to CMOTA kataférnei na dhmiourg sei touc perissiterouc anaferimenouc qaraktrec , an kai me gamhl
poiithta . AntBjeta, to montélo mac kataférnei na dhmiourg sei ilouc touc sqetikoOc garakt rec stic peris-
siterec peript,seic . Sto kKtw -dexii p™nel, auti isqQei gia ilec tic lez’'ntec . EPnai epPshc axioshmebwto
iti , sth deOterh eikina, kataférnei na dhmiourg sei polloOc garakt rec me exairetik poiithta , kaj,c kai to
kikkino autokbnhto pou anaféretai sth lez"nta

4https://github.com/yonseivnl/cmota
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Figure 1.5.2: Poiotik sOgkrish metaxO tou montélou ma@askGST-CG w/ aug. captions) kai tou
CMOTA[1] se tessera paradebgmata istori.n

1.5.6 Anjr,pinh Axiolighsh

Gia thn peraiterw diereunhsh twn poiotik,n apotelesm™twn mag diex’game mia ereunbasismenh se anjr, pinh
axiolighsh , me b"sh trba krit ria pou eqoun udojethjeb kai se prohgoOmenec doul§éc 19, 1],sugkrbnontac
to montélo mac me t€€MOTA [1]. Ta trba krit ria ebnai ta ex c:

" H Optik Poiithta , pou anaféretai sto kat™ piso oi eikinec ebnai optik™ euq’ristec , se antbjesh
me to na ebPnai joléc kai dusnihtec

" H Qronik Sunépeia sgetbzetai me to an oi eikinec ePnai sunepebc metaxCktatjotac éna koini
jéma kai sghmatbzontac mba istqr&atD na moi"zoun san pénte xeqwristéc skhnéec

" H Shmasiologik Sun“feia anaféretai sto kat™ piso oi eikinec antikatoptrBzoun tic antbstoigec
lez"ntec kai touc garakt rec pou anaférontai se autéc , me akrbbeia

H axiolighsh gbnetai me b“sh100 istorbec api to sOnolo epal jeushc tou Pororo-SV. K'je istorba axiolo-
gebtai api dOo diakritoOc gr stec Ta apotelésmata thc éreunac(Table 1.1) deignoun iti to montélo mac
uperegei me b’sh ila ta kritria , kti pou uposthrbzei kai ta posotik™ mac apotelésmata
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Krit rio Ours (%) | CMOTA (%) | Tie(%)
Optik Poiithta 78% 3% 19%
Qronik Sunepeia 66% 8% 26%
Shmasiologik Sun“feia | 64% 9% 27%

Table 1.1: Ta apotelésmata thc anjr,pinhc axiolighshc . SugkrBbnoume to montélo mdtaskGST-CG  w/
aug. caption (d=2048) (Ours) me toCMOTA, me b"sh trba krit ria. to Our(%) kai to CMOTA(%)
antistoiqoOn sta posost™ twn peript,sewn pou to kje montelo epilégetai kai api touc dOo gr stec , en
to Tie(%) antistoigeb stic upiloipec peript,seic .

B

1.5.7 An’lush QrhsimopoioOmenwn Pirwn
Piroi kat™ thn Ekp“ideush

QrhsimopoioOme perbpikai 107 rec antbstoiga gia na ekpaideOsoume touc Metasghmatistéc the 1024
and d = 2048, antbstoiqa se mEMVIDIA V100 (16GB). Auti antistoigeb se (36 hours) (16GB) = 576 (GB
hours) kai (107 hours) (16GB) = 1712 (GB hours) gr shc GPU, antDstoiga Gia sOgkrish gia to VP-CSV
[5] anaféretai iti grhsimopooOntai 4 NVIDIA A100 (40GB) gia 12 rec . Auti antistoigeD se (12 hours)
(4 40 GB) = 1920 (GB hours) gr shc GPU, gqwrbc na I"boume upiyin iti h A100 ePnai pio sOgqrwnGPU
api thn V100. To CMOTA [1] den anaférei gr sh pirwn kat™ thn ekpabdeush

Piroi kat™ ton Sumperasmi

Dedoménou iti pragmatopoi same sumperasmi tiso gia ta montéla maéso kai gia to CMOTA, sthn bBdia
GPU, mporoOme na k’noume mba dbkaih sOgRrisimontéla mac med = 1024 kai d = 2048 qgrei"zontai
34 lept” kai 94 lept” , antbstoiga gia na pragmatopoi soun sumperasmi gia tiQ208 istorbec tou sunilou
epal jeushc . Auti antistoigeP se 0.92sec/story kai 2.55sec/story. Gia thn Bdia ergasPwm CMOTA xodeOei
228lept” , pou antistoigeb se6.19 sec/story. EPnai faneri iti ta montéla mac ebnai shmantik™ pio apodotik™
api to CMOTA. Auti mporeb) se meglo bajmi na apodojeP sto sq ma sumperasmoO twn Metasghmatist,n
tOpou MaskGIT, pou par"goun poll” optik® sOmbola an™ b ma , se antbjesh me touc autdrofodotikoOc
Metasghmatistéc, ipwc to CMOTA, pou problépoun ta optik® sOmbola, énaéna

