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Multimodal Models for Understanding and
Generating Visually-Rich Documents

Abstract

A defining human trait is the ability to convey complex information through
writing and drawing. This has enabled the creation of documents, the founda-
tional medium for preserving and transmitting knowledge across time and space.

This dissertation presents multimodal methods, datasets, benchmarks, and
evaluation tools for understanding, generating, and editing Visually Rich Docu-
ments, spanning both cultural heritage sources andmodern digital content. The
term ‘Visually RichDocuments’ refers to pages where text, figures, graphics, and
layout jointly carry meaning. When dealing with historical sources, which are
often centuries old, reliable analysis first requires reducing the complexity of the
physical substrate to make downstream tasks tractable. Therefore, on the analy-
sis side, we introduce a binarization and restoration model agnostic to language,
script, support, and resolution, reducing bleed-through, noise, and material arti-
facts in 2Ddocument imageswhile preserving informative strokes. We further ex-
tend this spectral approach to 3D tomographic volumes of theHerculaneum pa-
pyri, demonstrating preliminary applicability to ink detection on carbonized an-
cient scrolls. AsmanyVisuallyRichDocuments encodemeaning through spatial
organization, we develop a multi-page parsing system that extracts regions, rela-
tions, and visual semanticswithout relying on an external optical text recognition
model, enabling the parsing of complex, multi-page layouts. To foster research
in ultra-low-resource settings, we curate a dataset for the Coptic language and
benchmark current methods. Having established methods for document under-
standing, we turn to generation, targeting the core constituents of Visually Rich
Documents: styled text and figures. We analyze existing evaluation approaches
for styled text generation and propose an evaluation score specifically sensitive
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to calligraphic and typographic style, addressing a systematic flaw in the use of
generic image generation metrics for this task. We then introduce methods for
controllable handwritten and typewritten styled text generation, conditioning
oncontent, style, andgeometric variation. For visual contentwith extreme aspect
ratios, such as panoramas, banners, and wide illustrations, we adapt large-scale
pretraineddiffusionmodels in a training-freemanner, coordinatingmultiple gen-
eration views to produce globally coherent outputs at arbitrary aspect ratioswith-
out introducing new trainable parameters. Additionally, we tackle illustrations,
characterized by irregular shapes and semi-transparent elements, and propose
a pipeline to create, from a textual prompt, transparency-aware (RGBA) assets
ready for compositing in complex layouts. Finally, we address multi-instance in-
fographic editing by introducing an attention-partitioning mechanism for flow
matching models that disentangles concurrent edits across multiple localized re-
gions, preventing attribute leakage and enabling single-pass editing. We accom-
pany this contribution with the first large-scale benchmark for multi-instance in-
fographic editing, comprising images with up to 285 simultaneous edit instances,
an order of magnitude beyond prior benchmarks.

With this thesis, we aim to help close the loop between analysis, generation,
and editing, enabling new applications in archive digitization, dataset augmen-
tation, and content creation for Visually Rich Documents, while showing that
models, metrics, and benchmarks developed for one stage of the pipeline can di-
rectly support the others.
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Architetture Multimodali per la Comprensione e
la Generazione di Documenti Visivamente

Complessi

Sommario

Un tratto distintivo dell’essere umano è la capacità di trasmettere informazioni
complesse tramite scrittura e disegno. Questo ha reso possibile la creazione di
documenti, il mezzo fondamentale per preservare e trasmettere la conoscenza at-
traverso il tempo e lo spazio.

Questa tesi di dottorato presenta architetture multimodali di deep learning
per la comprensione e la generazione di Documenti Visivamente Complessi, co-
prendo sia le fonti del patrimonio culturale che i contenuti digitali moderni. Il
termine ‘Documenti Visivamente Complessi’ si riferisce a pagine in cui testo, fi-
gure, grafica e layout contribuiscono congiuntamente al significato. Nel caso
delle fonti storiche, che spesso hanno secoli di storia, un’analisi afÏdabile richiede
di ridurre la complessità del substrato fisico per rendere trattabili i processi a valle.
Sul frontedell’analisi, introduciamounmodellodi binarizzazione e restauro agno-
stico rispetto a lingua, sistema di scrittura, supporto e risoluzione, che riduce il
passaggio d’inchiostro (bleed-through), il rumore e gli artefatti delmateriale nelle
immagini 2D, preservando i tratti informativi. Estendiamo inoltre questo ap-
proccio spettrale ai volumi tomografici 3D, dimostrando un’applicabilità preli-
minare al rilevamento dell’inchiostro su antichi rotoli carbonizzati. Poiché molti
DocumentiVisivamenteComplessi codificano il significato tramite la disposizione
spaziale, sviluppiamo un sistema di parsing multi-pagina che estrae regioni, re-
lazioni e semantica visiva senza ricorrere a un modello esterno di OCR, consen-
tendo il parsing di layout complessi e multi-pagina. Per promuovere la ricerca
in contesti con risorse estremamente limitate (ultra-low-resource), curiamo un
dataset per la lingua Copta ed effettuiamo il benchmarking dei metodi attuali.
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Una volta definiti i metodi per la comprensione dei documenti, passiamo alla ge-
nerazione, concentrandoci sui componenti fondamentali dei Documenti Visiva-
mente Complessi: il testo stilizzato e le figure. Analizziamo gli approcci di valuta-
zione esistenti per la generazione di testo stilizzato e proponiamo uno score di va-
lutazione sensibile allo stile calligrafico e tipografico, affrontando un limite siste-
matico nell’uso dimetriche generiche per questo compito. Introduciamopoime-
todi per la generazione controllabile di testo stilizzatomanoscritto e dattiloscritto,
condizionando su contenuto, stile e variazione geometrica. Per i contenuti visivi
con proporzioni estreme, come panoramiche, banner e illustrazioni orizzontali,
adattiamo modelli diffusivi pre-addestrati su larga scala in modo privo di adde-
stramento aggiuntivo, coordinando molteplici viste di generazione per produrre
output globalmente coerenti a proporzioni arbitrarie. Inoltre, affrontiamo le il-
lustrazioni, caratterizzate da forme irregolari ed elementi semitrasparenti, e pro-
poniamo un’architettura per creare, da un prompt testuale, asset con trasparenza
(RGBA), pronti per il compositing in layout complessi. Infine, affrontiamo le
infografiche, la forma visiva più sofisticata di informazione documentale, intro-
ducendo unmeccanismo di partizionamento dell’attenzione per i modelli di flow
matching che disaccoppia lemodifiche concorrenti su più regioni localizzate, pre-
venendo la contaminazione degli attributi e abilitando l’editing multi-istanza in
un unico passaggio. Presentiamo inoltre il primo benchmark su larga scala per
questo compito, comprendente immagini con fino a 285 istanze da modificare
simultaneamente.

Con questa tesi, puntiamo a contribuire a chiudere il cerchio tra analisi e ge-
nerazione, abilitando nuove applicazioni nell’arricchimento dei dataset (dataset
augmentation), nella digitalizzazione degli archivi e nella creazione di contenuti
per i Documenti Visivamente Complessi.
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1
Introduction

Human beings have recorded and transmitted knowledge, culture, and
history through visual forms for tens of thousands of years, fromcave
paintings to written artifacts such as ancient manuscripts inscribed

onpapyrus scrolls,medieval codices, archival registers documenting civic life, and
modern infographics. These documents, whichwe refer to as Visually RichDoc-
uments (VRD), combine textual and visual elements to communicate complex
information. With the accelerating digitization of cultural heritage and the ex-
ponential growth of digital content creation, the ability to automatically analyze,
understand, generate, and edit such documents has become essential to preserve
our past and shape our digital future.

VRDpresentdistinct challenges that differentiate themfromotherComputer
Vision domains: they exhibit structured layouts with semantic relationships be-
tween elements; they contain text rendered in diverse scripts, languages, and calli-
graphic styles; they suffer from degradation due to age, conservation conditions,
or digitization artifacts. Furthermore, they often exist in specialized domains
where annotated training examples are scarce or entirely unavailable. Historical
documents add further complexity through non-standard layouts, decorative ele-
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ments, preservation-related constraints, and linguistic variations that reflect their
cultural and temporal contexts.

While significant advances have beenmade inHandwritten Text Recognition
(HTR) and Document Parsing for modern, well-preserved documents, state-of-
the-art techniques often falterwhen confrontedwith historicalmanuscripts, low-
resource languages, or documentswith complex visual-textual interactions. More-
over, the generation of realistic VRD, whether synthesizing handwritten or type-
written text in arbitrary styles, creating visual content with irregular shapes and
aspect ratios, or editing multi-element compositions while maintaining global
coherence, remains an open challenge. The difÏculty lies not only in producing
visually plausible outputs but in doing so with fine-grained control, style consis-
tency, and semantic awareness.

This dissertation sets out to address these complex issues by developing meth-
ods, datasets, and evaluation protocols that span the complete pipeline of VRD
processing: from analysis and understanding, through controllable generation,
to precise editing. Importantly, these contributions are not isolated. For exam-
ple, the Handwriting Distance score, which we have introduced for styled text
generation is later reused to evaluate multi-instance infographic editing, illustrat-
ing how tools developed for one stage of the pipeline can directly inform another.
By making these connections explicit, we aim to enable new applications in cul-
tural heritage digitization, synthetic data augmentation for model training, con-
tent creation for digital design, and low-resource document processing.

1.1 Motivations and Challenges

(C1) Analyzing degraded and low-resource documents. A primary motiva-
tion for this research emerges from the needs of cultural heritage institutions and
the growing demand for automated document processing. Manual annotation
by humanities scholars does not scale to large volumes of data, demanding con-
siderable time and expertise. When dealing with documents in low-resource lan-
guages or scripts, such asCopticmanuscripts from 11th-centuryEgypt or ancient
Greek scrolls carbonized by the eruption ofMount Vesuvius, annotated training
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datasets are either scarce or entirely non-existent. Standard supervised learning
approaches fall short in these scenarios. Even when digitized, the physical degra-
dation of such resources, along with complex layouts and visual artifacts, poses
substantial obstacles to automatic transcription and layout analysis.

(C2) Generating styled text and evaluating style fidelity.Moving beyond
analysis, the synthesis and generation of VRD are motivated by the need to cre-
ate realistic styled text for data augmentation, document restoration, and con-
trolled content creation when real examples of a script, writer, or style are lim-
ited. Handwritten Text Generation (HTG) therefore demands computational
models that can capture not only the semantic content of the text but also the
stylistic variations of individual handwriting, including the pressure, slant, spac-
ing, and fluidity that characterize a specific writer’s style. Critically, models must
learn to disentangle genuine calligraphic features from background artifacts or
noise. Traditional metrics struggle to capture this distinction adequately, high-
lighting a significant gap in how we evaluate generative fidelity in this domain.
This evaluation gap is not isolated: a recurring observation across our contribu-
tions is that standard off-the-shelf scores often fail to capture task-specific quality,
whether for handwriting style fidelity, text recognition in scripts written without
word delimiters, or edit correctness in dense infographic layouts. Devising prin-
cipled, domain-aware evaluation protocols is therefore as important as advancing
the models themselves.

(C3) Controlling graphical generation beyond fixed natural-image as-
sumptions. Considering visual content generation, documents such as posters,
illustrations, and infographics demand coherent layouts with precise spatial ar-
rangements and variable aspect ratios. Furthermore, modern design workflows
require native support for transparency channels to enable the seamless integra-
tion of generated assets. Traditional image generative models, which are primar-
ily designed for fixed-resolution, opaque natural images, face fundamental limi-
tations when confronted with these specialized requirements.

(C4) Editing multiple document elements without leakage or loss of
coherence. Finally, the editing of VRD introduces additional complexity. Un-
like natural image editing, which typically involves manipulating a single salient
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object or applying uniform style transfer, document editing often requires coor-
dinated changes across many elements, for instance translating all textual compo-
nents of an infographic or updating several labels, icons, and visual attributes in a
structured layout. Onemust changemultiple text elements or visual components
simultaneously while preserving overall coherence, proper alignment, and stylis-
tic consistency. Existing image editingmethodologies based on attention control
or diffusion guidance often fail to disentangle these multiple instances properly.
This failure leads to attribute leakage, where modifications intended for one spe-
cific element inadvertently corrupt the appearance of others. For infographics
and structured documents, fine-grained localized edits must rigorously respect
layout constraints and maintain the overarching semantic relationships between
elements. Moreover, naive approaches to multi-instance editing, such as apply-
ing edits sequentially or running one diffusion branch per instance, scale linearly
in time and memory with the number of instances, quickly becoming computa-
tionally infeasible when dozens of elements must be edited simultaneously.

1.2 ResearchObjectives

Within the broad objective of advancing the analysis, generation, and editing of
Visually Rich Documents, this dissertation formally explores a set of intercon-
nected research avenues aimed at overcoming the aforementioned challenges.

(Q1) First, motivated byC1, we seek to understand how to effectively analyze
and parse complex documents, particularly in scenarios characterized by severe
degradation or limited annotated data. This involves investigating new archi-
tectural designs, such as volumetric analysis for 3D document scans and long-
range attention mechanisms for multi-page parsing, to overcome the limitations
of standard 2D, single-pagemethodologies. A central focus is on defining robust
strategies for processing low-resource languages, asking how we can best lever-
age limited data architectures to transcribe ancient and underrepresented scripts
without relying on massive labeled corpora.

(Q2, Q3) Second, motivated by C2 and C3, we aim to advance controllable
generation for visually rich content under realistic computational and data con-
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straints. A first objective is to determine how generative models can adapt to
unseen handwriting styles in a zero-shot setting, producing realistic text with-
out expensive per-style fine-tuning. Concurrently, we investigate how to system-
atically evaluate the performance of these models, aiming to formulate metrics
that accurately reflect genuine style fidelity detached from background noise. In
the broader context of graphical generation, we seek to adapt existing paradigms,
such as diffusionmodels, to produce contentwith variable aspect ratios and trans-
parency channels while preserving coherence and without incurring prohibitive
retraining costs.

(Q4)Lastly, motivated byC4, we explore the challenges ofmulti-instancema-
nipulation in document editing. Our goal is to investigate how to achieve disen-
tangled control over multiple elements within a single document or image. We
aim to design methodologies that grant fine-grained editing capabilities over tex-
tual and visual elements, ensuring that localized interventions do not disrupt the
global layout, structural integrity, or semantic coherence of the input image.

1.3 Contributions and Thesis Organization

This dissertationmakes contributions across three fundamental aspects of VRD
processing: analysis, generation, and editing. The overarching goal is to bridge
the gap between understanding and creation. Our work not only enables novel
applications in archive digitization and content creation but also advances the
theoretical understanding of how to design models tailored to the unique char-
acteristics of complex structured documents.

The thesis is organized into three main parts, mirroring the contribution tra-
jectory of the research.

Part I: Understanding Visually Rich Documents.
In Part I, we tackle the analysis and understanding of VRD, focusing on their

restoration, parsing, and recognition across diverse conditions anddomains. This
partmoves from recovering degraded visual evidence, tomaking document struc-
ture explicit across pages, to transcribing historically constrained material under
low-resource conditions.
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Chapter 2 provides a comprehensive survey of the current literature in doc-
ument analysis, covering document binarization, restoration, VRD understand-
ing, and HTR, establishing the foundation for our subsequent contributions.

In Chapter 3, we present FourBi, a document binarization model based on
Fast Fourier Convolution (FFC). Designed to be resolution-agnostic and robust
to heavy degradation, FourBi captures both local texture and global structural
patterns. We further extend this approach to vFFC, a volumetric variant devised
to perform ink detection on 3D tomographic scans of carbonized ancient Greek
scrolls, demonstrating the efÏcacy of spectral convolutions beyond 2Dmediums.

Chapter 4 addresses the challenge of multi-page document parsing. We in-
troduce µgat, a network that leverages global attentionmechanisms across pages
to capture long-range dependencies and contextual relationships that single-page
models inherently miss.

In Chapter 5, we introduce SCAM, a novel low-resource dataset of Sahidic
Copticmanuscripts from11th-centuryEgypt. Weuse this benchmark to evaluate
current HTR models, highlighting the complexities of limited annotated data
and providing insights into transfer learning strategies for historical scripts.

Alongside the proposed models, this thesis also contributes reusable research
infrastructure in the form of the SCAM benchmark for low-resource handwrit-
ten text recognition, the HWD score for style-sensitive evaluation, and the In-
fographic Editing Benchmark for stress-testing dense multi-instance editing at
scales beyond prior benchmarks.

Part II: Generating Visually Rich Documents.
In Part II, the focus shifts to the generation of VRD, encompassing both syn-

thetic handwritten text and broader visual content synthesis. The progression
here runs from evaluation to control: we first establish how style fidelity should
bemeasured, then studyhowcontrollable generation canbe extended fromstyled
text to wider visual assets under minimal retraining assumptions.

Chapter 6 surveys the literature on generative models, highlighting the evolu-
tion of approaches targetingHTGand visual content creation, while critically an-
alyzing the challenges related to style control and background disentanglement.