1.6 Sumper’smata kai Mellontikéc KateujOnseic

1.6.1 Sumper'smata

Se aut thn ergasPa diereun same thn gr sh Metasghmatist,n tOpou MaskGIT, gia thn OptikopoPhsh Is-
torbag gia pr.th for” . Ta apotelésmata magpou ePnai ta kalOtera pou éqoun epiteugjed di“forec metrikéc
apoteloOn apideixh gia axPa thc proséggis ¢ madson afor” thn  SV. ‘Allwste , anadeiknOoun iti tétoiec
argitektonikéc axbzei na diereunhjoOn peraitérw sto plabsio paragwgik,n ergasi,n upologistik ¢ irashc ,
genikitera .

Sugkekriménadhmiourg same to basiki mac montelMaskGST, basisméno stoMaskGIT, me epipléon mhganis-
moQOc EtéreProsoq ¢ , prokeiménou oi dhmiourghjebsec eikinec se k’je st'dio thc istorbac na ephre”zontai api
palaiiterec kai mellontikéc eikinec . Peiramatist kame me di“forec tropopoi seic thc argik ¢ argitektonik ¢

Arket™ api aut” ta peir'mata apétugan na prosféroun belti seic se sOgkrish me to basiki montélo . H gr sh

tou T5-XXL wc kwdikopoiht ¢ keiménou pijanin den ebnai béltisth ligw twn exairetik™ exeidikeuménwn peri-
graf,n keiménou tou sunilou dedoménwn matwn opoPwn oi onomasbec garakt rwn ebnai idiabtera asun jistec
Upoyiazimaste iti h prosp’jei” mac na ektelésoume aOxhsh eurkPneiac ston Krufi Q ro Qarakthristik n
apetuge diiti ta diakritik™ eikonosOmbola uyhl ¢ an’lushc ebnai polO leptomer gia ton Metasghmatist

na probléyei bsei apl,n protrop,n keiménou . 'Oson afor” ton Krit Sumbilwn Basisméno se Qarakt rec

pou sgedi"same pisteOoume iti apétuge epeid h sunj kh mino se dianOsmata Qarakt rwn den ePnai arket®
ekfrastik . Téloc, upoyiazimaste iti h prospjei” mac na pragmatopoi soume thn apiplexh tou g,rou twn
garakthristik,n twn garakt rwn api ta garakthristik™ tou fintou apétuge , epeid katelhxe na ePnai polO
polOploko gia ton Metasghmatist na to montelopoi sei .
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Api thn 7lIh pleur” , merik™ api ta peirmat™ mac edwsan elpidofira apotelésmata. H enswm“twsh SV-
strwm™twn ston Metasghmatist wfel jhse ilec tic metrikec , me to na antimetwpBbzei ila ta eikonosOmbola
kai ta kePmena miac istorDac wc mia suneq akolopga mia merBda thc dhmiourgik ¢ diadikasEReOteron
proteBname mia apl tegnik gia thn epaOxhsh keimenik,n dedoménex’rthta api tic eikinec , grhsimopoi,n-
tac enaLLM. Aut hidéa beltbwse ta apotelesmat™ mac mei,nontac ton kbnduno upgrosarmog c kai bohj,n-

tac to montelo na epikentrwjeb se shmantikec glwssikec énnoiedéeloc, h mejodoc Kajod ghshc Qarakt rwn
pou sgedi"same epedeixe ta pio elpidofira apotelésmata Me to na dhmiourgeb tria xeqwrist™ sunila logits,
éna b"sei sunjhk,n keiménoy éna me b’sh to jetiki sOnolo Qarakt rwn kai @na me b’sh to arnhtiki sOnolo
Qarakt rwn kai sth sunégeia na ta sundu”zei, kataférnei na kajodhgeb to montelo proc thn uyhl ¢ poiithtac
dhmiourgba garakt rwn diathr ntac tautiqrona kai “llec plhroforbec api tic lez"ntec

Sundu“zontac elpidofirec mejidouc kai prosarmog uperparamétrwn, ft’same sto kalOtero mac monteélo,
MaskGST-CG w/ aug. captions (d=2048). Auti to montélo , uperbabnei to prongoOmeno montélo Metasgh-
matist kat”™ 9,3, 11,8kai 12,8 mon"dec se sqesh me t&ID, Char-F1 kai Char-Acc antbstoiga Par” to
gegonic iti ebnai megalOtero api touc prohgoOmenouc Metasghmatistéebnai pio apodotiki gronik™ tiso
sthn ekpabdeush iso kai ston sumperasmi

1.6.2 Mellontikéc KateujOnseic

PisteOoume iti ta apotelésmat™ mac upodeiknOoun isqur” thn antagwnistikithta twn Metasghmatist,n tOpou
MaskGIT gia thn ergasba thc OptikopoPhshc Istori,n To érgo mac anobgei to drimo gia peraitérw peirama-
tismoOc me tétoiec argitektonikécebte me thn aOxhsh tou megéjouc twn montélwn, reBte me thn exereOnhsh
“llwn dunat,n tropopoi sewn . Epipléon, oi argitektonikéc tou MaskGIT egoun exetasteb sqetik™ IDgo akima
kai ston q,ro thc dhmiourgbac Eikinac api Kebmen@ext-to-Image). Elpbzoume iti to érgo mac mporeb na
enjarrOnei thn exereOnhs touc kai se auti ton toméa