In Chapter 7, we introduce HWD (Handwriting Distance), an evaluation
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score specifically designed to assess style fidelity in HTG. Unlike generic scores,
HWDexplicitly penalizesmodels thatmemorize background artifacts, providing
a more reliable and task-specific measure for generative handwriting models.

Chapter 8 presents Emuru and Eruku, autoregressive models designed for
zero-shot styled text image generation. Trained on vast synthetic datasets, these
models are capable of generating handwritten text in entirely unseen calligraphic
styles at inference time. Their autoregressive formulation allows them to gener-
ate variable-length text images and to determine when generation should stop,
adapting the output to the requested content rather than relying on a fixed can-
vas length.

Shifting to graphical content, Chapter 9 introducesMAD, a training-free ap-
proach for generating coherent panoramas with variable aspect ratios using diffu-
sionmodels. By strategicallymerging and splittingdenoisingpaths across overlap-
ping regions, MAD averts seam artifacts and preserves global coherence in ultra-
wide or ultra-tall outputs.

InChapter 10, we presentAlfie, a pipeline that extends text-to-image capabili-
ties to generateRGBA illustrationswith native transparency. Operatingwithout
expensive architectural retraining,Alfieproduces assets ready for direct composit-
ing into graphic design and infographic layouts.

Across these chapters, the common thread is controllable generationwithmin-
imal retraining: HWDestablishes howtomeasure style fidelity, EmuruandEruku
address zero-shot styled text generation, MAD adapts diffusion models to arbi-
trary aspect ratios at inference time, and Alfie extends the same low-cost adapta-
tion logic to transparency-aware asset creation.

Part III: Editing Visually Rich Documents.
In Part III, we address the editing of VRD, synthesizing the analytical and

generative capabilities developed in the preceding sections. This final part closes
the loop by turning localization and controllable rendering into scalable multi-
instance editing for dense, document-centric layouts.

Chapter 11 reviews the literature on generative image editing and recent ad-
vances in attention-based control,multi-instance editing, andflowmatchingmod-
els.
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InChapter 12,wepresent IDAttn (Instance-DisentangledAttention), amulti-
instance image editing approach. IDAttn introduces an inference-time attention-
partitioning strategy for disentangling joint attention across multiple instances,
preventing attribute leakage. For particularly challenging out-of-domain scenar-
ios such as dense infographic text editing, lightweight LoRAdomain adaptation,
training fewer than 1% of parameters, provides substantial further gains. Further-
more, to stress-test multi-instance editing at scale, we introduce the Infographic
Editing Benchmark, the first benchmark for multi-instance infographic edit-
ing, featuring up to 285 simultaneous edit instances per image, far exceeding any
prior natural image editing benchmark in density and complexity.

Final Remarks.
Finally, Part IV provides a summary of themain takeaways of this dissertation.

We reflect on the lessons learned from our holistic approach to VRD process-
ing, arguing that the true potential of the field lies in systems where understand-
ing, generation, and editing continuously inform and enhance one another. By
addressing the multifaceted challenges of text and image manipulation within
structured mediums, this dissertation lays the groundwork for more adaptable,
resilient, and unified document processing pipelines.
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Understanding VRD
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2
Literature Survey

This part of the thesis focuses on analysis and understanding of Visual
RichDocuments, encompassingdocument image enhancement, restora-
tion, and interpretation. VisualRichDocumentUnderstanding (VrDU)

requires addressingmultiple interconnected challenges, from low-level imagepro-
cessing tasks such as binarization and restoration of degraded historical docu-
ments, to high-level semantic tasks such as parsing and handwritten text recogni-
tion. In this literature survey, we review the key research directions that inform
our contributions: document image enhancement and restoration techniques,
VrDU datasets and models, and handwritten text recognition approaches.

2.1 Document Image Enhancement and Restora-
tion

Document image enhancement and restoration encompass techniques for im-
proving the visual quality of degraded documents, from simple binarization of
modern scanned documents to complex restoration of severely damaged histori-
cal artifacts. These tasks share common challenges, namely dealing with degrada-
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tion, noise, and information loss, and increasingly leverage similar computational
strategies, particularly frequency-domain processing and deep learning architec-
tures.

2.1.1 Document Binarization

Heuristics-based Approaches. Among the strategies that exploit a hand-
craftedmodel of the image appearance, themost commonly applied is threshold-
ing, which consists in determining a global threshold [266, 35] or a local adap-
tive threshold to deal with the non-uniform background typical of document
images [320]. Note that hybrid thresholding algorithms exist, such asWolf [392],
whichuse both local and global statistics. Other binarizationparadigms are based
on energyminimization [401, 402] or on edge detection formodeling strokes [92,
414].

Learning-basedApproaches. Most learning-based approaches toDocument
Binarization exploit convolutional neural networks (CNNs). These are employed
as denoising autoencoders [429, 141] or as encoder-decoders to perform Image
Processing [180, 101] or Segmentation [362, 381]. In this work, we treat Docu-
ment Binarization as a Segmentation task and devise a U-Net-like model [310] as
convolutional architecture, but with the novelty of featuring FFC layers. An-
other successful research line entails treating the Document Binarization task
as a generative one by applying Conditional Generative Adversarial Networks
(GANs) toobtain abinarized image starting fromadegradedone in a style-transfer
fashion [430, 341, 356, 342]. In the context of Document Image Binarization,
GANs are also employed to alleviate the training data scarcity issue connoting
the task. In particular, these models are used for realistic training data augmen-
tation [39] or to achieve self-supervision via unpaired Image-to-Image Transla-
tion with Cycle-GANs [439]. Recent preliminary approaches employDiffusion
Models [136, 413, 132] in a similar way. To exploit long-range dependencies in
combination with local information, which is difÏcult to achieve with standard
convolutions, recent approaches [339, 340, 410] resort to Vision Transformer-
based architectures [104]. The encouraging performance of such methods sug-
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gests that combining global and local information is a promising strategy forDoc-
ument Binarization. In this work, we explore this strategy by proposing to apply
Fast Fourier Convolutions (FFCs), which, contrary to standard convolutions,
can model both global and local dependencies and are less computationally de-
manding than Vision Transformers (ViTs).

Regardless of the technique applied, the performance can be enhanced with
some post-processing steps. Typically, these consist in applying morphological
operators (e.g. Connected Component Analysis, Erosion, Dilation, Shrink, and
Swell filtering) [228, 246] or ensembling the output of multiple binarization al-
gorithms [154, 249, 13]. In this work, we combine the output of our model run
on overlapping patches of the document of interest to reduce the error on the
borders, where artifacts due to discontinuity are most evident.

2.1.2 Digital Document Restoration

Virtual Unwrapping. DDR encompasses Digital Imaging, Image Process-
ing, and Computer Vision techniques for non-invasive content recovery from
severely damaged ancient documents [103, 54, 276, 56, 428, 123]. One of these
techniques is Virtual Unwrapping [323], which is mostly applied to documents
that are too fragile to handle and analyze, as in the case of scrolls. First, the en-
tire scroll is scanned, typically with X-ray micro-computed tomography (micro-
CT) [185]. Then, each scroll sheet in the volumetric representation is segmented
and projected into a 2D image. Depending on the specific use case, an additional
texturing step (such as ink detection) can be performed. Early works operated on
small contrived samples with semi-manual pipelines [324, 213]. The first fully-
automated solution was proposed by Samko et al. [316], who developed a novel
graph cut method for parchment scrolls sheets segmentation. In [153, 36], the
authors read the contents of a damaged silver scroll by exploiting the specific
characteristics of the material, such as the engraved and ruled text. Finally, the
carbonized En-Gedi scroll was read in 2015 by Seales et al. [325].

TheHerculaneumpapyri represent aparticularly challenging case forDDR[322].
Firstly, the papyrus layers have been compressed, crumpled, and deformed by

13



222

2. LITERATURE SURVEY

the carbonization process, making sheet segmentation not straightforward. Sec-
ondly, the text ismostly written using carbon-based ink, which is almost invisible
on the carbonized papyrus support in the X-ray scans. Thus, traditional virtual
unwrapping, which heavily relies upon the visibility of ink or simple layers struc-
ture, is not applicable. In a recent work, Parker et al. [269] proved the detectabil-
ity of carbon-based ink in micro-CT scans of the Herculaneum papyri using a
3D convolutional neural network [167] trained on subvolumes to detect ink in
the central voxel. A further step towards DDR of Herculaneum papyri is due to
Parsons et al. [270], who proposed an open dataset containing volumetric scans
of such collection. In this work, we tackle the problem of ink detection on the
surface volumes of Herculaneum papyri fragments.

2.1.3 Frequency-Domain Processing

Previous approaches [257, 12, 214] have successfully leveraged the spectral in-
formation of document images to address the difÏculty of recognizing and re-
covering structures such as edges, strokes, and corners. Both classical [257] and
learning-basedmethods [12, 214]benefit fromfrequency-domain representations
for document enhancement and restoration tasks. In recent works, the Discrete
Wavelet Transform [238], successfully applied to Super-Resolution [434], has
been used for Document Binarization to represent the document image in dif-
ferent frequency sub-bands either to perform Segmentation [12] or to obtain a
ground truth for a generator in an adversarial training setting [214].

In this work, the main component of our architecture is the FFC, which ex-
ploits the Fast Fourier Transform (FFT). The FFC operator combines 2D con-
volutions and 2D Discrete Fourier Transform (DFT) [83] and has been applied
to spatial data for Computer Vision tasks such as inpainting [138], semantic seg-
mentation [38], and super-resolution [331, 420]. Unlike previousworks that use
spectral information to represent the images, we employ it as an operator inside
our end-to-end architecture for both binarization and restoration tasks. For the
volumetric restoration of Herculaneum papyri, we extend the 2D FFC opera-
tor proposed by Chi et al. [75] to process volumetric data. Some attempts have
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been made to apply FFC to spatio-temporal data [75]. Nonetheless, volumet-
ric data are different from spatio-temporal ones, and thus, require ad hoc solu-
tions [371, 294, 126, 267]. Therefore, we argue that a solution based on spatio-
temporal FFCs is not optimal for modeling the correlations between dimensions
in volumetric data. In sight of this, we propose the vFFC operator, which fea-
tures 3D convolutions and 3D Discrete Fourier Transform and better handles
this kind of data.

2.2 Visual Rich Document Understanding

Datasets for Document Understanding. The field of VrDU encom-
passes both general and task-specific datasets [200, 374, 200, 137, 433, 206, 165,
240, 378, 377]. The large scale of these datasets and the emergence of the Trans-
former [380] has revolutionized Document AI [406, 407, 158, 188, 94, 204, 48,
359, 20, 21, 197, 234]. However, these benchmarks have been shown to suffer
fromsingle-domain scope, limiteddocument types, and single-page samples [378,
377]. With MP-DOCVQA [366], DUDE [378], and RVL-CDIPMP [377], the
research community has started to consider the multi-page case for sub-tasks like
(Document) Visual Question Answering and Classification. In this work, we fo-
cus on parsing, which refers to translating a document’s image into a structured
markup representation [48]. In [48], most of the training documents are parsed
from arXiv. In particular, the authors process the source files by using LATEXML*
to standardize and convert them into HTML5. Then, they convert the HTML
files intoMarkdown and split the pages by exploiting heuristics and fuzzymatch-
ing. However, this procedure results in independent single-page samples, and the
parsing model trained on such data is only capable of handling single pages with-
out considering that some elements can span multiple pages. To overcome this
limitation, in this work, we exploit a specifically-collected dataset of academic
documents containing both contiguous and sparse pages to allow the training
and benchmarking of flexible models capable ofmanaging the context when pro-
vided.

*dlmf.nist.gov/LaTeXML/
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Document Understanding Methods. VrDU has attracted increasing in-
terest in recent years and is dominatedbyTransformer-basedmodels [380]. Meth-
ods can be categorized whether they include an external OCR input or not. In
the former category, the LayoutLM family [406, 407, 158] is based on the Trans-
former Encoder BERT [100] and performs masked layout prediction. In Doc-
Former [20, 21] and UDOP [359], Transformers are trained to perform several
pre-training tasks and align the textual and visual information. On the other
hand, OCR-free methods have recently shown that competitive results can be
achieved without using an external OCR [94, 188], which also increases gener-
alization to unseen languages and domains. In parsing, the recent Nougat ap-
proach [48] has achieved state-of-the-art performance on academic document
parsing. This architecture is based on a Swin Encoder [224] that takes as input
single-page images and outputs embedding vectors. These are then processed by
amBART[201] decoder that autoregressively outputs theMarkdown code byus-
ing the same tokenizer as [360]. Note that all the approaches mentioned above,
including Nougat, entail considering documents as single pages. This is often
not the case in real-world applications, where documents exhibit parts (e.g. para-
graphs, references, or footnotes) that can sit between multiple pages. Therefore,
in our proposed approach, we adopt the Nougat architecture and extend it to
process multi-page inputs to increase the consistency of its output.

Multi-Page Document Understanding. Some previous works have pro-
posed approaches to extend pretrained VrDU models working on single pages
for handlingmulti-page inputs, especially for theDQA task (with themulti-page
DocVQA variant of the task [179]). For example, in Hi-VT5 [366], the authors
fine-tuned the Document Image Transformer model [204] to encode the input
the single-page images intomultiple global tokens,which are then fed to aT5 [299]
model, trained to align layout and text representations [46]. However, suchglobal
tokens contain too coarse information, which can be sufÏcient for VQA but
would be unsatisfactory for document parsing since this latter task requires de-
tailed representations. Another example is GRAM [47], in which a single-page
DocFormerv2 [21] encoder is extended to use multiple pages as input by insert-
ing global tokens in the page representation and alternating attention operations
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over the single pages and the global tokens. In thiswork, we take inspiration from
the Perceiver [163] model and implement an adapter that extracts relevant infor-
mation from the previous and next pages and inserts them into learnable tokens,
which are then concatenated to the representation of the current page so that the
decoder can parse it while keeping into consideration some information from the
context.

2.3 Handwritten Text Recognition

Handwritten Text Recognition (HTR) can be approached at various levels of
granularity, including characters [162, 79, 80] (useful for ideogrammatic languages
or rare scripts, such as ciphers), words [129, 40, 349, 329], lines [274, 293, 382,
51, 77, 251, 50], paragraphs [50, 49, 391], or full pages [80, 251]. Among these,
line-level HTR is the most widely adopted, typically assuming pre-segmented
text lines [274, 382, 51, 293, 77]. These systems can also be integrated with lay-
out analysis and segmentation to achieveparagraph- or page-level recognition [50,
251, 417]. In this work, we focus on pre-segmented line-levelHTR, given its pop-
ularity and easy integration into page-level pipelines.

Evolution of HTR Methods. Early HTR systems were based on Hidden
MarkovModels (HMMs) to model sequences of explicitly-isolated character im-
ages and n-gram language models to predict textual outputs [369, 370]. Such
an explicit character isolation approach was then surpassed by end-to-end ap-
proaches, starting from the Deep Learning-based solution proposed byGraves et
al. [129], which consists of a multidimensional LSTM network that generates
2D feature maps directly from handwritten images, which are then reduced to
1D sequences and decoded using Connectionist Temporal Classification (CTC)
algorithm. This approach dominated the field [49, 252, 96] until computation-
ally simpler and faster alternatives were proposed [329, 293], using CNNs for
feature extraction and 1D-LSTMs for sequencemodeling. These backbones com-
bining CNNs and recurrent models remain popular due to their strong perfor-
mance and efÏciency [274, 382, 51, 77, 81]. Nonetheless, a more recent direc-
tion models HTR as a sequence-to-sequence problem, where the image is rep-
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resented as a sequence of patches and decoded into text using encoder-decoder
architectures [350, 247, 427, 11]. Models implementing this paradigm can be
trained by using cross-entropy loss, CTC loss, or both. Transformers [380] have
also been adopted for HTR to replace recurrent neural networks entirely, often
leveraging large-scale pretraining on synthetic or real text data [176, 390, 205]. A
representative example of this trend is TrOCR, aTransformer-based architecture
that uses a Vision Transformer (ViT) encoder and an autoregressive text decoder
pre-trained on synthetic data and fine-tuned for both printed and handwritten
text. Fully convolutional networks have also been explored as a recurrence-free
alternative, often incorporating GateBlocks to capture contextual dependencies
similar to recurrent networks but with improved parallelism and speed. Finally,
it is worth mentioning that the emergence of LargeMultimodal Models, such as
GPT-4V [412], has opened new avenues forHTRby enablingmodels to process
and understand both visual and textual information. Preliminary explorations
suggest that these models can performHTR tasks with minimal task-specific su-
pervision, although they currently lag behind specialized systems in accuracy and
robustness, especially in low-resource settings.

Benchmarks for HTR. Designing effective HTR systems requires large and
diverse datasets that reflect the visual complexity of handwriting and the linguis-
tic richness of the task. Widely used modern-language benchmarks include the
IAM [239] and RIMES [22] datasets, which contain English and French lines,
respectively. These datasets arewritten bymultiple authors under controlled con-
ditions. IAM writers transcribe sentences from the Lancaster-Oslo/Bergen cor-
pus [171], whileRIMES contributors follow a script to simulate customer service
communication.

ForhistoricalHTR, the ICFHR14 [317], ICFHR16 [318], and ICFHR18 [344]
datasets are among the most notable. ICFHR14 includes English lines from the
Bentham Papers [60], mostly authored by Jeremy Bentham and collaborators.
ICFHR16 (also calledREAD) focuses on ancientGermanmanuscripts from the
Ratsprotokolle collection, written over three centuries. ICFHR18 includes doc-
uments in German and Italian, from diverse time periods and collections, with
test sets defined at the document level. Other historical datasets include Ro-
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drigo [326] and Germana [273], which contain Spanish text written by single
authors, and the LAM dataset [59], which has been introduced to support re-
search on ancient Italian single-author manuscripts with temporal variability in
writing.

Other small historical datasets exist, which are commonly adopted for explor-
ing low-resource HTR scenarios, which is also the focus of this work. Examples
of these datasets are George Washington [114], Parzival [113], Saint Gall [115],
Esposalles [309], and Leopardi [58], which contain historical documents writ-
ten by a few or single authors, often from narrow time spans, in a relatively well-
represented language (English, Latin, and Italian). Particularly challenging exam-
ples of low-resource scenarios are explored via datasets of ciphered manuscripts,
such as Borg and Copiale [31]. These contain text in Latin and German, respec-
tively, rendered in uncommon characters (either existing or abstract symbols).
To further explore the low-resource HTR task, we propose SCAM, a dataset
of manuscripts written in an underrepresented, extinct language using uncom-
mon symbols (Sahidic Coptic), whose main characteristics compared to existing
datasets are synthesized in Section 2.3.

Taken together, the literature reviewed in this chapter motivates the struc-
ture of Part I. Chapter 3 addresses image-level context for restoration and ink
detection through frequency-domain operators, Chapter 4 addresses inter-page
context for document parsing, and Chapter 5 addresses data scarcity and script-
specific difÏculty in low-resource handwritten text recognition. In this sense, the
part progresses from recovering document content, to structuring it, to transcrib-
ing it under realistic historical constraints.

19



222

2. LITERATURE SURVEY

Lines Lexicon Period Language Authors

IAM [239] 10,373 9,749 Modern English Many
RIMES [22] 12,111 8,760 Modern French Many

Washington [114] 656 1,471 1755 English Two
Saint Gall [113] 1,410 5,436 ca 890-900 Latin One
Esp. Index [309] 1,563 1,725 1491-1495 Catalan One
Leopardi [58] 2,459 5,067 1818-1832 Italian One
Parzival [114] 4,477 4,934 ca 1265-1300 German Two
Esp. Licenses [309] 5,447 3,465 1616-1619 Catalan One
ICFHR14 [317] 11,473 9,716 ca 1760-1832 English Many
ICFHR16 [318] 10,550 8,120 1470-1805 German Many
ICFHR18 [344] 14,803 23,198 Mixed* German, Italian Many
Rodrigo [326] 20,357 17,300 1545 Spanish One
Germana [273] 20,529 27,100 1891 Spanish† One
LAM [59] 25,823 23,428 1691-1750 Italian One

SCAM (Ours) 3240 - 1002-1003 Sahidic Coptic One

1 - BothMedieval andModern.
2 - A small number of lines are in different languages.

Table 2.1: Characteristics of existing line-level benchmark datasets compared to ours.
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Restoring Documents by Leveraging Fast

Fourier Convolutions

Modeling both local and global information is crucial in several Doc-
ument Analysis and Computer Vision tasks, especially when deal-
ing with degraded documents. Standard convolutions, while effec-

tive at capturing local patterns, struggle tomodel global dependencies due to their
fixed receptive field. In this chapter, we explore the use of Fast Fourier Convo-
lution (FFC) as a powerful alternative that combines spatial and spectral infor-
mation to expand the receptive field in the frequency domain. We first present
FourBi, an efÏcient fully-convolutionalmodel forDocument ImageBinarization
that exploits FFCs to handle both local and global information on 2Ddocument
images. Then, we extend the FFCoperator to volumetric data, proposing the vol-
umetric Fast Fourier Convolution (vFFC), and apply it to the challenging task

This Chapter is related to the publications “F. Quattrini et al., Binarizing Documents by
Leveraging both Space and Frequency, ICDAR 2024” [4] and “F. Quattrini et al., Volumetric
Fast Fourier Convolution for Detecting Ink on the Carbonized Herculaneum Papyri, ICCVW
2023” [2]. See the list of Publications on page 315 for more details.
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of ink detection on the carbonized Herculaneum papyri. Together, these works
demonstrate the versatility and effectiveness of frequency-domain reasoning for
document analysis, from 2D binarization to 3D ink detection.

3.1 Document Image Binarizationwith FourBi

Document Image Binarization is a well-known problem in Document Analysis
and Computer Vision, although it is far from being solved. One of the main
challenges of this task is that documents generally exhibit degradations and ac-
quisition artifacts that can greatly vary throughout the page. Nonetheless, even
when dealing with a local patch of the document, taking into account the over-
all appearance of a wide portion of the page can ease the prediction by enrich-
ing it with semantic information on the ink and background conditions. In this
respect, approaches able to model both local and global information have been
proven suitable for this task. In particular, recent applications of Vision Trans-
former (ViT)-based models, able to model short and long-range dependencies
via the attention mechanism, have demonstrated their superiority over standard
Convolution-based models, which instead struggle to model global dependen-
cies. In this work, we propose an alternative solution based on the recently intro-
duced FFC, which overcomes the limitation of standard convolutions in model-
ing global information while requiring fewer parameters than ViTs. We validate
the effectiveness of our approach via extensive experimental analysis considering
different types of degradations. We release code and checkpoints at *.

3.1.1 Introduction

Documents with good visual quality are easier to handle when performing Doc-
ument Analysis tasks, which is why the problems and approaches to Document
Enhancement have long been explored. However, this remains a challenging
task, especially for old and highly damaged documents, for which automatically
achieving good visual quality can benefit efÏcient content understanding. Due

*https://github.com/aimagelab/FourBi
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to preservation conditions and time, these documents exhibit various types of
degradations, such as bleed-through ink, ink oxidation, faded ink, stains, smears,
scratches, and creases in the paper. Moreover, the digitization process can intro-
duce artifacts due to image compression and non-ideal acquisition conditions
such as uneven illumination, contrast variation, and blur [363]. Document Bi-
narization is a typical Document Enhancement task which involves determin-
ing whether each pixel in the document image pertains to ink or to the back-
ground. This is a critical step both for facilitating downstream Document Anal-
ysis tasks [343, 303, 82, 98, 166, 339, 414, 191, 279, 277] and for enhancing the
readability of the document by the end-users of digital archives and libraries. One
of the main challenges in Document Binarization is the variability with which
the aforementioned degradations appear within the page. For this reason, early-
proposed image processing approaches based on estimating and applying a global
threshold [266, 35] have been surpassed bymethods working on local document
patches, on which an adaptive threshold is calculated and applied. Learning-
based solutions, generally based on CNNs, enhanced the performance by refin-
ing the prediction on the single pixel based on its neighbors. Nonetheless, a po-
tential drawbackofworkingondocumentpatches is that, in case they contain too
different degradations, some artifacts can appear at their borders when restitch-
ing them together to form the whole document image.

For this reason, consideringboth global and local informationhas beenproven
beneficial by the promising performance of hybrid thresholding methods [392],
Image-to-Image translationbasedonGANs [430, 341, 356], andmulti-scaleCon-
volutional approaches for Segmentation [362, 381]. Note that global dependen-
cies are difÏcult to handle with standard Convolution-based models due to the
fixed size and locality of their receptive field. A strategy to integrate global infor-
mation is to exploit attentionmechanisms over the pixels. This strategy has been
successfully applied also for Document Binarization [339, 340, 410]. However,
this strategy requires a large amount of training data, which is difÏcult to collect
for document images, and usually leads to large models, thus being inefÏcient.

To overcome these limitations, we devise an efÏcient and fully-convolutional
model to integrate global information for Document Binarization by exploiting
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the Fast Fourier Convolution [75]. This operator combines spatial and spectral
information to expand the receptive field in the frequency domain. The benefits
of FFCs have been exploited for Inpainting [355] and Super-Resolution [331]
but, to the best of our knowledge, FFCs have not been employed for Document
Binarization. However, we argue that their capability to encode both local and
global information and model pseudo-periodic patterns and textures is particu-
larly suitable for documents. In fact, text lines have a specific pseudo-periodic
pattern, and paper has a very peculiar texture, different from that of artifacts and
degradations. Moreover, due to their image-wide receptive field in the spectral
domain, FFCs are more robust to differences in resolution and scale between
training and test images compared to standard convolutions [355]. Thus, we
propose to train our model with 256×256 patches, as customary in Document
Binarization, but use larger patches at inference time. This allows obtainingmore
training samples from the same annotated document and seamlessly exploiting
more global information at inference time for better binarizing the patch. We
demonstrate the effectiveness of our proposed approach and its superiority with
respect to both standardConvolution- andTransformer-based approaches via ex-
tensive experimental analysis on multiple benchmark datasets, whose contained
documents exhibit a number of different degradations.

3.1.2 Proposed Approach

In this work, we treat the Document Binarization task as a two-class segmen-
tation problem, with a high imbalance towards the background class and high
intra-class variability. To tackle the task, we devise a novel approach consisting of
a U-Net-like model featuring FFC layers, which we call FourBi (see Fig. 3.1).

FourBi Architecture

The proposedmodel takes as input square image patches, which are down-scaled
via three Down-scale Blocks. Each Down-scale Block contains three sub-blocks,
consisting of a Convolutional layer (Conv), a Batch Normalization (BN) layer,
and a Rectified Linear Unit (ReLU) activation function. The output of the last

24



3333

3.1. DOCUMENT IMAGE BINARIZATIONWITH FOURBI

Figure 3.1: Overview of our Document Binarization approach exploiting FFCs (FourBi). The
architecture consists in a U-Net-like model in which the outputs of the down-scaling and the up-
scaling blocks are combined via concatenation. The central part of the model features FFC Resid-
ual Blocks (FFC-RB). The FFC operator in these blocks combines local spatial information with
global frequency information, which results in semantic-preserving precise binarization.

Down-scale Block is fed to a stack of FFC Residual Blocks (FFC-RB), which ap-
ply the FFC operator described below. The feature map from the last FFC-RB
is then up-scaled via three Up-scale Blocks. Each of these blocks takes as input
the output of the preceding Up-scale Block concatenated with the output of the
corresponding Down-scale Block. The so-obtained tensor is fed to a Transpose
Convolution (TConv) layer, followed by a BN layer, a ReLU, and two other
Conv-BN-ReLU blocks. The predicted tensor contains continuous values rang-
ing from 0 to 1, representing the probability of each pixel being background or
ink. From this, we obtain a binarized image by applying a threshold set equal to
0.5.

Fast Fourier Convolution forDocument Binarization. To obtain a
high-quality binarized version of a document, we need the global context of the
whole image in order to bettermodel the patterns connoting it. In fact, the paper
texture, the ink intensity, the color artifacts of the image scan, and the text ori-
entation are aspects that change from document to document but are roughly
similar in different parts of the same document page. This must be taken into
account to distinguish the ink pixels from the background ones. However, work-
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ing with document images also requires precision when binarizing fine parts like
strokes and characters in order not to change the semantic content of the text
in the document. In light of this, the global context has to be mixed with local
information to classify the single pixel correctly. Therefore, we propose to resort
to the FFC operator proposed in [75], which divides the network stream into a
global and a local branch. The global branch exploits the Fast Fourier Transform
to enlarge the receptive field, while the local branch handles finer local patterns.
In particular, the input tensor to the FFC layer is split into two chunks along
the channel dimension, one for the local branch and one for the global branch.
This way, the two branches can focus on different aspects, and different infor-
mation can be stored in different parts of the tensor. The local branch consists
of two Convolutional layers, while the global branch contains a Convolutional
layer and a Spectral Transform (ST) component. The ST block exploits the two-
dimensional Real Fast Fourier Transform (RFFT) operator (Real FFT2d) and
applies a convolution in the frequency domain. Note that the Real FFT is gener-
ally faster than the classical FFT for real-valued signals because it takes advantage
of the Hermitian symmetry property. Specifically, the block works as follows.
Given an input tensorXwith shape [H×W×C], it is applied the Real FFT2d:

Real FFT2d : RH×W×C→C
H×W

2 ×C,

to obtain a complex-valued tensorZ, i.e. a tensor containing tuples that represent
the real partR and the imaginary part I of the input:

Real FFT2d(X) = Z = R+ iI.

Then, the values in these tuples are stacked to form a real-valued tensor, i.e.
C
H×W

2 ×C→R
H×W

2 ×2C. This tensor is fed to a Convolutional block featuring a
Convolutional layer with kernel size 1×1:

Conv1×1 ◦ BN ◦ ReLU : RH×W
2 ×2C→R

H×W
2 ×2C.

Finally, the output of this block is reshaped again into a complex-valued ten-
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sor, i.e. RH×W
2 ×2C→C

H×W
2 ×C and fed to a two-dimensional Inverse Real Fast

Fourier Transform (IRFFT) operator (Inv Real FFT2d):

Inv Real FFT2d : CH×W
2 ×C→R

H×W×C.

The output of the Convolutional layer in the global branch is summed with the
output of one of the convolutions in the local branch, and the output of the
ST is summed to the output of the other. The resulting tensors are fed to sepa-
rate BN-ReLU blocks and then stacked to obtain the output of the FFC block.
Thanks to the combination of local spatial information and global frequency in-
formation, the FFC allows handling and distinguishing global pseudo-periodic
patterns, such as those typical of the paper support and of the text lines, without
disregarding local patterns that need to be taken into account when binarizing
detailed parts of the image such as the strokes.

Training and Inference

Since obtaining ground truth information for Document Binarization is costly
and time-consuming, publicly available datasets for the task usually contain only
a few annotated pages. Therefore, as customary for this task, we enlarge the train-
ing set by trainingon256×256 imagepatches. We trainourmodelwith theChar-
bonnier loss [64], which approximates the Mean Square Error (MSE) loss when
the prediction error is smaller than the hyperparameter ε and theMeanAbsolute
Error (MAE) loss when the error is bigger [34]. Note that both the MSE and
MAE loss are usually employed in Document Binarization [429, 430, 39, 101,
339, 414]. For this reason, we adopt this loss that has been foundmore beneficial
than these two in tasks such as image Super-Resolution [195]. The loss is:

L =
√

(I− I′)2 + ε2,

where I and I′ are the ground truth and the predicted image, respectively, and the
hyperparameter ε is set equal to 10−6.

At inference time, we exploit the robustness of themulti-scale representations
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Figure 3.2: We combine the predictions of ourmodel on overlapping patches at each point based
on the distance between the point of interest and the center of each patch so that the artifacts at
the patches borders are reduced.

learned by FFCs when applied to test images larger than the training ones and
feed themodel with 512×512 patches from the test images. The increased global
context helps themodel distinguish between different degradation types and ink.

Post-Processing Strategy

In the commonly adopted setting, also applied in this work, the visual quality
enhancement of an entire document image is performed by working on separate
local patches and then recomposing them. This leads to most of the errors oc-
curring on the borders, causing discontinuities and artifacts in the reconstructed
document image. Therefore, to enhance the performance of our approach, we
introduce overlap between the patches used for prediction and keep only the in-
nermost predictions of the model. Specifically, at inference time, we run our
model over overlapping patches and recombine their prediction of each pixel by
assigning to that pixel the value that it assumes in the patch to whose center it is
closer. The process is shown in Fig. 3.2. In our experiments, we set the overlap
to 256 (half the patch size), which has been determined empirically.

3.1.3 Experimental Analysis

ImplementationDetails. Before training,we extract 384×384 imagepatches
from the entire document image, with stride 192 pixels. Then, during training,
to further enlarge the training set, we apply a random rotation of ±10◦ to these
patches, and random resize and crop to obtain the 256×256 patches for training.
Finally, randomly alter the image brightness, contrast, saturation, and hue with
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factor 0.5. We train the model by using the AdamWeight Decay (AdamW) op-
timizer [225] with β1=0.9, β2=0.95, batch size 8, and weight decay 0.05. More-
over, we set the learning rate to 1.5·10−4 and use a cosine scheduler with 10 linear
warm-up steps.