Epipléon, h méjodoc mac gia thn ep’uxhsh glwssik n perigraf,n parégei éna eOkolo sth gr sh plabsio
gia thn emploutismi sunilwn dedoménwn pou perilamb™noun keBbmenmperilambanoménhall” igi perior-

istik™ , thc Optikopobhshc Istori,n kai thc Dhmiourgbac Keiménou proc EikinaEpipléon, kaj,c ta Meg’la
Glwssik™ Montela gbnontai perissitero diajésima , h méjodic mac ja mporoOse na epektajeD me thn exagwg
enallaktik,n lez’ntwn , grhsimopoi,ntac pollapl” LLMs, gia na epitOgei megalOterh eterogéneia wc proc tic
perigraféc keimenou

'Oson afor” th méjodo Kajod ghshc Qarakt rwn , jewroOme iti axDzei peraitérw éreunalpi th mPa pleur”,
mporeb na dokimasteb se diaforetik™ plabgiga thn ergasba thc Optikopobhshc Istori,n 'Enac pijanic tripoc

na gbnei auti ebnai na enswmatwjet{raeg’la) pro-ekpaideuména montélabte basisména se di"qush ebte se
Metasghmatistéc. Auti ja perilamb™nei thn prosj kh jetikoO kai arnhtikoO dianOsmatoc gia k'je garakt ra

sto montelo kai thn ekpabdeus tou me to sq ma ekpabdeus ¢ miaou oi sunj kec keiménou aporrbptontai
gia mia merbda twn deigm”twn ekpabdeuBletloménou iti 0 arijmic twn epipléon paramétrwn ebnai mikric
auti ja mporoOse na leitourg sei me sqetik™ IDgh epipléon ekpabdeuskne-tuning). Upojétoume iti o
sunduasmic kalOterhc katanihshc twn glwssik,n perigraf,n  (prompts), ligw makr'c proekpabdeushgme
thn apotelesmatik mac méjodo kajod ghshc garakt rwn ja mporoOse na par“gei entupwsiak™ apotelésmata
gia thn ergasba

Téloc, mia “lh pijan ereunhtik porePa ja mporoOse na ePnai h genBkeush thc mejidou Kajod ghshc Qarak-
trwn se “llec ergasbec. Eidikitera , opoiad pote gennhtik ergasba ipou endiaferimaste rht™ gia thn
dhmiourgba enic sugkekriménou sunilou énnoiW@arakt rec sthn perbptwsh thc SV) ja mporoOse ende-
gomenwc na epwfelhjeb api thn uiojéthsh miac tétoiac mejidou
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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 Al 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 Al from the scienti ¢ 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 ¢ task, which is arguably
under-explored compared to Di users, even in the task of Text-to-lmage 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:

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

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

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

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.

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

In Chapter 8 we provide a detailed review of our approach for the task of Story Visuazation.
In Chapter 9 we present the experiments that we conducted and comment on the results.

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 denot& = [s;;sy; ::}; St] the sequence of sentences
that form a story, X = [X1;X2;::;x7] the corresponding ground-truth images andX = [R1;X%; %Y ] the
corresponding generated images.

As the name implies, StoryGAN is implemented as a GAN. The main components of the model are:
" A Story Encoder
" A two-layer Recurrent Neural Network (RNN) based Context Encoder
~ An Image Generator
" An Image Discriminator

" 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 Stor$ to
a low dimensional embedding vectohg, which serves as the initial hidden state of the RNN Context Encoder.
The Story Encoder E (:) samples the vectorhg from a normal distribution hy  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 hg = (S) + 2(S)% 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 sentences; concatenated with isometric Gaussian noise, and
outputs the vector i;. Then, the Text2Gist takes in i; and combines it with the story context h; (initialized
by Story Encoder) to generate o; that will serve as input to the image generator. h; 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; into the multi-channel lter o; of sizeCo,y 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 theCo,; 1 1
len(h;)-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 image
matches the corresponding sentencs,. It does so by learning to discriminate between fake tripletsf s;; hg; g
and real triplets fs;; ho; X;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.