Considered Datasets. Various datasets have been proposed in the literature
for theDocument Binarization task. However, they all contain only a small num-
ber of documents because of the complexity of producing the ground-truth an-
notationmasks. This poses a challenge when training deep learning networks, as
these require large amounts of data to model the several possible degradations af-
fecting the documents. Moreover, it is important that the set of documents used
in training features a number of diverse degradations, text style, ink, and back-
ground. For this reason, in this work, we consider a number of publicly avail-
able datasets containing both handwritten and typewritten documents, from
different periods and with different paper supports and degradations. In par-
ticular, we use the ten public benchmark datasets released over the years for the
Document Image Binarization Contest (DIBCO), namely DIBCO09 [122], H-
DIBCO10 [285], DIBCO11 [286], H-DIBCO12 [287], DIBCO13 [288], H-
DIBCO14 [265],H-DIBCO16 [290],DIBCO17 [291],H-DIBCO18 [289], and
DIBCO19 [292], each containing from 10 to 20 document images, for a total of
139. The documents feature several degradations representing real-world cases,
such as variable background intensity, shadows, smear, smudge, low-contrast,
bleed-through, or show-through. Thedocuments in these datasets contain typed,
machine-printed, and handwritten characters in the Latin alphabet, except for
DIBCO19, which also contains non-Latin text. Note that these datasets are from
disjoint sets of documents and feature different types and levels of degradation.
Moreover, our training set also includes images from the BickleyDiary [99], Syn-
chromedia Multispectral Ancient Document Images Dataset (SMADI) [143],
and Nabuco [217] datasets. These datasets contain documents in the Latin al-
phabet, both handwritten and typewritten, thus enforcing the variability of our
training set.

For evaluation,we consider threemoderndatasets (DIBCO11,DIBCO13, and
DIBCO17) and five historical ones (H-DIBCO10, H-DIBCO12, H-DIBCO14,
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H-DIBCO16, and H-DIBCO18). We adopt a leave-one-out strategy, using all
other DIBCO datasets for training. Note that we use DIBCO19 only for test-
ing because the patterns of the characters are too different from Latin scripts.
Thus, we can evaluate the generalization capabilities of our approach to the non-
Latin alphabet domain. In this respect, we also evaluate the performance of our
model and some competitors on the non-Latin scripts PersianHeritage Image Bi-
narizationDataset (PHIBD) [256, 26] and Irish Script on Screen Bleed-Through
Database (ISOS-BTD) [314] datasets.

Evaluation Scores. We evaluate our models by using the F-Measure (FM),
the pseudo-F-Measure (pFM) [264], the Peak Signal-to-Noise Ratio (PSNR),
which measures the similarity of two images, and the Distance Reciprocal Dis-
tortion (DRD) [227], which measures the visual distortion of binary images.

Ablation Analysis

Advantages of the FFC over the Standard Convolution. To assess
the effectiveness of FFCs over standard convolutions (Convs), we define a base-
linewith the same architecture as FourBi that contains solelyConvs. We swap the
STmodule with a 1×1 convolution to maintain the global-local branch division.
The 1×1 convolution, in contrast to the ST module, focuses on local aspects of
the input. Therefore, the Conv-based baseline has the global and local branches
logically swapped, where the global branch has the 3×3 convolutions, and the
local one has the 1×1 convolution. Fig. 3.3 shows the performance comparison
of the twomodels. As we can see, the global receptive field of the FFC allows the
model to outperform the Conv-based baseline.

Role of the Test Patch Size. We ran an ablation analysis to assess the capa-
bility of ourmodel to learn robust representations and exploit the global context
provided by larger patches at inference time. In particular, we evaluate ourmodel
and the correspondingConvolutional baseline onpatcheswhose size ranges from
128×128 to 704×704 (see Fig. 3.3). We observe that the scores get better consis-
tently, reaching the best value around the patch size of 512.

The same behavior emerges also in Fig. 3.4, which shows how theConv-based
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Figure 3.3: FM(top-left), pFM(top-right), PSNR(bottom-left), andDRD(bottom-right) values
obtained by our FFC-based model and a baseline variant exploiting only standard convolutions
when tested on patches of different sizes fromH-DIBCO18, with or without overlap.

approach does not exploit the global information of the whole input patch and
processes the images locally due to a limited receptive field. On the other hand,
FourBi, thanks to the FFC and its infinite receptive field, increases the perfor-
mance on increasing the input patch size. From Fig. 3.4 it can be also observed
that the local patch contains blurred text, which both the FFC- andConvolution-
basedmodels incorrectly classify as foreground. In the lower part of the figure, we
can see that with a larger patch, the FFC-based network leverages the surround-
ing context to identify that the innermost patch contains bleed-through text and
correctly classifies it as background. Conversely, the Convolutional baseline does
not benefit from the increased patch size and still misclassifies the blurred text as
foreground.

Finally, inTab. 3.1, we compare the capabilities of FourBi and theTransformer-
based SotA DocEnTr [339] to model long-range dependencies. When the lat-
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Figure 3.4: Results of the Conv-based base-
line and our FFC-based model on 256×256
and 512×512 patches. Correct predictions are
in green, errors in red.

Figure 3.5: Average error distribution of our
FFC-basedmodel and theConv-basedbaseline
on multiple 256×256 and 512×512 patches
from different datasets.

Training
patch

Inference
patch FM↑ pFM↑ PSNR↑ DRD↓

DocEnTr [339] 256×256 256×256 92.53 95.15 19.11 2.37
FourBi 92.94 97.29 19.26 2.32

DocEnTr [339] 512×512
512×512

92.20 94.93 18.91 2.45
FourBi 256×256 93.38 97.29 19.46 2.16
FourBi 512×512 93.27 97.01 19.36 2.21

Table 3.1: Performance comparison of a Transformer-based model against our FFC-based model
on DIBCO17. Best results are in bold, second-best in italic.

ter is trained with larger patch sizes, the performance worsens, showing that the
model has difÏculties capturing fine-grained details of the documents. On the
other hand, FourBi, alreadyoutperformingDocEnTron thepatch size 256×256,
benefits from working on larger patches, even at test time only.

Benefits of the Post-Processing Strategy. We perform a study of the
most common errors induced by working on single patches (see Fig. 3.5). In par-
ticular, for a given patch size, we evaluate the FFC-based model and the Convo-
lutional baseline on several datasets and compute the average absolute error for
each pixel location. Then, we discretize the resulting image in 16×16 bins and
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compute the average error distribution. The values are independently normal-
ized for visualization purposes. From the figure, we observe that the FFC-based
model is more accurate on the borders with a larger patch size. The global recep-
tive field allows it to consider the whole information of the patch. On the other
hand, the Convolutional baseline is less precise in the predictions when fed with
a larger patch, and the increased error compromises the potential benefit gained
from a bigger context. Fig. 3.3 also highlights that the applied overlapping proce-
dure leads to better performance in almost all patch sizes. In particular, we notice
that on the Conv-based baseline, the post-processing procedure alone saturates
the performance. This behavior suggests that the main weakness of the Conv-
based baseline is the predictions close to the edges. Therefore, with the overlap
procedure, the number of border pixels is minimized.

Alternative Loss Functions. In Tab. 3.2, we report a comparison of the
performanceobtainedby trainingourmodelwithother loss functions commonly
adopted forDocument Binarization. In particular, we consider the BinaryCross-
Entropy (BCE), theMAE, and theMSE as alternatives to the adopted Charbon-
nier loss. We recall that the Charbonnier loss behaves as the MAE for high er-
rors and as the MSE for low errors. From the table, it emerges that the error-
dependent behavior of the Charbonnier loss benefits training and leads to the
best performance in terms of all metrics apart from the FM, where it leads to
second-best results (comparable to those obtained when training with the BCE
loss). Note that, for Document Binarization, the pFM is more relevant than the
FM since it models the readability of the binarized document by penalizingmore
the errors made near the ground truth ink strokes. In light of this, we can con-
clude that the Charbonnier loss is a suitable objective function also for this task.

FM↑ pFM↑ PSNR↑ DRD↓

BCE 93.38 97.18 20.63 2.37
MSE 92.68 97.40 20.56 2.56
MAE 91.83 98.00 20.27 2.74
Charbonnier 93.19 98.41 20.86 2.21

Table 3.2: Ablation analysis when training FourBi with different loss functions on the H-
DIBCO18 dataset. Best results in bold, second-best in italic.
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Computational Complexity. Finally, we analyze the computational com-
plexity of our approach. Note that, given a square image of size n and Ci chan-
nels, the Real FFT2d and the Inv Real FFT2d operations have time complexity
O(Ci·n2·logn). The convolution has time complexityO(Ci·Co·n2·k2), where Co

is the output channels and k is the kernel size. The self-attention has time com-
plexityO(n2·d), where d is the representation dimension. Nevertheless, the time
complexity is not a complete indicator when comparing completely different ar-
chitectures. In fact, the inductive biases of each operator, its characteristics, and
how much its computation can be parallelized influence how deep and big the
network needs to be in order to obtain a certain score. Therefore, to analyze the
efÏciency of our model, in Tab. 3.3, we report runtimes obtained by processing
a single image on a single NVIDIA 2080Ti GPU and the number of parameters
of the consideredmodels fedwith 256×256 patches. We report this information
for our approach, the baseline exploiting standard convolution, and two SotA so-
lutions, one based on a fully-convolutionalGAN(DE-GAN[341]) and the other
on a ViT (DocEnTr [339]).

params runtime

DE-GAN [342] 31.0M 11.2 ms
DocEnTr [339] 68.8M 3.8 ms
Conv. Baseline 15.8M 4.7 ms
FourBi 17.6M 9.1 ms

Table 3.3: Computational complexity and performance of SotA approaches and the Conv-based
baseline on the H-DIBCO18 dataset, all fed with 256×256 patches.

Comparisonwith the State of the Art

QuantitativecomparisononLatin-charactersdocuments. Weeval-
uate our method on eight DIBCO datasets. The results are reported in Tabs. 3.4
to 3.11. For space reasons, we sorted the competitors by PSNR, and we kept for
each table thefirst top tenmethods. Moreover, tobetter highlight the consistency
of ourmethod,we include for each table the rankof FourBi compared to the com-
petitors. It can be observed that our method achieves top performance on most
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FM↑ pFM↑ PSNR↑ DRD↓

Winning Entry [285] 91.50 93.58 19.78 -

Guo et al. [132] 86.75 89.74 17.93 3.62
Zhang et al. [426] 85.70 90.61 17.96 3.60
Feng [112] 88.16 90.96 18.25 3.41
Du &He [105] 88.47 90.87 18.41 3.22
Guo et al. [131] 88.56 93.50 18.56 3.06
Jia et al. [168] 91.75 95.36 19.84 2.17
Suh et al. [351] 93.92 96.53 21.18 1.50
cGANs [430] 93.92 96.53 21.18 1.50
GDB [414] 95.19 96.62 21.98 1.32

D2BFormer [410] 96.23 97.49 23.10 0.95

FourBi 96.43 98.60 23.37 0.92
Rank 1st 1st 1st 1st

Table 3.4: Quantitative comparison on the H-
DIBCO10 dataset.

FM↑ pFM↑ PSNR↑ DRD↓

Winning Entry [286] 88.74 - 17.97 5.36

Jia et al. [168] 91.65 95.56 18.88 2.66
HDSN [381] 92.58 94.67 19.16 2.38
Suh et al. [351] 93.44 96.18 19.97 1.93
GDB [414] 93.44 95.82 20.01 2.25
cGANs [430] 93.81 95.70 20.26 1.81
Lin et al. [214] 94.08 97.08 20.51 1.75
Dang et al. [92] 95.61 97.34 22.09 1.48

DocEnTr [339] 94.37 96.15 20.81 1.63
D2BFormer [410] 94.82 96.62 21.27 1.56
Text-DIAE [340] 95.01 96.86 21.29 1.48

FourBi 96.03 98.70 22.26 1.19
Rank 1st 1st 1st 1st

Table 3.5: Quantitative comparison on the
DIBCO11 dataset.

FM↑ pFM↑ PSNR↑ DRD↓

Winning Entry [287] 92.85 - 21.80 2.66

Du &He [105] 89.40 91.16 18.80 3.66
Jia et al. [168] 92.96 95.76 20.43 2.30
Suh et al. [351] 94.50 97.36 21.78 1.73
cGANs [430] 94.96 96.15 21.91 1.55
Jemni et al. [166] 95.18 94.63 22.00 1.62
GDB [414] 95.80 97.03 22.62 1.32
Rezabezhad et al. [306] 96.25 97.58 23.27 1.11

DocEnTr [339] 95.31 96.29 22.29 1.60
D2BFormer [410] 96.28 96.90 23.35 1.26
Text-DIAE [340] 96.52 97.04 23.66 1.10

FourBi 97.07 98.78 24.29 0.94
Rank 1st 1st 1st 1st

Table 3.6: Quantitative comparison on the H-
DIBCO12 dataset.

FM↑ pFM↑ PSNR↑ DRD↓

Winning Entry [288] 92.12 94.19 20.68 3.10

Du &He [105] 89.94 93.97 19.26 3.24
Jia et al. [168] 93.28 96.58 20.76 2.01
HDSN [381] 93.43 95.34 20.82 2.26
cGANS [430] 93.86 96.47 21.53 2.32
Suh et al. [351] 94.75 97.20 21.79 1.66
Lin et al. [214] 95.24 97.51 22.27 1.59
GDB [414] 95.19 96.37 22.58 1.78
Dang et al. [92] 95.96 98.13 23.14 1.43
DE-GAN [341] 99.50 99.70 24.90 1.10

D2BFormer [410] 95.96 96.96 22.80 1.30

FourBi 96.71 98.27 24.17 1.13
Rank 2nd 2nd 2nd 2nd

Table 3.7: Quantitative comparison on the
DIBCO13 dataset.

metrics. In the tables, we isolate Transformer-based methods, which share with
our approach the capability tomodel both long-range and short-range dependen-
cies. Further, our model is adaptable to different image resolutions and has no
strict constraints on the input size.

Quantitativecomparisononnon-Latin-charactersdocuments. We
report a quantitative performance analysis on the non-LatinDIBCO19, PHIBD,
and ISOS-BTDdatasets, whichwere not included in any training set, inTab. 3.12.
We compare our approach, both alone and combined with the overlap-based
post-processing strategy,with twoSotAapproaches: the fully-convolutional, gen-
erative DE-GAN [341] and the ViT-based DocEnTr [339]. It can be observed
the same trend as for the considered Latin-characters training datasets. Specifi-
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FM↑ pFM↑ PSNR↑ DRD↓

Winning Entry [265] 96.88 97.65 22.66 0.90

Feng [112] 92.99 95.54 19.42 2.26
Du &He [105] 93.48 95.49 19.80 2.02
Jia et al. [168] 94.89 97.68 20.53 1.5
Suh et al. [351] 96.19 97.13 21.77 1.14
cGANs [430] 96.41 97.55 22.12 1.07
Lin et al. [214] 86.65 98.19 22.27 0.96
GDB [414] 97.66 97.26 23.13 1.21
HDSN [381] 96.66 97.59 23.23 0.79

DocEnTr [339] 97.16 98.28 22.99 0.16
D2BFormer [410] 97.70 98.44 23.91 0.64

FourBi 98.19 99.16 25.18 0.55
Rank 1st 1st 1st 2nd

Table 3.8: Quantitative comparison on the H-
DIBCO14 dataset.

FM↑ pFM↑ PSNR↑ DRD↓

Winning Entry [290] 88.72 91.84 18.45 3.86

Feng [112] 88.88 90.30 18.45 4.99
Zhang et al. [426] 88.04 90.89 18.58 4.00
HDSN [381] 90.01 93.44 18.74 3.91
cGANs [430] 89.77 94.85 18.80 3.85
Jia et al. [168] 90.01 93.72 19.00 4.03
GDB [414] 90.41 94.70 19.00 3.34
Suh et al. [351] 91.11 95.22 19.34 3.25
Du &He [105] 91.51 91.81 19.62 3.16
Jemni et al. [166] 94.95 94.55 21.85 1.56

D2BFormer [410] 90.96 93.30 19.24 3.22

FourBi 91.30 96.62 19.74 3.02
Rank 2nd 1st 2nd 2nd

Table 3.9: Quantitative comparison on the H-
DIBCO16 dataset.

cally, FourBi achieves competitive or better performance compared to DE-GAN
and DocEnTr. The difference in the charset prevents the networks from exploit-
ing a priori knowledge possibly learned on the other datasets, which might allow
them to recognize e.g. whether the text is flipped (bleed-through) from the con-
text. Therefore, the networks can only exploit the image appearance to classify
each pixel correctly. Nonetheless, thanks to the FFC, FourBi can exploit global
information, which helps it better model the overall visual appearance.

Qualitative Comparisonwith the State of the Art. We qualitatively
compare our approach, DE-GAN [341], andDocEnTr [339], on Latin and non-
Latin documents. We show the results with one of the challenging images of
H-DIBCO18 [289] in Fig. 3.6-Right. As we can see, both competitors produce
images with speckles on the background, while ourmodel, thanks to its ability to
manage the global information, produces less noisy predictions and recognizes
the page limit on top. Nonetheless, this sample is heavily stained on the top, and
all three methods fail at accurately binarizing part of the head loop on the capital
letter “G” and the page number. Finally, we qualitatively compare our approach
on images from challenging ancient datasets. Different from those used in train-
ing, these documents containnon-Latin text. Thus, ourmodelwouldnot be able
to exploit any potentially learned characters appearance information when bina-
rizing those images. In Fig. 3.6-Left, it can be observed that FourBi accurately
removes severe degradations such as faded ink and holes. Moreover, it shows su-
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perior capabilities in handling bleed-through ink, exploiting the global context.

FM↑ pFM↑ PSNR↑ DRD↓

Winning Entry [291] 91.04 92.86 18.28 3.40

cGANs [430] 90.73 92.58 17.83 3.58
Suh et al. [351] 90.95 94.65 18.40 2.93
Lin et al. [214] 90.95 93.79 18.57 2.94
Dang et al. [92] 92.08 94.99 18.72 2.84
DE-GAN [341] 97.71 98.23 18.74 3.01
Rezabezhad et al. [306] 93.01 95.42 19.24 2.29
GDB [414] 94.32 96.58 20.04 1.79

DocEnTr [339] 92.53 95.15 19.11 2.37
D2BFormer [410] 93.52 95.09 19.35 2.12
Text-DIAE [340] 93.84 95.71 19.64 1.93

FourBi 93.81 96.57 19.66 2.03
Rank 4th 3rd 2nd 3rd

Table 3.10: Quantitative comparison on the
DIBCO17 dataset.

FM↑ pFM↑ PSNR↑ DRD↓

Winning Entry [289] 88.34 90.24 19.11 4.92

DE-GAN [341] 77.59 85.74 16.16 7.93
Dang et al. [92] 91.26 93.97 19.81 3.42
GDB [414] 91.09 94.57 19.92 3.07
Lin et al. [214] 91.66 95.53 20.02 2.81
Suh et al. [351] 91.86 96.25 20.03 2.60
Jemni et al. [166] 92.41 94.35 20.18 2.60
Rezabezhad et al. [306] 92.47 95.99 20.29 2.50

D2BFormer [410] 88.84 93.42 18.91 3.99
DocEnTr [339] 90.59 93.97 19.46 3.35
Text-DIAE [340] 91.32 94.44 19.95 3.21

FourBi 93.16 98.40 20.92 2.23
Rank 1st 1st 1st 1st

Table 3.11: Quantitative comparison on the H-
DIBCO18 dataset.

FM↑ pFM↑ PSNR↑ DRD↓

PH
IB
D

DE-GAN [341] 69.83 71.58 12.33 28.30
DocEnTr [339] 59.28 83.81 13.91 15.89

FourBi 80.07 84.05 17.31 14.07
FourBi + Overlap 80.36 90.66 17.41 13.22

IS
O
S-
BT

D DE-GAN [341] 85.19 91.55 12.59 13.25
DocEnTr [339] 79.34 97.48 12.44 14.12

FourBi 78.23 98.75 12.46 14.12
FourBi + Overlap 78.88 98.75 12.62 13.64

D
IB
C
O
19 DE-GAN [341] 57.96 57.30 14.43 12.21

DocEnTr [339] 67.20 77.13 14.12 10.20

FourBi 63.15 84.99 14.94 9.89
FourBi + Overlap 63.56 85.82 15.02 9.66

Table 3.12: Quantitative comparison on the considered non-Latin character datasets. Best results
in bold, second-best in italic for each of them.
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Figure 3.6: Qualitative comparison between FourBi and other SotA approaches on datasets
containing ancient documents. Starting from the left column, we test FourBi on the non-Latin
datasets PHIBD [256, 26], ISOS-BTD [314], and DIBCO19 [292]. In the rightmost column, we
test FourBi on the Latin datasetDIBCO18 [289]. Allmodels were trained onLatin-script datasets.
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3.1.4 Summary

In this chapter, we have proposed a fully-convolutional Document Binarization
approach that can handle both global and local information to predict more pre-
cisely whether a pixel is background or ink. We achieve this capability by exploit-
ing theFFCoperator in aU-Net-like architecture. TheFFC layers allowhandling
both local and global information, thus leading to results that are comparable or
superior to those achieved with Transformer-based models. Moreover, we have
observed that the common strategy to divide the document image into patches
and treat them separately leads to artifacts at the borders of the patches. In light
of this, we have applied a simple yet effective post-processing strategy consisting
in combining the predictions of our model on overlapping patches. The results
of deep experimental analysis on multiple benchmark datasets demonstrate the
suitability of our approach, together with the possibility of applying the FFC
operator to patches that are much wider than those used in training without per-
formance drop, further improving the performance by reducing the artifacts at
the borders.
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3.2 Extending FFCs to Volumetric Data: Ink De-
tection on theHerculaneum Papyri

Recent advancements in Digital Document Restoration (DDR) have led to sig-
nificant breakthroughs in analyzing highly damaged written artifacts. Among
those, there has been an increasing interest in applyingArtificial Intelligence tech-
niques for virtually unwrapping and automatically detecting ink on the Hercu-
laneum papyri collection. This collection consists of carbonized scrolls and frag-
ments of documents, which have been digitized via X-ray tomography to allow
the development of ad-hoc deep learning-based DDR solutions. In this work,
we propose a modification of the Fast Fourier Convolution operator for volu-
metric data and apply it in a segmentation architecture for ink detection on the
challenging Herculaneum papyri, demonstrating its suitability via deep experi-
mental analysis. To encourage the research on this task and the application of
the proposed operator to other tasks involving volumetric data, we release our
weights and code†.

Some of the most valuable sources of information we have about ancient cul-
tures and populations are themanuscripts and, in general, the artifacts with writ-
ings and pictures that survived history [296, 59, 236, 279]. For this reason, even
the smallest of such objects is precious for its potentially unique and impactful
content. Due to the fragility of the medium and their long history, most of the
ancient manuscripts found by archaeologists can be extremely degraded and irre-
versibly damaged, and thus, challenging to handle and analyze. These challenges
are even more critical for those ancient documents that were written on scrolls,
which also necessitate being unrolled for reading.

Digital Document Restoration (DDR) aims to provide access to these kinds
of documents and has therefore gained great interest from researchers and prac-
titioners [103, 54, 276, 56, 428, 123]. Among the DDR techniques, Virtual Un-
wrapping can be applied when the textual content is physically unreachable, as
in the case of fragile scrolls. Starting from a digital 3D volumetric representa-

†https://github.com/aimagelab/vffc
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tion obtained with X-ray micro-computed tomography [185], this method en-
tails reconstructing the 2D text image, allowing researchers, scholars, and the
general public to visually inspect and study these historical artifacts. Early works
on the application of Virtual Unwrapping were limited to specific use cases and
entailed semi-manual pipelines [324, 213]. Later, fully automated digital un-
wrapping was applied to undamaged or partially damaged scrolls made of parch-
ments [316, 348, 347, 312], bamboo [346, 345], papyri [18, 17], silver [153, 36],
and the famous En-Gedi scroll [325], charred and charcoaled by a fire in early
middle ages.

Figure 3.7: We propose an architecture featuring our devised volumetric Fast Fourier Convo-
lution (vFFC) operator for the ink detection task on the fragments of carbonized Herculaneum
papyri (parts of this image are from the ofÏcial project website https://scrollprize.org/).

When discussing ancient irreparably damaged scrolls, few examples carry as
much significance and present as many challenges as the Herculaneum papyri.
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This collectionofmore than 1800manuscripts, recovered fromtheHerculaneum
Villa of the Papyri, presents a particularly important case due to its unique preser-
vation state and the special interest of scholars [172]. Carbonized and buried in
ashes during the Vesuvius eruption of 79 C.E., they represent the only intact sur-
viving library from antiquity discovered in its original location [172]. Among
the posed challenges, the ink is carbon-based, different from the metal-based ink
in the En-Gedi scroll. Thus, the response of the ink to X-rays is not seemingly
distinguishable from that of the carbonized papyrus support, making traditional
Virtual Unwrapping ineffective.

In the sight of this, in 2023, Parsons et al. [270] proposed to push forward
DDR on this challenging collection by resorting to modern Computer Vision,
Document Analysis, and Artificial Intelligence techniques. To this end, they
developed and released EduceLab-Scrolls, an open dataset containing volumet-
ric scans of rolled scrolls and detached fragments from the Herculaneum papyri,
which is the object of a dedicated ongoing competition‡. The goal is to develop
advanced Virtual Unwrapping strategies to unroll these challenging scrolls and
then perform ink detection on the unrolled sheets. Meanwhile, the fragments
can be used to develop ink detection algorithms. In fact, for the fragments, it
has been possible to obtain infrared images and, thus, ink maps that can be used
for training supervised deep learning models. Thanks to their effort, this novel
task on such challenging data is receiving increasing interest from the Artificial
Intelligence community.

In this respect, we tackle the task via an efÏcient, fully-Convolutional model
featuring blocks inspired by FFCs [75] [4], which we modify to handle volumet-
ric data (see Fig. 3.7). Note that the FFC operator exploits the spectral infor-
mation of the input to expand its receptive field in the frequency domain and to
handle pseudo-periodic patterns. Spatial FFChas been employed for tasks on 2D
images but, to the best of our knowledge, it has never been applied to volumetric
data. For this reason, we propose a modification to the original FFC operation
that makes it able to handle volumetric data and thus be applied to the Hercu-
laneum papyrus fragments scans for ink detection. Through a deep evaluation

‡https://scrollprize.org/
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Figure 3.8: The standard spatial FFC (left) can be adapted to work on spatio-temporal data by
replicating it along the channel dimension (center). Our proposed vFFC (right) is designed to
handle 3D volumetric data directly by combining 3D convolutions and 3D FFTs. For simplicity,
we omit the batch normalization and ReLU operations in the schemes.

analysis, we provide useful insights on the challenging task of ink detection on
Herculaneum papyri and on the proposed approach, which we demonstrate to
be suitable for the task.

3.2.1 Proposed Approach

Our goal is to detect the presence of ink in the volumetric representation of a car-
bonized papyrus sheet. Our model takes as input such volumes and is expected
to output an ink map with the same width and height of the volume, whose ele-
ments contain the probability of ink being in the corresponding papyrus surface.
To tackle this task, we devise a U-net-like architecture, whose details are given
in Sec. 3.2.1, featuring a variant of the FFC operator that we devise to handle
volumetric data as described below.

Volumetric Fast Fourier Convolution

The FFC proposed by Chi et al. [75], which here we refer to as spatial FFC, is
a neural operator that combines convolution and Fourier Transform to perform
local reasoning in the space domain and non-local reasoning in the frequency
domain. This information processing expands its receptive field and makes it
suitable for handling pseudo-periodic patterns in the data. The operator has also
been applied to spatio-temporal data [75]. Here, we refer to this variant as Spatio-
Temporal FFC (stFFC). The vFFC variant devised in this work presents the same
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properties of the spatial FFC operator but can directly handle volumetric data. A
visual comparison between these mentioned operators is reported in Fig. 3.8.

The vFFC operator takes as input a tensorX ∈ R
D×H×W×2C, where 2C is

the number of channels, D is the depth dimension, and H and W are the spa-
tial dimensions. This tensor is split into two parts along the channel dimension,
which are fed to two interconnected branches: a local branch and a global branch.
Splitting the input tensor into two chunks allows the encoding of different infor-
mation in separate regions of the tensor. In addition, this approach permits the
global and local branches to specialize in different aspects because they do not
share the same inputs. The local branch contains two 3D convolutional layers
with kernel size 3 and is in charge of modeling local volumetric information. In
the global branch, the input is mapped into the spectral domain to model global
information. This branch consists of a 3D convolution with kernel size 3 and a
3D Spectral Transform (ST 3D) block.

The ST 3D block exploits a three-dimensional real Fast Fourier Transform
(FFT3D) [83]. Specifically, the FFT3D is performed across the depth, height,
and width dimensions of the input tensor:

FFT3D(X) = Z = R+ iI,

whereZ is a complex tensor, with real and imaginary partsR, I ∈ R
D×H×W

2 ×C.
Then,R and I are stacked together along the channel axis, thus obtaining a ten-
sor

R||I ∈ R
D×H×W

2 ×2C

that is then fed to a 1×1×1 convolutional layer. Batch normalization and ReLU
activation functions are applied to the output of the convolution. The result-
ing tensor is reshaped into a complex-valued tensor Z′ ∈ C

D×H×W
2 ×C, and the

inverse real Fast Fourier Transform (iFFT3D) is computed to obtain the global
branch output:

iFFT3D(Z′) = X′ ∈ R
D×H×W×C.

The output of each branch is summed to the output of the other, and the
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resulting tensors are fed to separate batch normalization and ReLU operation
before being stacked together to obtain the final vFFC output tensor.

Ink Detection Architecture

Rather than having a different response to X-rays than the papyrus support, the
carbon-based ink in the Herculaneum scrolls ink modifies the substrate struc-
tural patterns in subtle ways, as shown in [269]. In particular, parts containing
ink have different types of cracks and densities and are thicker and smoother than
empty ones. In this challenging case, it is important to consider both local and
global contexts. The subtle patterns are, in fact, very localized, but with a global
context, the model is able to consider holistically information from the whole
subvolume. Moreover, we argue that the vFFC operator, which is able to handle
pseudo-periodic patterns, is suitable for modeling this kind of data. We treat ink
detection as a pixel-wise classification task, and we use an encoder-bottleneck-
decoder architecture composed of a 3D convolutional encoder, a vFFC-based
bottleneck, and a 2D convolutional decoder. To accurately localize the signal
and fuse high-level and low-level features, we employ skip connections between
the encoder and the decoder, similar toU-Net [310], and vFFC layers in the latent
space of the network.

Specifically, we employ a 3DResNet-34 [138] to encode the subvolumes. The
output from the last block is fed to 3 vFFCResidual Blocks, each combining two
vFFC layers with a residual connection. TheRD×H×W×C featuremaps from the
bottleneck are collapsed to R

H×W×C by averaging the depth dimension. The
same applies to the encoder activations in the skip connections. Then, a 2D de-
coder reconstructs the inkmap. This decoder is obtained by stacking four blocks
made of 2-fold bilinear interpolations and convolutions, operating on the con-
catenation of the output of the previous layer and the features from the corre-
sponding encoder layer. Since the fragments have very high resolution but repre-
sent small objects, the decoder does not reconstruct the full-scale ink map but
rather a 4-fold downscaled one. This approach also limits the computational
weight of the model.
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Training and Inference

We train our model on subvolumes (3D patches) of the fragments scans both
to limit the computational complexity of our model and to obtain more sam-
ples from the same fragment. Note that this strategy is customary for other data-
constrained tasks such as documentbinarization [362] ormedical images segmen-
tation [173, 97]. Moreover, we apply a number of data augmentation operations
(described in Sec. 3.2.2) in order to reduce the risk of overfitting and help the
model generalize to unseen data. Our adopted loss function is a combination of
the Dice loss and weighted binary cross entropy (WBCE). The Dice score coefÏ-
cient has been proposed for unbalanced segmentation [248], while the weighted
binary cross-entropy is customary for classification. LetN be the number of vox-
els, pi ∈ P the predicted binary segmentationmap, and gi ∈ G the ground-truth
ink image. The loss can be written as:

L = Dice+WBCE,

with

Dice =
2
∑N

n pngn + ε
∑N

n p2n +
∑N

n g2n + ε
,

WBCE = − 1
N

N
∑

n=1
w[gn log pn + (1− gn) log(1− pn)]

wherew is the weight attributed to the ink class. The predicted inkmap contains
values ranging from 0 to 1, representing the ink presence probability. From this,
we obtained a binarized image by applying a threshold of 0.5.

3.2.2 Experimental Analysis

In this section, we present the experiment setup concerning the ink detection
task on the fragments of the recently proposed EduceLab-Scrolls dataset and de-
tail our training strategy. Moreover, we present an extensive analysis of the pro-
posed components, both to explore their contribution and give some intuitions
on what is more suitable for this task.
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Figure 3.9: Fragments contained in the considered dataset, in different modalities.
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Experiment Setup

Dataset. As mentioned above, in this work, we focus on the surface volumes
of the fragments in the EduceLab-Scrolls [270] (see Fig. 3.9). These scans have
been performed with X-ray micro-CT and thus are very detailed. With a 3.2μm
voxel size, they have resolutions in the order of thousands of pixels and weigh
several Gigabytes. In particular, we use the three publicly available fragments
released for the Vesuvius Challenge on Ink Detection related to the EduceLab-
Scrolls dataset project. These documents, broken and detached from the scrolls
during destructive physical unrolling attempts, have visible ink and, thus, it has
been possible to obtain a ground truth ink map, also thanks to infrared analysis.
The scans are all composed of 65 slices but have different spatial sizes: 6330×8181
for fragment 1, 9506×14830 for fragment 2, and 5249×7606pixels for fragment
3. In our experiments, we use fragment 1 for test and the other two for training.