36



3.2. CP-CSV

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 ¢ 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 th& th layer

denoted aslfk are rst projected to the space of image features (denoted a$)) in the corresponding layer
through a Convolution F;. Then they are multiplied with the image features to aid with image generation:

P = Fr(l}) (3.2.1)

=15 plo+ I (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:

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

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

"~ 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 hg
from the Story Encoder. MART takes in word embeddings Wy = [ Wg1; Wk2; i Wi ], corresponding to the
image caption at each timestepk. It outputs contextualized embeddings, that are then pooled into a single
weighted representation ¢ using an attention mechanism. This procedure is supposed to let the encoder
capture interactions between words in an expressive way. The outputy is then passed into a GRU layer and
transformed into a Iter 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 imageX, then X 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:

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

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

" 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 {/ 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 sentencé& 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 feays is the average of all non-terminal nodes in the
upward path from saysto 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 vector; is computed for the j™ subregion of the image.
Then, an alignment score bep.;veen all subregionky if image xi and all words in the caption s is computed as
follows: Sworg (Xk; Sk) = log ( j=1 exp(cos(h,k ay ))), whereN is the number of image subregions. Finally,
the intra-story contrastive loss is given by the following formula:

ex Xk S|
Lword - |Og.— - p(sword( K k))

(3.4.1)
m=1 €XP(Sword (Xm ; X))

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.

35.1 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.

The Encoder learns to map anN N 3 image

into a latent representation 2 & % D, where

f is the downsampling factor andD is the number

of channels. TheVQ layer has an vector library

of D-dimensional embeddingse 2 R P, where K

is the size of the library (humber of embeddings).

When passed through the VQ layer, the output of

the Encoder is Quantized in the following manner:

every one of the & %) D-dimensional vectors in

) ) . the latent representation is substituted by its clos-
Figure 3.5.1: Overview of the VQ-VAE architecture  ggt vector in the embedding library according to the
[39] euclidean distance. Finally, the Decoder learns to

map the (- ¥ D)-sized quantized latent repre-

sentation that is outputed by the VQ layer back into RN N 2, j.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 = fs;;Sp;::1;Spg and learns to predict the Character TokensR = fry;ry;:::;rhg, that have
been computed o ine for the training set, as described in the previous section § is the number of frames
per story). The loss function under which the Transformer is trained is:

L = logp(rjs; ) (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 = logp(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 tokenst. 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:

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

~ 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

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 = fty;ty; i tmgandz = fz1;2,;:::; 2,0, the
text and image tokens respectively, the loss function

Figure 3.6.1: CMOTA's Bidirectional Transformer [1] Lj can be written as follows:

X1 -
Lit2i = INp; (Zwjta; i tm; 21,05 2 1)
k=1
. (3.6.1)
Lji ot = Inp; (tkjza; i zn;tes it 1)
k=1

Lj = Ljtai + 1ljiot

3.6.2 Context Memory

Figure 3.6.2: CMOTA's memory module [1]

Figure 3.6.2 shows how the memory state at timestep (M) is obtained. At rst, cross-attention is computed
between the current hidden state,Ht' 2 RTe 9 and the previous memory stateM; ; 2 R™ 9. (T.: number
of Tokens, Ty : number of memory states,d: hidden state dimension). Speci cally, the calculation made is:
St = attn (M 1;H¢;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:

My 1y = Attn (M 1M 20 M 2y)
M 1y =[Mt 1My i3 t 5) (3.6.2)
H{ = Attn (Htl;[Htl;M(t 1)];[Ht|;|\7r(t nl)

M 1) is the memory at time (t-1) and [1:(t-2)] refers to the concatenation from time 1 to (t-2). Att=2 M;
is used instead oftvf'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 themage-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

46



3.6. CMOTA

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:

xo

Lipt 21 = Inp; (zejfe; o fnszes o ze 1)
k=1

Li = Ljtai+ aljia+ 2Ljpt 2i

(3.6.3)

whereL;p 2i represents the additional loss with the augmented pseudo-texts anfirepresents a pseudo-text.

47



Chapter 3. Previous Work on Story Visualization

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 Diusion 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 datazg q(z) in T steps. The data, we are sampling ) 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:

. p_—
A(ztjze 1) = N(z; 1 tZe 1; tl)

_ 4 _ (3.7.1)
A(Z1:7j20) = a(zjz 1)
t=1

where ; 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:

(3.7.2)

Then the denoising proces$(:) can be parameterized as follows:

P (z 1jzx) = N(zt 1, (z;1); (z:1)
(3.7.3)

1
where (z;t) = p—(z Plti (zt:1))
t t

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 withE 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 length we denoteC = [¢; ;¢ ],

X = [xqg;:x ] and X = [%q; 52, ] the captions, ground-truth images and generated images. The model,
then estimates the posterior probability as follows:

\l
Par (X]C) = P(xjjR< ;C)
j=1

V4

P(Xjj (R¢;c ) (3.7.4)
j=1

p @ (D@ ;e )
j=1

wherep 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 wherdD (E(x))  x holds,
for an image x. 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 ; = (%4 ;c ;). Based on this,P(x;j®< ;C) in Equation 3.7.4 can be rewritten as

p (z([)J ]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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G = CLIP (g)
M =[BLIP (cy;%1);::BLIP (6 1% 1)] (3.7.5)
j =[G+ ¥ my + mYPe + mine ]

where m; denotes multimodal encoded features from previous captions and framescP® and m%P® are
text and multimodal type embeddings, respectively. m'™e 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 (z 1jzx) = N(zt 1, (z;1); (z:1)
(3.10.1)