EvaluationMetrics. Considering the novelty of the task and its similarities
to other tasks, weuse a combinationofmetrics to evaluate ourmodels. First of all,
we adopt the score proposed in [270] to evaluate the ink detection performance,
i.e. the Fβ score, which weighsmore the precision than the recall and is defined as
follows:

Fβ =
(1+ β2)pr
β2p+ r

,

where p and r are precision and recall, respectively, and the parameter β=0.5.
Moreover, we employ some scores commonly used in Document Binarization,
namely the pseudo-F-Measure (pFM) [264] and the Peak Signal-to-Noise Ratio
(PSNR), which measures the similarity of two images.

ImplementationDetails. Considering thatmost of the information is in the
central slices and to reduce computational impact, we use 16 slices for training.
Note that using more slices would not straightforwardly improve performance:
in fact, fragments have hidden text, in papyrus layers fused in the back, that could
be present in the surface slice if we go too deep. Taking also into account that the
ink is a localized signal, we train on 16×256×256 subvolumes.

For optimization, we use the AdamW [225] optimizer with β1 = 0.9, β2 =
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0.95, and the OneCycle scheduler [332] with learning rate 0.003. We set the
batch size to 4 and apply floating point 16 mixed precision to speed up training.
For regularization,weuseDropPath [196]with rate 0.1, ChannelDropout [367],
with rate and maximum dropped channels both set to 0.5, and additional data
augmentation strategies as described in Sec. 3.2.2. We set the ink weight in the
WBCE to 1 and train the models for 20 epochs, which takes 24 hours with an
NVIDIARTXA5000. At test time, for the entire test fragment, we perform the
prediction on 16×256×256 subvolumes and keep only the prediction on the
inner 16×128×128 part to reduce border artifacts.

Data Augmentation. We perform data augmentation in order to enhance
model generalization and robustness. In particular, we obtain the training sub-
volumes starting from a 3D lattice of the whole fragment scans, with cells of size
32×512×512 and stride 64. During each training iteration, we extract subvol-
umes of size 16×256×256 from a random 3D position of the lattice cells. The
rationale behind this strategy is twofold. In the spatial dimension, the random
crop increases the variability in the training data, preventing the network from
being exposed to the same patches repetitively. In the depth dimension, exposing
the network to different slices ensures that the model learns to discern patterns
across all depth coordinates. Indeed in a real-world application, the surface vol-
umes would be extracted from segmented sheets in a scroll. This process is prone
to errors andmisalignment. Thus, there is rarely correspondence between depth
coordinates in different samples. By enforcing depth invariance, the network is
able to model patterns independently of specific depth locations. Moreover, we
randomly apply horizontal and vertical flip, 90◦ random rotation, and transpo-
sition to obtain the corresponding Dihedral group D4 transformations, further
increasing diversity in spatial patterns.

Results

In this section, we report an analysis aimed at identifying the most relevant ele-
ments of the training procedure and assessing the effectiveness of our proposed
vFFC-based model for the ink detection task.
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Figure 3.10: Qualitative results of the considered variants on the test fragment. Red indicates the
missed ink predictions, green indicates the pixels correctly identified as ink, and maroon indicates
the background pixels incorrectly classified as ink.

Training Strategy. First, we analyze the contribution of the applied data
augmentation strategies. The results of this analysis are reported in Tab. 3.13. It
can be observed that the Dihedral transformations bring themost benefits to the
training by inducing the larger variability. From these experiments on fragment 1,
the benefit of the random crop is not evident. Nonetheless, when testing on the
public and the private test set of the Kaggle Ink Detection Challenge associated
with the EduceLab-Scrolls dataset, this regularization strategy has been proven
beneficial for increasing the generalization capability of our model in handling
fragments in which the relevant information is localized in different slices. The
effect of the random crop, especially on the depth axis, is visible from the activa-
tion maps discussed in Sec. 3.2.2. Then, we perform an ablation on the training
loss terms, whose results are reported in Tab. 3.14. It emerges that the WBCE
leads to good performance, and the combination with the Dice helps refine the
results. Moreover, givingmoreweight to the ink class leads toworse performance,
despite the ink class being much less represented than the background.

Architecture. We compare the proposed architecture with a number of base-
lines in Tab. 3.15. To assess the effectiveness of vFFCs, we compare our proposed
model against variants featuring different kinds of bottlenecks. In particular, we
consider a variant without bottleneck layers, one with stFFCs, and one with 3D-
Convs. Overall, using the proposed vFFC in the bottleneck leads to the best per-
formance. Arguably, this is due to themore precise prediction of the background
pixels, as can also be observed from the qualitative comparison in Fig. 3.10 (see,

50



3333

3.2. EXTENDING FFCS TO VOLUMETRIC DATA: INKDETECTIONONTHE
HERCULANEUMPAPYRI

Dihedral
Transform

Random
Crop

Channel
Dropout Fβ pFM PSNR

- - - 0.37 0.53 9.37
✓ - - 0.46 0.57 10.38
✓ ✓ - 0.46 0.57 9.62
✓ ✓ ✓ 0.47 0.58 10.09

Table 3.13: Ablation analysis on the augmentation strategies adopted.

Loss w Fβ pFM PSNR

Dice - 0.40 0.56 9.47
WBCE 1 0.44 0.56 10.34
WBCE +Dice 5 0.41 0.53 8.20
WBCE +Dice 2 0.45 0.56 9.86
WBCE +Dice 1 0.47 0.58 10.09

Table 3.14: Ablation analysis on the training loss function.

e.g. the top-right part of the prediction map).

Kaggle Ink Detection Challenge Results. We participate in the Kag-
gle Vesuvius Challenge - Ink Detection§ with a boosted version of our model. In
particular, we maintain the architecture but employ a different training and in-
ference strategy to fully exploit the training fragments available. In particular, we
split each available fragment into twoparts in order to obtain a total of six subsets.
Then, we train six versions of ourmodel in a k-fold strategy and set the prediction
threshold to 0.8. We then submit an ensemble of thesemodels, combined viama-
jority voting on each pixelwith four votes out of six. The submission scored silver
medal (i.e. within the top-5% submissions) in the competition, scoring around
Fβ=0.70 on the public test set and Fβ=0.60 on the private one.

§www.kaggle.com/competitions/vesuvius-challenge-ink-detection
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Bottleneck Fβ pFM PSNR

- 0.46 0.58 9.87
stFFC 0.45 0.58 9.76
3D-Conv 0.46 0.58 10.04
vFFC 0.47 0.58 10.09

Table 3.15: Quantitative comparison between our model featuring vFFCs in the bottleneck and
baselines with different bottlenecks.

Figure 3.11: Prediction probability map of our proposed model on the test fragment.

Visualizations

For reference, Fig. 3.11 shows the ink prediction probability map. Even though
the threshold is set to 0.5, we argue that this non-thresholded visualization can
be helpful for manual visual inspection of the fragments.

Finally, we study the model class activationmap by using LayerCam [169]. In
particular, we consider the whole depth size for a given 2D patch on the papyrus
surface, obtaining a volume V with shape 65 × 256 × 256. Then, we extract
subvolumes of size v ⊂ V with shape 16 × 256 × 256 and stride set to 1, cov-
ering the whole Z axis, and feed them to the network. We compute the mean
activation value on the spatial dimensions for each depth slice and show the re-
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HERCULANEUMPAPYRI

Figure 3.12: Activation maps by varying the depth and keeping the spatial coordinates of the
subvolume fed to our model (blue represents the minimum value, yellow the maximum). For
reference, we report the corresponding ground-truth ink map, the infrared image of the surface,
and the coronal slice of the subvolume.

sult in Fig. 3.12. On the x-axis of the activationmaps plot, we report the value of
the starting z ∈ Z coordinate of the subvolume. On the y-axis, we plot the abso-
lute z ∈ Z depth coordinate. As we can see, the plot is divided into three regions,
corresponding to the upper (0 ≤ z < 24), middle (24 ≤ z < 40), and lower
(40 ≤ z ≤ 65) parts of the papyrus volumeV. Whenwe feed to themodel slices
corresponding to small values of z, they are all informative; thus, the network
does not look specifically at any of them but rather combines the patterns. In the
center-most region of the plot, the network consistently focuses on the slice with
z ≈ 30 for several passes of the subvolume. We argue that this is the main mani-
festation of the depth invariance that we instill with the subvolume random crop.
This way, the network can account for segmentation misalignment in real-world
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scenarios, learning to recognize important slices independently from their rela-
tive position in the subvolume. Then, with growing values of z, the depth slices
contain less and less information, so the network focuses on the slices with rela-
tively lower values of z. We provide visualizations of the volumeV in Fig. 3.12:
from the depth slice, we can see that the information is for the most part in the
low z coordinates, while the infrared image and the ground truth showwhere ink
is present in the surface and changes the inner texture of the papyrus support.

3.3 Conclusion

In this chapter, we have explored the use of Fast Fourier Convolution (FFC)
for two document analysis tasks. First, with FourBi, we have proposed a fully-
convolutional Document Binarization approach that exploits FFCs in a U-Net-
like architecture to handle both global and local information, achieving results
comparable or superior to those of Transformer-based models while being more
efÏcient. We have also demonstrated that a simple overlapping post-processing
strategy effectively reduces artifacts at patch borders, and that FFCs can seam-
lessly operate on patches larger than those used during training. Then, building
upon the FourBi experience, we have devised the vFFC operator, a modification
of the standard FFC designed to handle volumetric data directly. We have in-
corporated the vFFC in an architecture for the DDR sub-task of ink detection
on volumetric scans of carbonized papyri fragments from the EduceLab-Scrolls
dataset. Through experimental analysis, we have assessed the effectiveness of this
approach and contributed to the emerging research interest in DDR on the chal-
lengingHerculaneum papyri data. Overall, these works demonstrate the versatil-
ity and effectiveness of frequency-domain reasoning for document analysis, from
2Dbinarization to 3D ink detection. The vFFCoperator could also be applied to
other tasks and scenarios involving volumetric data (e.g. medical imaging), which
we leave for future work.
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4
Multi-Page Document Parsing

with µgat

Regesta are catalogs of summaries of other documents and, in some
cases, are theonly sourceof information about the content of such full-
lengthdocuments. For this reason, they are of great interest to scholars

in many social and humanities fields. In this work, we focus on Regesta Pontifi-
cumRomanorum, a large collection of papal registers. Regesta are Visually-Rich
Documents (VRDs), where the layout is as important as the text content to con-
vey the contained information through the structure, and are inherently multi-
page documents. Among Digital Humanities techniques that can help scholars
efÏciently exploit regesta and other documental sources in the form of scanned
documents, Document Parsing has emerged as a task to process document im-
ages and convert them into machine-readable structured representations, usu-
ally markup language. However, current models focus on scientific and business

ThisChapter is related to the publication “F.Quattrini∗, C. Zaccagnino∗ et al., µgat: Improv-
ing Single-PageDocument Parsing by ProvidingMulti-PageContext, ECCVW2024” [8]. ∗Equal
contribution. See the list of Publications on page 315 for more details.
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Figure 4.1: Three consecutive pages from the Regesta Pontificum Romanorum: summaries are
both simple-layout paragraphs and text in a tabular layout, and the corresponding information
about date and place is given via layout. Such entries (summaries and metadata) span multiple
pages, with interleaved information and layout elements.

documents, and most of them consider only single-paged documents. To over-
come this limitation, in this work, we propose µgat, an extension of the recently
proposed Document Parsing Nougat architecture, which can handle elements
spanning over the single page limits. Specifically, we adapt Nougat to process
a larger, multi-page context, consisting of the previous and the following page,
while parsing the current page. Experimental results, both qualitative and quan-
titative, demonstrate the effectiveness of our proposed approach also in the case
of the challenging Regesta PontificumRomanorum. To foster research inmulti-
page document parsing, we release our code for both the dataset preparation and
the proposed approach at *.

4.1 Introduction

Avastmajority ofCulturalHeritage and historical data comes in the formof digi-
tized document images. Among those, regesta collections are a valuable source of
information for scholars ofmanydifferent fields of humanities and social sciences
(e.g. history, religious studies, linguistic and literary studies, etc.). In fact, regesta
serve both as organized collections of sources and data related to a vast range of

*https://github.com/aimagelab/mugat
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topics, places, and individuals and as indexing tools for scholars to find the histori-
cal documents preserved by archives all around theworld. Specifically, regesta are
chronologically ordered catalogs of summaries of historical documents, which,
in some cases, are the only existing source of information about the full-length
documents they summarize. A regestum is a highly structured summary of a
document, both visually and textually. Such documents have been created by
following a precise and consolidatedmethodology, which involves the extraction
of information from specific sections of the full-length document and its trans-
lation and codification into a language shared by the community of scholars at
the time the regestum has been edited. This methodology to summarize histor-
ical documents has been specifically formalized and used to collect, index, and
summarize medieval documents. Regesta collections have been compiled by in-
tellectuals and scholars starting from the 19th century until the present, creating
a rich corpus of historical data. However, only scanned versions of the regesta col-
lections are available, not inmachine-readable format. This is because this wealth
of historical data is preserved in printed texts from the 19th and 20th centuries,
with fonts and layouts that are difÏcult to process with traditional OCR systems.
Specifically, regesta are characterized by difÏcult-to-read ancient fonts, extensive
use of abbreviations and acronyms, and, peculiarly, a multi-column layout (dif-
ferent from edition to edition). In fact, regesta are documents whose layout is as
important as the content since it helps to correctly correlate the contained infor-
mation through the structure. In this sense, regesta are visually rich documents.

Visually-rich Document Understanding (VrDU) is an area of research that
aims to analyze and extract information from document images. Unlike other
vision-based data, the text is an integral part of the image. Therefore, to effec-
tively perform this task, it is necessary to consider and combine textual, visual,
and spatial information. Given the huge range of different layouts, conservation
status, scan quality, and content of documents, existing approaches usually en-
tail pertaining models to perform tasks like parsing and masked language/visual
modeling [406, 407, 158, 188, 94, 204, 48] on large-scale general datasets like
IIT-CDIP [200] or CC-PDF [374]. Then, these models are fine-tuned on spe-
cific datasets for different subtasks, such as Document Classification [200, 137],
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Document Layout Analysis [433, 206], Key Information Extraction [165], and
Document Question Answering (DQA) [240]. Despite being an active research
area, there are still many challenges and open questions concerning scalability,
generalization, and sub-task definitions [378, 377]. One aspect that is receiving
increasing research interest is that inmost settings (and relative datasets), the con-
sidered documents are single-paged or seen as an independent set of single pages.
This limitation severely hinders the capabilities of the resulting developed mod-
els in real-world scenarios, both in terms of performance (as they cannot leverage
multi-page information and wrongly consider each page as independent) and in
terms of possible applications [378, 377]. In this respect, some recent works have
tackled this problem by also proposing new multi-page document datasets for
VrDU[378, 219],Classification [377], andDQA[378]. Inparticular,multi-page
DQA is attracting interest, and some approaches have been proposed that extend
single-page pretrained architectures to handle multi-paged inputs [366, 47].

Particularly relevant in the context of VrDU is the Document Parsing task,
which consists in extracting a structured representationof a document inmarkup
language. This task is considered both for pre-training [94, 188] and as the final
goal [48, 354, 197, 234] in VrDU. Academic documents are particularly inter-
esting for the VrDU community [48, 354] because of the challenges they pose,
whichmake them a valuable tool for developing general and effectiveVrDUmod-
els. Most of these documents are images in PDF format, obtained from scanned
documents produced before the age of the Internet, which usually present com-
plicated andhighly variable layoutswith tables, formulas, and graphs intertwined
with text. Moreover, these documents are almost always multi-page, with text
split between pages and interleaved with images or tables and cross-page refer-
ences. However, state-of-the-art works are trained to parse single pages. We argue
that, due to the multi-page nature of most visually-rich documents, when pars-
ing a page, the models can benefit from taking into account the context around
the page, which we define as the previous and next page.

In thiswork, we treat academic document parsing as a proxy task for obtaining
amodel able to parse regesta collections without fine-tuning on such documents.
In fact, due to their information-carrying layout and the underrepresented lan-
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guage in which they are written (medieval Latin), obtaining a large amount of
high-quality annotated regesta pages requires multidisciplinary skills and, there-
fore, is costly and time-consuming. Thus, a language-agnostic, multi-page doc-
ument parsing model that can be used off-the-shelf on regesta would be highly
valuable for the Digital Humanities community. For this reason, in this work,
we tackle multi-page document parsing by proposing an adaptation strategy to
make pretrained OCR-free single-page document parsing models able to handle
multiple pages as context, increasing the consistency of the parsing output. We
consider the recently proposed Nougat [48] architecture as the base single-page
document parsing model and call our approach μgat (multi-page Nougat).