1
where (z;t) = p—(z plti (zt:1))
t t

Zo, 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) = softmax (QPKFT)V (3.10.2)
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where Q = Wq f'\(Z), K =W f(y)andV = Wy f(y). f'\(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 S' and previously
generated framesZ', wherei 2 f0;::;m  1g, when generating the m-th frame. To achieve this, another
attention mechanism Attn (Q; K;V ) is used where:

Q= Wq f(S™);
K =Wk f(S™; (3.10.3)
V=w f(Z<)

wheref" aligns the dimensions of values with keys. The Memory-Attention modules weighs the relevance €,
which depends on the current text description againstK , that depends on previous descriptions and applies
this on the previous image representationZ<"™ . 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 frameZ™ is obtained using a the Frame Decoder (of a VQ-VAE). A transformer is used to
obtain a representation of the text description S™. 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

1
Catin = P f(Z™);f (S™); is performed followed by Memory-Attention Mai, = P f(Z%)if (S)if (SM),

i k=1 i
and the results are aggregated. So, the output of the Attention sub-layer in + Main . Starting from the

noise sampleZ" the output of the reverse di usion processZ{' 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. Le$ be
a text description, which referencesk characters that should be present in imager, fx1;::;;xK g be images
of those characters andfil;:::;iX g be the list of token indices that show the position of each character name
in the description.

CLIP's [23] text (CLIP 1) and image (CLIP ;) 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 embeddingof a description s is formed
as follows:

G = MLP (CLIP 1 (S[iX];CLIP | (x%))) (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 Diusion 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 agMg;::;; Mk g.
Then, a regularization loss term is introduced to encourage the cross-attention ma@\x for character k at
the token position iX, to follow the segmentation maskMy and avoid the region outlined by My, which is
irrelevant to the character:

1 X
Lreg = i (A AY) (3.11.2)
k=1

where:

A, = M; A; = M (3.11.3)

i (M) ij (M

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 wiill
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;:5 X 1;5h 1;Sn); 2 n N. For the images, visual embeddings are extracted via CLIP:
CLIP | (x;) 2 RY and mapped into the LLM input space using a linear transformation Wy 2 R% ™€, 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 4];:::; [IMG r] are introduced, along
with a trainable matrix Wgen 2 RR €. The rest of the LLM's parameters are frozen during training.

The training objective that is minimized is:

xR
Lgen = logp([IMG (]] Tprev s [IMG « ]) (3.11.4)
r=1

where:
Torev = f CLIP | (X<i )T Wy2i; CLIP 1(S1:) @, i 2 [2;1] (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,
Mapper.pm 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:

Laign = jj Mapperiom (Mive 1x) G ji3 (3.11.6)

Inference

Inference is performed autoregressively. At rst, the initial description s; is processed.R [IMG ] tokens are
produced by the LLM and utilized by the Char-LDM to produce the rst image R2R;. Subsequently, the LLM

usess; and ®; as input, along with the second captions, 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 representatiqixs; :::; Xn)
to a sequence of continuous representations z €z;;:::;z,). Given z, the decoder then generates an output
sequenceys; ::; 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 matricesKk 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:

T
Attention (Q; K;V ) = softmax (%‘Zj)v (4.1.1)
k

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 projectech 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(head;; head; :::; head,)W©° (4.1.2)
where:
head = Attention (QW. ;KW X ;v W) (4.1.3)

where the projections are matricesW,% 2 Rdmoder  dk WK 2 Rdmoser  dk WV 2 Rdmuer & gand WO 2
thv Amodel i
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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 Oiriginal 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 distributiong(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 RX P where K is the number of
categories in the categorical distribution and D is the dimensionality of each embedding vectoe;. As we can
see in Figure 5.1.1 the input x (an image) is passed through the encoder to produag(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 encoderz, is passed on to the decoder as
its input. We can calculate z; 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.

1 for k= argmin;jjze(x) §jj2

0 otherwise (5-1.1)

a(z = k;x) =

Zq(X) = ec;wherek = argminjjjze(X) gjj2 (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 tens@r2 R® N N
into the latent representation z, 2 RP T 1 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 embeddingse 2 RK P. Symmectically, the decoder takes in the result of the
quantization processzg 2 RC * ¥ and passes it through of sequence of upsampling blocks in order to map
it into the image space: R® 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 = logp(xjzg(x)) + jisalze(x)] &ji5+ jize(x) sglelii (5.1.3)

Since there is no gradient de ned for equation 5.1.2, the library of embedding vectorg, 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 ¢ towards the encoder

outputs z.(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]:

Lean (FE;G;Zg;D) =[logD(x) + log(1 D(&))] (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 g.g;z Maxp Ex px)llveo vae [E;G;Z]+ L gan (FE;G;Zg;D)] (5.2.2)

whereLyvq vae 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 256images 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:

" We nd the most frequent pair of tokens in the corpus
" We introduce a new token to the vocabulary that represents this pair of tokens
" We substitute all instances of the pair, in the corpus with the new token

65



Chapter 6. Transformers as powerful Prior Distributions

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 40 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 O 3 kernel. The model proposed by the paper actually uses

a mask corresponding to an 110 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 modelis 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 Itered 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-
nigque 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, namedlasked 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 factof is 16, that is a
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256 256image is mapped into a22 22 =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 =[y;IN, be the latent tokens produced by the VQ-encoder with an image as input andM = [m;],

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]). m; =1 denotes a masked token, while tokens wittm; = 0 are not changed.
The sampling procedure uses a scheduling function(r) 2 (0;1]. The procedure works as follows:

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

" d (r) Netokens are uniformly selected and masked

Let Yy, be the resulting token vector after applying maskM over Y

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

X
Lmask = E[ log p(yijYm )] (6.2.1)
8i2[1;N];m;=1

Essentially, the probabilities p(y;jYy, ) 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,\SIO). Then the algorithm in iteration t runs as follows:

~ Given the masked tokensY,\(At) at the current iteration, the probabilities p¥ 2 RN K for all masked

tokens are predicted using the transformer.

" At each masked location i, a tokenyi(t) is sampled based on the prediction probabilitiespi(t) 2 RK

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

The number of tokens to (re)mask is computed asn = d (%)N e, where is the mask scheduling
function, N is the total number of tokens and T is the total number of iterations.

We obtain the masked tokens for the next iteration Y,\;”l) , by applying the new maskM (t*) that is
derived by the following formula:

@ _ 1 if g <sorted;(g)[n] (6.2.2)

m; ~ 0 otherwise

where ¢, denotes the con dence score for the i-ith token.
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6.2. MaskGIT

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 functioif:), 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:

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

It needs to be monotonically decreasing with respect to r, with the property (0)! 1and (1)! O.
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 lterations

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 =[y;], are the latent tokens produced
by the VQ-encoder, from an image.M = [m;]\; are the binary masks for all tokens. Y,, be the resulting
token vector after applying mask M over Y. Given the masked tokens, we sampl& from p(YijYy ) (this is
the distribution parameterized by MaskGIT). Then, we form Y =¥ (1 M)+ Y M. Y is essentially
equivalent to substituting each one of the [MASK] tokens inY,, with the corresponding token predicted by
MaskGIT. Token-Critic is trained to minimize:

X
L=E[ BCE(m;p (mjj¥;0)] (6.2.3)
j=1

Where p (:) is parameterized by the Token-Critic. That is, Token-Critic is trained to predict the binary
Mask, by conditioning on Y and ¢, where ¢ 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" YI\5|01) (all tokens masked). At stept, we sampleY () using MaskGIT, i.e.:

wherep (:) is the distribution learned by MaskGIT.

Now, instead of using the logits that we used to sampleY () (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
sampleMisz p (M jY®;0) (p () is parameterized by the Token-Critic). M4+; 2 RN containsN 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 (256 256) images and generates a 16
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
ina 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 orb12 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 al6é 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. thd6 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 thes4 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§12 512 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: lterative 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 Il 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 "¢ (using text condition) and an unconditional logit *, (not using text condition).
the anl logits are computed as follows:

=1+ 1) Ty (6.3.1)

wheret is the guidance scale. Classi er Free Guidance intuitively trades of diversity for delity. Speci cally,
a higher value oft 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 {;) and away from the features encouraged by the negative
prompt ("), 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

(b) The latent image tokens can be decoded
(a) The images of a story are tokenized by the into the image space using the VQ-GAN
VQ-GAN encoder 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 storyX = fX;X5;:::; X0, we pass
them through the VQ-GAN encoder to produce the corresponding discrete latent tokensZ = fZ4;Z5;:::;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 storyTas fTy; To;:::; Thg .

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 = Z1;Z5;:::;Z,g(Zi 2 R™ ™ 9)andtexttokens T = fT1;To; 5 Thg(Ti 2 R 9),
for a story, we form the transformer's input as shown in Figure 8.3.1. The image tokenZ 2 R" m m d
are attened into a sequencez®2 R" (M ™M) d_ Then they are randomly masked, as inMaskGIT to obtain
Z 2 R" (mm) d_Finally, each image representation is concatenated with the text representation of the same
index to form Input; = (Z;;T;). The Transformer's input can be written as :

Input = flnputq;::; Input,g 2 R" (M m+h d (8.3.1)
78




8.3. Transformer Priors

where | 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 1 2 R™ 2 9 and a contextC 2 R" ¢ 9 the
output a Self-Attention sub-layer and a Cross-Attention sub-layer can be calculated, respectively as follows:

Self  Attention (1) = MultiHead ;(Q= 1)K =1,V =1)

. . (8.3.2)
Cross Attention (I;C) = MultiHead ,(Q=I;K = C;V = C)

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 R" (M m+1) d that corresponds to the

n image-caption pairs in a story. It reshapes its input into a representation2 R (" (m m)*n 1) d py 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
R (n(mm)+nl) d |t reshapes itinto an output 2 R" (M M+ d where each one of the(m m+1) 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.ghe) 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 = flnputq;::;Input,g 2 R" (M ™+ dinto an
output of the shame shape:

Output = fOutputy;::;; Output,g 2 R" (M m+1h 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 = fOutputy;:::; Output,g 2 R" (M m) d (8.3.4)
The output then undergoes a linear transformation to obtain logits:

y = Lin (Output) 2 R" (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 C,, extra Character Embeddings, whereC, is the number of main characters present in the
dataset (e.g. for Pororo-SVC, = 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 concatenateC,, 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 = flnput;::;Input,g 2 R" (M mM*1+Cn) d (8.3.6)

where: Input; = (Z;;T;;Ci) and C; = fposhar Ochar2T, anegd1ar Ochar2T,- POShar represents the posi-
tive embedding for character char, whereasneg:har represents the negative embedding for the character.
fpOshar Oehar2 T, IS the set of positive embeddings for the characters that are present in the current descrip-
tion (T;) and fneghar Oehar21, IS the set of negative embeddings for the characters that ar@ot 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™{)
is computed conditioning the generative process on text descriptions. The second set of logitScfar ) 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 ) e+ fenar; f2][01) (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 ¢ 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 (;c and “char ), We intro-
duced earlier, we compute a third set of logits ;. To compute "~ we completely drop text descriptions
from the transformer's input, as we do when computing ¢har . 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 f(g characters absent in
the description. That is, the character embeddings in the input are: C; = fneQchar Jchar2t;, T POShar Ochar 2T, -

In a sense’ &5~ is computed using the "complement' of the input that is used to generate “¢par . The nal
logits are now computed as follows:

=@ ) +2f char g F2101) (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 - 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 OpenAl 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 ¢ 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:

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

agrwbdE

This technique is closely related to the one emloyed in [9]. However in our case, domain speci ¢ 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 C, embeddings, one for
each main characterC, is the number of characters in the dataset). We train an auxiliary Transformer
(Token-Critic) that parameterizes p (:) under:

X
L=E[ BCE(mj;p (mM;jY;0)] (8.5.1)
j=1

where [m; ]J-N:l is the binary mask, used in the MaskGIT training process,Y =¥ (1 M)+Y M andc
(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: m; mjyandm,; my (Mg <my).

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 m; m; (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 (m, m;). 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 = fZ1;Z,;:::;Z,g (Zi 2 R™2 M2 9) predicted by the respective
VQ-GAN, the text tokens T = fT1;To;::Tag (T 2 R' 9) and the Low Resolution image Tokens,Z'R =
fZiR;z5R w0z g (zFR 2 R™ ™ d) we form the transformer's input as shown in Figure 8.6.1. The
image tokensZ 2 R" M2 M2 d gre attened into a sequencezZ®2 R" (M2m2) d Then they are randomly
masked, as inMaskGIT to obtain Z 2 R" (m2m2) 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 forminput; = (Z;;Ti;ZR). The
Transformer's input can be written as :

Input = flnput 1;::;Input ,g 2 R (M2 Mz*l+mama) d (8.6.1)

where| 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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(b) The VQ-GAN decoder remains the same,
(a) The VQ-GAN encoder remains untouched 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: 2
REN NI z2RP T 'fl, 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
RO © T 1 x2RENN

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:
ghackground 5 RK D gng gthar 2 RK P where K is number of discrete embeddings in each library and D
is dimensionality of the Latent Embeddings. The high-level idea is that e’2karound encodes features that
correspond to the background of an image, whereae®™ @ is concerned with character features. An overview
of the Quantization process can be seen in Figure 8.7.1c.

An image x 2 R® N N s rst passed through the encoder to obtainzo 2 R® * . We apply a D-
dimensional lter fpackgrounda t0 Zo and obtain z; = fpackground (Z0). Then we quantize z; according to
epackground ' py substituting each one of the (- ) vectors (each vector has D dimensions) by their closest

one in the library. The result of the quantization is Zpackground 2 RP T T,
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Similarly, we use another D-dimensional lter f.no to Obtain z, = fcnar (20). Then we quantize z, according

to e and obtain zehar 2 R® T T

We combinezchar and Zpackground  USING a background mask. LetM 2 R" ' be the background mask, with:

1 ifthe (i,j) region in the original image belongs to the background (8.7.1)

\ background 0 if the (i,j) region in the original image belongs to the foreground
i
Where regions with Characters are considered to belong to the foreground, whereas regions without characters
A N N
are considered to belong to the background. We broadcash background  from | background 5 R - g

M background 2 RDF- ¥~ The nal latent representation of the image if formed as follows:

— background
Z = Zpackground M g + Zchar M background (8.7.2)

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

As Figure 8.7.1c shows, the character latentgg,r are also passed through a single-layer Neural Network. This
network takes in a attened version of Zgnar ; Zenar 2 RP ¥ 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 €' 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, fronH as follows:

background - o if Hi;j h
Mi; 1 if Hy <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 = fOutputy;:::; Output,g 2 R" (MM 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:

" Character logits (and thus Character Tokens)

Background logits (and thus Background Tokens)

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:

yoha" = To Char _ Logits (Output) 2 R" (M m+1) K
yPackground = Tg  Background _ Logits (Output) 2 R? (M m+h K (8.7.5)
y™ = To_Mask (Output) 2 R" (M m*h 1