As a use-case, we consider the Regesta Pontificum Romanorum [284], edited
by August Potthast between 1874 and 1895 (see some pages in Fig. 4.1). This
is a well-known collection of summaries of documents produced and issued by
popes and pontifical chanceries (papal letters, bulls, decretals, etc.) from the ori-
gins of the Latin Church to the beginning of the 14th Century. By providing
detailed records of papal decisions, letters, and administrative actions, they serve
as a scholarly resource for the study of the Latin Church and, more broadly, for
the history of ancient and medieval Europe. The Regesta Pontificum Romano-
rum can be seen as amulti-page, three-column table where each page has a header
bearing the pontiff who authored the summarized documents and the year. The
table entries are relative to different full-length documents and report the follow-
ing information: 1) the edit date (month and day) of the document ; 2) the place
where it was edited; and 3) the text of the regestum, i.e. the summary. The reges-
tum itself has a specific structure and contains the following information in a
fixed order: addressee; summary of the contents; date according to the ancient
calendar; references to find the document in the original version (on parchment)
or in a printed edition, and the incipit of the text. The loss of any of these el-
ements or a reversal of their order would make the summary incomprehensible
and the original medieval document impossible for scholars to find. Therefore,
for its relevance for humanities studies and for the challenges posed for VrDU,
we choose this collection as our use-case to validate the proposed approach for
multi-page context-enhanced document parsing.
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}

Figure 4.2: Our proposed μgat architecture. The Visual Encoder embeds the previous, current,
and next page. These embeddings are then concatenated and, after the addition of inter-page and
inter-page positional embeddings, fed into the key and value of the adapter’s cross-attention layers,
which extract information into the learnedN tokens representing compressed information about
the pages. These tokens are then appended to the current page tokens and fed to the auto-regressive
Decoder.

4.2 Proposed Approach

In this section, we first provide the details about the Document parsing architec-
ture that we use as the base model and the Adapter model we devise to enhance
its performance by exploiting multiple pages as context when parsing the page
of interest. Then, we describe the semi-automatic procedure we adopt to collect
increasingly challenging data used for training and validating our model. These
include complex-layout academic papers, long tables, and pages from theRegesta
PontificumRomanorum.

4.2.1 µgatModel

Base Architecture. Our approach is based on the idea of introducing multi-
page context as input to encoder-decoder document parsing models to increase
the consistency of their output by exploiting information from multiple pages.
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In thiswork,webuildupon the recentlyproposed single-pageparsingNougat [48]
architecture. This is an Encoder-Decoder Transformer [380] specialized in doc-
ument parsing, inspired by Donut [188]. In particular, the encoder is a Visual
Encoder implemented as a Swin Transformer [224], which takes as input a doc-
ument image x ∈ R

H0×W0 and embeds it into a sequence of P vectors z ∈ R
d.

The decoder is implemented as a mBART[201], which auto-regressively gener-
ates a sequence of tokens by attending the embedded image via cross-attention
and its generated tokens via self-attention. The output tokens are then projected
to the same vocabulary as the one used in [360]. The model is trained to out-
put parsed documents formatted inMarkdown, with additional LATEX syntax to
represent mathematical equations and have greater flexibility when representing
tables.

In this work, we introduce an Adapter module between the Encoder and the
Decoder. In particular, we propose to keep theNougat Encoder frozen and train
the Adapter while also fine-tuning the Nougat Decoder. This reduces the re-
sources needed to extend the parsing model, both in terms of training time and
annotated data required. In particular, the proposed Adapter takes as input the
Encoder embeddings of three consecutive pages and extracts relevant informa-
tion into N learned tokens using the cross-attention mechanism. These tokens
are then passed to the Decoder alongside the P embedding vectors extracted by
the Encoder for the current page that is being parsed. We provide an overview of
our pipeline in Fig. 4.2, providing details of theAdaptermodule in the following.

AdapterModule. In order to usemultiple pages as input for parsing, a simple
approach would be to concatenate multiple page embeddings and feed them di-
rectly to theDecoder [378]. However, ourDecoder, as well asmost of those used
in document parsing solutions, feature attention operators, which scale quadrati-
callywith the input size. Therefore, this naïve solutionwould lead to a significant
computation overhead. In light of this, we propose to use a dedicated Adapter
module. We implement the adapter as a Perceiver [163] architecture, which takes
as input the Encoder outputs for the previous, current, and next pages and con-
sists of a series of L layers, in which cross-attention and feed-forward operations
are performed. We train this adapter to generate N d-dimensional tokens that
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summarize information on the content of neighboring pages, which is useful for
parsing the current page.

Specifically, we run the Visual Encoder for each of the three input pages and
concatenate the resulting embeddings. Then, we sum a learnable inter-page posi-
tional encoding, whose values are the same for all the tokens referring to the same
page, and a learnable intra-page positional encoding, whose values are the same
for the tokens in the same position of their respective page. The result is linearly
projected to thedimensionof the keys andvalues for cross-attention,which is per-
formed using as queries a linear projection of the N learnable tokens. After the
cross-attention, the N output tokens go through a position-wise feed-forward
neural network, as in the standard Transformer. We propose to maintain the
number of learned tokensmuch smaller than the number of Encoder embedding
vectors in order to limit the computation overhead. In fact, the cross-attention
operations inside theAdapter scale linearlywith thenumber of context pages con-
sidered and have onlyN additional elements. Moreover, the overhead is limited
also in the Decoder since its input is increased by onlyN << P tokens. Finally,
note that when the previous or the next pages are not available (which can be
the case for incomplete documents or for the first and the last pages), we feed the
adapter with the embeddings of an empty page.

4.2.2 Training and Fine-tuning Data

Academic Papers. Previous works tackling document parsing [48] usually col-
lect paired single-page images and corresponding markup transcription training
data by crawling academic papers PDFs and the associated LATEX source files,
from which the ground truth markup parsing can be obtained. However, the
authors of these works do not release the data they used. Moreover, the multi-
page focus of this work requires preserving the information about the order of
the pages to allow feeding our model with the context of the current page to be
parsed. In light of this, we collect a small dataset with this characteristic by crawl-
ing data from arXiv, which we will release to foster future research on VrDU
models able to exploit the context. Note that Nougat, which we use as the base
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model, was trained on arXiv papers published on the website before January
2024. Thus, for our dataset, we select only papers released after January 2024 to
avoid feeding the Encoder model with data already seen during its training. We
download 6933 multi-page documents, and we perform the same preprocessing
steps as in [48]†, resulting in 7724 annotated pages. In fact, due to the necessity
of linking the visual parts of the images to the textual ground truth, after these
preprocessing steps, only a portion of the image-markup pairs are deemed suf-
ficiently high-quality and maintained in the dataset, with an acceptance rate of
about 47%. In our dataset, there can be four scenarios, depending on the avail-
ability of the previous and the next page as context for parsing the current page.
These are summarized in Section 4.2.2 and are as follows:

• Only the current page is available (the input to μgat will contain empty-
page embeddings to replace the previous and the next page);

• The previous and the current pages are available, but not the next one (this
latter is replaced with empty-page embeddings when preparing the input
to μgat);

• The current and next pages are available, but not the previous one (this
latter is replaced with empty-page embeddings when preparing the input
to μgat);

• Both the previous and next page are available for the current page.

When composing our dataset, wemake sure tomaintain a balanced combination
of these scenarios in order to facilitate the training of amore general adapter. Our
dataset splits follow the 80-10-10 rule, obtaining 7690 samples for training, 962
for validation, and 913 for test. We provide detailed statistics in Sec. 4.2.2.

Tables. In order to simulate the regesta use-case more closely, we build a syn-
thetic dataset of three-column, full-page tables. Specifically, we select ten Pan-
doc‡ templates§ andfill themwith text taken fromparts of the papers in our arXiv

†https://github.com/facebookresearch/nougat
‡https://pandoc.org/index.html
§Selected among those in https://github.com/cab-1729/Pandoc-Themes
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prev. curr. next Training Validation Test

3 1276 156 165
3 3 1758 207 210

3 3 1758 208 210
3 3 3 2898 391 328

total 7690 962 913

Table 4.1: arXiv dataset Statistics. For each split, we report the different types of context that can
be provided to the model. Given the current page (curr), there can be the previous page (prev.)
only, the next page (next) only, and both or neither available.

dataset. In this way, the major challenge of the tables dataset will consist in the
layout rather than in the text. The table documents are generated by paying at-
tention to having a good variety of styles (in terms of fonts and table decorations)
and table format. In this respect, we include both tables with columns of equal
width, andmore regesta-like tables, inwhich the first two columns are smaller and
contain fewer words than the third column. In fact, recall that in the regesta, the
first two columns contain information about the date and place, while the third
contains the summarized text of the referenced full-length document. In total,
we obtain 399 samples that can be used for training or fine-tuning, 36 samples
for validation, and 38 for test.

Regesta Pontificum Romanorum. In order to evaluate the performance
of our models on the selected regesta use-case, we semi-automatically annotate
12 pages from the Regesta Pontificum Romanorum inde a 1198 ad 1304. To this
end, we feedGPT-4Vwith each page image and prompt it to parse the image into
a LATEX table that follows the three-column Regesta structure. Afterward, we
manually correct both the transcription and formatting errors. Note that anno-
tating the regesta is a time-consuming task, which also requires multidisciplinary
expertise (e.g., certain proficiency both in markup and Latin languages). For this
reason, we collect a small amount of pages. This set constitutes our evaluation
benchmark for the trained models on the challenging regesta use-case.
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4.3 Experiments

4.3.1 Implementation and Training Details

We consider Nougat-Small [48] as the baseline model, with Swin-Base as the Vi-
sual Encoder [224] and a 4-layermBART[201]Decoder. Following [48], we ren-
der the documents as images at a resolution of 96DPI and resize and pad them to
reach the resolution (896, 672) for compatibility with Swin-Base. This results in
P=588 embedding vectors with d = 1024. The proposed Adapter is composed
of 2 layers with 4 learnable tokens. We train the overall μgat model for 50 epochs
on the proposed academic papers dataset. Note thatwe keep theEncoderweights
frozen, train theAdapter by usingAdamW[225] as optimizer, with learning rate
5e-4, and fine-tune the Decoder with the same optimizer but learning rate 5e-5.
Every epoch, the learning rates are reduced by a factor γ=0.9996 until they reach
2e-6, with an exponential scheduler. Note that we run an experiment in which
we fine-tune on the synthetic tables. To this end, we use a learning rate of 5e-5
and fine-tune the models for 30 epochs.

4.3.2 Experiment Setup

For validating our proposed approach, we consider the three datasets of docu-
ments described in Sec. 4.2.2. Recall that these are academic papers (which we
refer to as arXiv), rendered tables (which we refer to as tables), and pages from
the Regesta PontificumRomanorum (which we refer to asRPR).

As for the evaluation scores, in line with Document Parsing literature, we re-
port the performance in termsof the followingmetrics: EditDistance (ED) [199],
which measures the number of character substitutions, insertions, and deletions
to transform one string into another; BLEU (B) [268], whichmeasures the num-
ber of matching n-grams between a source and target text; METEOR (M) [29],
which considers also the recall of the target n-grams; Precision (P), and Recall
(R). Note that these two latter scores are obtained by collecting the words in the
ground truth and in the model output prediction into two sets and calculating
the number of words in the prediction set that also appear in the ground truth
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arXiv RPR

ED B M P R ED B M P R

Nougat-S 15.6 80.1 86.3 90.4 88.7 75.4 3.2 11.0 36.4 15.0
Nougat-S* 10.4 84.7 89.1 91.9 89.5 75.4 3.2 11.0 36.4 16.0
Nougat-B 15.6 80.1 86.3 90.5 88.7 75.4 3.2 11.0 36.4 16.0
µgat 8.8 87.1 91.4 92.2 91.2 72.1 4.8 11.8 18.9 14.3

Table 4.2: Comparison between µgat, Nougat-S (our base model) applied in direct transfer and
fine-tuned on the same data used to train our model (Nougat-S∗), andNougat-B applied in direct
transfer.

(for the precision) and the number of words in the ground truth set that also
appear in the prediction (for the recall).

4.3.3 Results

Quantitative Comparison. First, we perform a quantitative comparison
against the baseline Nougat-Small (which we refer to as Nougat-S) model, both
directly applied to the arXiv and RPR samples and fine-tuned on the training
split of arXiv (we refer to this version as Nougat-S*), and the larger Nougat-Base
model (which we refer to as Nougat-B). We show the results on arXiv and RPR
in Tab. 4.2. As we can see, our model performs better than the competitors. An-
other aspect that emerges from the results is that the RPR dataset, to which we
directly apply all the compared models without any fine-tuning, is still very chal-
lenging, even for our model.

Role of the Context. Moreover, in Tab. 4.3, we show the validation results
for our μgat model and the Nougat-S* baseline on the arXiv test set further di-
vided depending on the context available for each page to be parsed. As we can
see, while the performance of the compared models is very close when the iso-
lated current page is provided, the performance of μgat consistently increases as
more context is provided, indicating that our strategy allows exploiting inter-page
structure for parsing.

Role of the Training or Fine-tuning Dataset. To evaluate the role of
the training and fine-tuning, we perform an analysis in which we fine-tune the
baseline Nougat-S on the arXiv training set used for training μgat and further
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prev. curr. next ED B M P R

Nougat-S*

3 13.4 80.2 85.6 88.0 86.3
3 3 11.2 83.9 88.7 91.7 89.0

3 3 10.9 84.6 88.8 92.5 89.0
3 3 3 7.6 88.1 91.6 93.7 91.7

µgat

3 12.3 81.8 87.4 88.0 87.5
3 3 9.3 86.7 91.4 92.5 91.2

3 3 9.1 87.5 91.3 92.7 91.2
3 3 3 6.5 89.8 93.4 93.8 93.2

Table 4.3: Performance ofNougat-S* andμgat onpages of the arXiv test set forwhich it is available
just the current page, also the previous or the next, and both.

arXiv tables RPR

tr/ft ED B M P R ED B M P R ED B M P R

Nougat-S
- 15.6 80.1 86.3 90.4 88.7 63.3 31.1 59.5 79.7 65.9 75.4 3.2 11.0 36.4 15.0

arXiv 10.4 84.7 89.1 91.9 89.5 63.7 27.6 41.3 69.6 44.6 75.4 3.2 11.0 36.4 15.0
arXiv, tables 19.7 75.2 82.7 84.6 83.8 58.7 35.7 57.7 73.8 62.4 75.4 3.2 11.0 36.4 15.0

µgat arXiv 8.8 87.1 91.4 92.2 91.2 61.4 32.7 51.1 68.1 55.3 72.1 4.8 11.8 18.9 14.3
arXiv, tables 18.5 76.4 82.2 84.2 82.6 8.6 85.5 94.2 96.4 94.5 84.9 0.7 04.8 23.3 7.1

Table 4.4: Ablation on the dataset used for fine-tuning (ft) or training (tr) the Adapter of µgat
and decoder of Nougat-S (our base model) or µgat.

fine-tunebothmodels on the tables dataset. From the results reported inTab. 4.4,
we observe that fine-tuning improves the performance of both models but does
not helpmuchwhen directly applying them to theRPRpages. It is worth noting
that Nougat-S benefits less than μgat from fine-tuning, especially on tables.

Ablation on theNumber of Adapter Layers andTokens. In Tab. 4.5,
we show an ablation analysis by varying the number of Adapter layers L and of
the learnable tokensN. We notice that increasing L beyond 2 does not improve
the performance, possibly also due to the small size of the training dataset. As
for the number of tokens, we empirically find that 4 is a good trade-off between
representation capabilities and generalization.

Qualitative Results. Finally, we report a qualitative analysis of the perfor-
mance of Nougat-S* and μgat on the arXiv dataset in Fig. 4.3 and of μgat on the
RPR pages in Fig. 4.4. The images for the ground truth and the models parsing
output are obtained by rendering the markdown/LATEXin PDF by using Pandoc.

67



44444

4. MULTI-PAGEDOCUMENT PARSINGWITH µGAT

arXiv tables RPR

#layers #tokens ED B M P R ED B M P R ED B M P R

2
2 10.2 84.9 89.7 91.4 89.8 67.3 24.4 39.2 69.4 43.1 84.8 1.2 4.1 22.7 6.2
4 8.8 87.1 91.4 92.2 91.2 61.4 32.7 51.1 68.1 55.3 72.1 4.8 11.8 18.9 14.3
8 9.6 86.1 90.7 91.7 90.7 68.5 20.4 35.0 58.6 38.6 76.7 2.4 6.4 16.6 8.4

4
2 9.4 86.4 90.7 91.9 90.7 64.1 27.5 46.2 71.8 50.4 77.3 2.6 7.1 17.1 9.6
4 9.9 85.7 90.4 91.6 90.5 65.4 27.3 40.9 75.6 43.6 78.0 2.6 8.3 24.1 11.3
8 9.6 86.0 90.6 91.5 90.6 63.4 31.9 47.4 73.1 51.7 88.3 0.8 2.5 14.4 3.5

Table 4.5: Ablation on the number of Adapter layers and tokens in our µgat model.