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

L = Lchar * Lbackground * Lmask ; (8.7.6)
where:
X v -
Lenar = EI log p(yi™" jYm )]
8i2 [l;N ];m i =1 ‘m Iha\ckground =0
Lbackground =  E[ log p(yibackground iYu )l (8.7.7)

8i2[L;N J;m; =1 ;m packoround =y

Lmask = LcE (ymask ‘M background )

Y stands for the indices of the embeddings irz, wherez is given by Equation 8.7.2, whereasy), is the masked
version of the indices, according to MaskGIT's masking schedule. Note that the random mask that is used

here is not to be confused with the Background maskv background | . is the MaskGIT style loss for the

character logits, in Character regions of the image.L packground 1S 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 R ™ ™ where (:) stands for the sigmoid function. The Background
Mask can be predicted as:

M_background _ 1 if (To_Mask (Output))i;j;k 0:5

hik 0 if (To_Mask (Output))ijx < 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 :

ogien, o LOGISZEIN et 2 879)
g Logits G if MrRckoed =0 "
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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 MUSE'. For image tokenization, we use the original VQ-GAN implementation
from Taming Transformers [8], that is available on github?. 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 Facé.

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

Lhttps://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 usindgriD . 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 sizesl6 16, 8 8 and 4 4 respectively (all
images in the dataset are of siz&4 64). The size of the Latent Space is set tol28 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 vyields 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 { = 8) might outperform a more expressive one { = 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 tod = 1024. The Vocabulary Size for the text embeddings is set tonyecap = 2500. We
use Scaled Dot-Product Attention and the number of attention heads is set tonpeags = 8. The Transformer
has 70M parameters and the entire MaskGIT model (including the VQ-GAN) has 105M parameters. We
train the model for 200 Epochs with a learning rate oflr =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 @ = 1024, nyocap = 2500, Nheads = 8. Ir =5e 3,
Nepochs = 2001).
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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 ¢ 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 ¢ 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 specic
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 add2C,, Character Embeddings (one positive and
one negative per character) as we detailed in Section 8.3.4Cf = 9 for Pororo-SV). The hyperparameters
of the model are the same as in previous experimentsd(= 1024, nNygcap = 2500, Nheags = 8. Ir = 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 @fNULL] 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 " and character conditioned logits "char as we described
in Section 8.3.4. The nal logits are given by: *~ = (1 f)' + 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-C@). 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 benet 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 ("g5), as we detail in Section 8.3.4. The logits {) at the current step are then calculated as: ™ =

1+f)e ©

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 (), character logits (" char ) @and the
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"logical complement” of the character logits ("g;). We obtain * as follows:

=@ ) +2f e T (9.2.1)

char
with f =0:2. Note that the sum of logit coecientsis (1 f)+2f 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 nheags = 8. The entire model (including the generative
Transformer and the VQ-GAN) contains 139V parameters. We train the Generative Transformer (MaskGST)
and the Token-Critic jointly, for 200 Epochs with a learning rate of Ir =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 ar8 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 isnyocap = 2500.
The number of attention heads is set tonpeags = 8.The number of training epochs is 200 and the learning
rate is set tolr = 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 with- 1024
and npeags = 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, e®ha" ;gbackground 5 R128 256 5g

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(:); Qe (:); Qbackground () denote the Encoder, Decoder, Character Latent Quantization and
Background Latent Quantization functions respectively. As we described in Section 8.7, an image
is encoded into an initial latent representation zg = E(X). zp is then mapped into two separate la-
tent spaces (using Iters f; and f,) and quantized according to the respective quantization functions:
Zpackground = Qbackground (f1(20)) and zchar = Qcnar (f1(20)). The nal latent representation is formed
as:

— background
Z = Zpackground M 9 * Zchar M background (9.2.2)

where M background - j5 the Background Mask. The image can be reconstructed using the decodex = 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 irzchar and background features inzZpackground - We check whether
that is the case, by reconstructing images, only using one of the latent representations. That is, we produce
Xchar = D(Zchar ) @nd Xpackground = D(Zbackground ). Presumably, xchar Uses the “character features” of the
original image, whereasxyackground 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:

" The rst example, in Figure 9.2.3a is relatively successful in terms of what we would expect.Xchar
recreates the characters much better thanXpackground ,» €specially Eddy (the fox that appears in most
of the images). On the contrary, Xpackgrounda dO€s not capture Eddy very well, but it reconstruct the
background much more loyally (e.g. trees, color of the sunset).

In Example 2 (Figure 9.2.3b), we observe thatxchsr 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 Xpackgrouna 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, whereasxgh,r , they have
disappeared.

Example 3 (Figure 9.2.3c) is less successful. We observe thBbby (the white bear) appears inXchar as
well as Xpackground - The background is similar in both reconstructions, although the color of the wall
in the fourth and fth image is captured more accurately in Xpackground - Finally, we can see that loopy
(the pink beaver in the rst image) is reconstructed in xchar, while Xpackgrouna  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 (Zehar JT) and p (Zvackground j T), Where  represents the
Transformer parameters andT represents the text inputs. Sincezenar and Zpackground 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:

" MaskGST-SV (cong b)

MaskGST with caption augmentation

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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