From Fig. 4.3, we can observe that the output of μgat for the arXiv data is very
close to the ground truth, especially when full context is provided. On the other
hand, Nougat-S* misses some more details (like superscript numbers signaling
footnotes) and even collapses into repeating the phraseMilano, Italy a few times.
As for RPR pages (Fig. 4.4), we observe that our model struggles to capture the
complex table-like structure but can extract most of the Latin text from the page,
with some mistakes. We argue that this is a promising result since it shows that,
even though themodel was trained almost completely on English text, it exhibits
some capability to also extract text in other languages and from low visual quality
pages. This ability and the capability to deal with the complex layout of regesta
could be further improved by fine-tuning the model on a larger amount of spe-
cific data, which we leave for future research.
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Abstract

We examined four case studies in the context of hate speech on Twitter in Italian from 2019 to 2020, aiming at comparing
the classification of the 3,600 tweets made by expert pedagogists with the automatic classification made by machine learning
algorithms. Pedagogists used a novel classification scheme based on seven indicators that characterize hate. These indicators
are: the content is public, it affects a target group, it contains hate speech in explicit verbal form, it will not redeem, it has
intention to harm, it can have a possible violent response, it incites hatred and violence. The case studies refer to Jews,
Muslims, Roma, and immigrants target groups. We find that not all the types of hateful content are equally detectable by the
machine learning algorithms that we considered. In particular, algorithms perform better in identifying tweets that incite
hatred and violence, and those that can have possible violent response.

Keywords: hate speech, machine learning, social networks.

1 Introduction

In the public language, speeches and narratives of the infosphere and onlife society [1], i.e., marked by the continuity of
cross-references between online and offline, discursive networks have been set up and they are able to build new paradigms of
hatred [2, 3]. Invectives, insults, offences, and rhetorics of aversion follow human relations and conflicts throughout history,
but a singular reflection on this phenomenon is underway today, increasingly perceived as a vital issue for the stability of
democracy and social life. The spread of Web 2.0 has opened up new dimensions to hate speech, transforming its structure and
syntax, but first of all its meaning and motivations. Most of this communication, which is spreading in liquid, unstructured
and trivialised form, takes place under the banner of emotions, which orient and direct our minds intelligently but also quickly
and spontaneously [4, 5, 6]. From a legal perspective, hate speech has no clear definition [7, 8, 9]. For the Council of Europe, it
means “all forms of expression that spread, incite, promote or justify racial hatred, xenophobia, anti-Semitism or other forms
of hatred based on intolerance, including: intolerance expressed by aggressive nationalism and ethnocentrism, discrimination
and hostility against minorities, migrants and people of immigrant origin” [10]. On the other hand, one could speak of hatred
as a feeling, a persistent and systematic attitude of aversion towards another person or group, or as an intrinsic psychological
dynamic that may or may not induce violent behavior [11].

Overall, the proposed parallel decision architectures manage to take scheduling decisions of competitive quality with the
alphaZero-based approach, largely improving over the baseline. The comparison of Action Branching with Unibranch suggests
that training one common branch may be more efficient than training a different sub-network per branch. Though much
smaller in number of parameters, the GNN scheduler manages to reach the same level of performance as the other two parallel
architectures, but at the price of more message-passing iterations ((N_{i}>1)), and thus a larger inference time while still
smaller than the sequential decisions of the alphaZero-based approach, as we will see next.

In Fig. 4 we plot the cumulative distribution function (CDF) of the rewards from the GNN architecture divided by the baseline.
The plots show that the reward improvement over baseline spreads over a large range depending on the scenario realization,
with only a few cases at the left of the vertical line (x=1) where the baseline is better.

Network Size vs Inference time trade-off: Comparing the size of the models from Table III, we can see that the
parameter sharing in the branches allows the Unibranch architecture to halve the number of parameters compared to Action
Branching (AB) without performance loss as shown above, yet the largest gain in number of parameters is obtained by the
GNN architecture, which avoids the large shared representation. In Table III, we also show the inference times we obtain for
the different architectures. The inference times are evaluated from 300 runs on the same GPU. We normalize the inference
times by that of the Action Branching architecture, which is the lowest. We observe that, although the alphaZero architecture
seems competitive in size with the GNN, it suffers however from very high inference time, (16)-times larger than the AB. The
Unibranch has almost the same inference time as AB. The GNN exhibits very interesting properties by managing in just (1.7)
times the delay of AB to provide the same performance with two orders of magnitude fewer parameters.

Online Adaptation: To test the ability of the proposed methods to quickly adapt after deployment, we train the GNN-version
of our scheduler for a specific scenario: 10 users (56 actions per sub-band) moving at 1 m/s. We then “deploy” it on a related
but different scenario: users now move at 3 m/s. The model is fine-tuned on the deployment scenario using new samples. Fig.
5 shows the performance evolution during this fine-tuning compared to a new training from scratch. We can see that our DQN
parallel decision-making scheduler manages to quickly fill the initial performance loss caused by the scenario mismatch. Note
that such fine-tuning would not be possible for the alphaZero scheduler of [9]. For a TTI of 1 ms, then for i.i.d. data our
algorithm adapts in 25 s to the new environment, compared to 3 minutes if trained from scratch.

VI Conclusion

In this work we have introduced new reinforcement learning architectures that can efficiently learn the optimal user association
for MU-MIMO frequency scheduling using parallel decision making. The first main benefit compared to sequential baselines is
the inference speed that allows to take scheduling decisions within strict delay requirements, without any loss in performance.
Another important benefit is that DQN-based algorithms do not depend on a simulator to roll-out the policy but can rather
explore-exploit online from collected data, thus learning in realtime and adapting the policy to changes in the environment.
We proposed variations of the parallel architecture and showcased the trade-off between network size in number of variables
and inference time, for the same performance in the target metric.
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Figure 4.3: Qualitative results on two pages from arXiv, when no context is available (left) and
full context is available (right). We report the GroundTruth and highlight the errors made by μgat
and Nougat-S* in their LATEX-rendered output.
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(Mart. 2) Laterani (37) Hugoni comiti et Marsucto Pisanis canonicis de quaestione cuiusdam pignoris inter Euhenium
et Gallicianum Pisanos cives vertente mandata dat. Sine die et mense. Innoc. Ep. ed. Baluze I.
16. no 33; Opp. ed. Migne I. 25. no 33; Collect. I. decret. Innoc. tit. 19 ed. Baluze 1. c. 1,577,
ed. Migne I. 11. 1225; Collect. II. decret. lib. 3. tit. 7 de pign. c. 1 in Augustini Tarrac. Opp.
IV. 657; int. Decret. Greg. IX. lib. 3. tit. 21 de pign. c. 1 ap. Boehmer Corp. II. 489 (ad a.
1210); ap. Richter Corp. II. 510.

(*) * (38) Potestati et consiliariis Viterbiensibus praecepit, ut in tractatu habito inter ipsos, consules
Perusinos et rectores Thusciae nullatenus sine mandato apostolico procedant. Sine die et mense.
Innoc. Ep. ed. Baluze I. 16. no 34; Opp. ed. Migne I. 26. no 34.

(*) * (39) P(andulfo) basilicae XII apostolorum et Bernardo S. Petri ad vincula presbyteris cardinalibus
apostolicae sedis legatis mandat, ut si rectores Tusciae ad id exsequendum, quod per priorem
S. Fridani vobis significavimus, induxistis, ut Pisani id ipsum pariter recipiant et observent
monent, et nisi eis paruerint, interdictum minime relaxent. Sine die et mense. Innoc. Ep. ed.
Baluze I. 17. no 35; Opp. ed. Migne I. 26. no 35.

(* 2-3) (*) (40) Universis episcopis per Marchiam constitutis mandat, ut Marcoualdum, qui fidem apostolicae
sedis multoties praestitam violavit, qui patrimonium ecclesiae invadere ac detinere praesumpsit
et illud saepe commonitus restituere non curavit, et complices eius excommunicatos, omnes
autem qui ei iuramenti vel fidei tenebantur religione astricti, per sedem apostolicam absolutos
publice nuntient. Sine die, mense et loco. Innoc. Ep. ed. Baluze I. 20. no 38; Opp. ed. Migne
I. 31. no 38; Cocquelines Bullar. III. 65. no 2; Bullar. Rom. ed. Taurin. II. 114.

3 * (41) Laudensi episcopo de quaestione canonicis sancti Laudentii ecclesiae, quae inter N.
Varneprandum episcopum et Albertum Sicti contorta est, mandata dat. Non. Mart. ac
I. Innoc. Ep. ed. Baluze I. 21. no 39; Opp. ed. Migne I. 31. no 39; Augustini Tarrac. Opp. IV.
489; Baluze II. 23. no 39.

5 * (42) Laudensi episcopo de Novariensis capituli et Alberti Sicci controversia , quae inter ipsos de
praebenda quadam Novariensis ecclsiae vertebatur, mandata dat. III non . Mart. ao 10. —-
Innoc. Ep. ed. Baluze I. 22. ndeg 40; Opp. ed. Migne I. 35. ndeg 40. »Cum illius vicem.«

7 * (43) Archipresbytero et canonicis Perusinis compositionem inter eos super observatione ordinis
in ecclesia sua mutuo consensu formatam ibique insertam confirmat. Non. Mart. ao 1o. —-
Innoc. Ep. ed. Baluze I. 26. n deg 46 ; Opp. ed. Migne I. 41. n deg 46 ; Cocquelines Bullar.
III. 66. ndeg 3 ; Bullar. Roman . ed. Taurin. III. 115. - »Ad tollendas lites.«

7 * (44) (Lupoldo) Wormaciensi episcopo mandat, ut festum conversionis b. Pauli apostoli ipse
observet in posterum et faciat per totam Wormaciensem diocesim solenniter cele brari. Non .
Mart. ao 1o. – Innoc. Ep. ed. Baluze I. 25. n deg 44 ; Opp. ed. Migne I. 39. ndeg 44 ; fragm .
in Raynaldi Ann . eccl. ad a . 1198 S 20 . »Cum post evangelicam.«

7 * (Ricardum ) regem Angliae hortatur: »Romae ap . S. Petrum , Non. Mart. ao. 1o. « i Gervas.
Cantuar. ap. Twysden Hist. Angl. scr. I. 1607 etc. , vid . 1198. Mai. 7. ndeg 145.

8 * (45) (Zdislao) Knesnensi archiepiscopo et suffraganeis eius praeccipit, inhibeant universis Poloniae
ducibus, ne Boleziaum ducem Poloniac, -quem sicut catholicum principem et ecclesiae Romanace
filium specialem quadam dilectionis praerogativa complectimur-, in persona vel rebus offendere
praestmant aut turbare. vitrid, Mart. ae le. – Innoc. Ep. ed. Baluze I. 24. ne 43; Opp. ed.
Migne I. 38. no 43. – -Apostolicae sedis benignitas.«

13 * Canonicis basilicae Principis apostolorum medietatem omnium ministeriorum sine diminutione
concedit, ecclesias S. Iacobi et S. Leonardi sitas in Septiniano una cum aliis ecclesiis in civitate
Leonina ad Montem usque Maium positis eis subiicit ac praefatae ecclesiae S. Petri possessiones
bonaque tuetur. XI Id. Mart. indict. I. incarn. dom. ac 1197. pont. ac I. Innoc. Ep. ed.
Baluze I. 157. no 296; Opp. ed. Migne I. 254. no 206; Bullar. Vatic. I. 77; Cocquelines Bullar.
III. 71. no 9; Bullar. Roman. ed. Taurin. III. 123.

15 * Abbati et conventui monasterii S. Mariae Ursicampi Cisterc. ord. concedit, ut in parochiis illis,
in quibus eis veteres decimae sint concessae, novalium quoque pro portione, quam veteres ipsis
contingant, decimas percipere possint. Idib. Mart. ao I. Peigne - Delacourt Cartul. d’Ourscamp
208. no 498.

15 * (48) (Garnero) Trecensi episcopo concodit votum peregrinationis in terram Hicrosolymita- nam
taliter commutare, ut expensas omnes itineris quod voverat, alicui religioso com- mittat ad
ciusdem terrae nocessarios usus transferendas. Id. Mart. ac le. —- Innoc. Ep. ed.

Baluze J. 36, ne 69: Opp. ed. Migne 1.58, ne 69: Collect. III decret. lib. 3. tit. 26. c. 3 in
Augustini Tarrac. Opp. IV. 542; int. Decret. Greg. IX. lib, 3. tit. 34 de vote et voti re- dempt.
c. 7; ap. Boehmer Corp. II. 552; ap. Richter Corp. II. 568; fragm. in Raynaldi Ann. eccl. ad a.
1198 SS 28. – Magnae devotionis indicium.

Mart. 16 Laterani (49) (Heliae) Burdegalensi archiepiscopo scribit. de canonicis Lemovicensibus, qui Guido-
nem Marnoli presbyterum in canonicum recipere nolebant; mandat ei, ut procuratori praefati
presbyteri eius nomine sine cuiuslibet interpositione personae stallum in choro et in capitulo
locum assignet, xvii kal. Apr. ao 1198, —- Innoc. Ep. ed. Baluze I. 30. no 553 Opp. ed. Migne
I. 47. no 53. – Cum felicis recordationis.

16 (*) (50) G(ualtero) Lunensi episcopo eiusque successoribus canonice substituendis monasterium
Bolense, quod ad iurisdictionem sedis apostolicae pertinebat, cum pertinentiis suis concedit, xvi
kal. Apr, indict. 1. incarn. dom. ac 1198. pont. ao 1. Innoc. Ep. ed. Baluze I, 24. no 41; Opp.
ed. Migne I. 37. no 41. – Ampla divino munere.

(* 16) * (51) Abbati et conventui monasterii Abolensis significat, se corum coenobium G(ualtero) Lunensi
episcopo concessisse; mandat eis, ut ipsi tamquam episcopo suo reverentiam et obedientiam
exhibeant. Sine die et mense, —- Innoc. Ep. ed. Baluze I. 24. no 42; Opp. ed. Migne I. 38. no
42. – Ampla divino munere.

17 * (52) Antiochenum patriarcham, quia Apamiensem electum in Tripolitanam ecclesiam sine
pontificis maximi licentia transtulerat, ab episcoporum confirmatione suspendit, – quo- usque
super hoc aliud statuamus. xvi kal. Apr. ao 1198. —- Innoc, Ep. ed. Baluze I. 28. no 50; Opp.
ed. Migne I. 45, no 50; Collect. II. decret. lib. 1. tit. 5 de translat. episc. c. 1 in Augustini
Tarrac. Opp. IV. 434; mutila int. Decr. Greg. IX, lib. 1. tit. 7 de transl. episc. c. 1. ap.
Boehmer Corp. II. 80; ap. Richter Corp. II. 92. – Cum ex illo.

(* 17) * (53) La. Tripolitanum episcopum, qui in Armeniam electus in archiepiscopum electis in
Tripolitanam se fecit transferri, ab executione pontificalis officii suspendit. Sine mense et die.
—- Innoc. Ep. ed. Baluze I. 28. no 51; Opp. ed. Migne I. 46. no 51. – Cum ex illo.

18 * (54) Abbati et conventui Sancti Nicholai de Pratis Richdoni Montis Laudunensis dioec. pro-
condimus suum in eodem monasterio noviter constructo xv kal. Apr. ao 1. —- Innoc. Ep. ed.
Baluze I. no 198. pont. ao 1. —- Bressiensis Diplom. II. no 117; Innoc. Opp. ed. Migne I. no
110. – Religiosam vitam eligentibus.

18 * (55) Abbati et fratribus S. Prossedi Reginensis mandat, omnes alienationes et obliga- nes, quas
Guido quondam abbas monasterii in eorum bonis praemium lucrantium fecit, non alienando in
electione sua praestiti, in praedicandum Romaniae ecclesiae facerit irritas esse et divulgas. xv
kal. Apr. ao 1. —- Innoc. Ep. ed. Baluze I. 28. no 49; Opp. ed. Migne I. 44. no 49. – Officio
nostrorum plurimum.
* Consulibus Reginensibus mandat, ut possessionum praedictarum detentores ad restitutionem
earum compellant.

18 * (56) (Bernardo) Auxianni archiepiscopo concedit, ut clericos, qui in ecclesiis per saeculari- res
potestates faciunt se inirudi, canonica censura punire possit. xv kal. Apr. ao 1. —- Innoc. Ep.
ed. Baluze I. 43. no 79; Opp. ed. Migne I. 70. no 79. – Quanto modernis temporibus.

19 * (57) Eidem mandat, ut monachos, canonicos et alios regulares, qui claustrum abhorren- tes
per curias principum et potentum discurrere non verentur ac de eorum familiaritate confisi in
conventu suo graves dissensiones commovent etc., nisi ad commonitionem eius regularem vitam
observent, per suspensionem officii et beneficii compellat. xiv kal. Apr. ao 1, —- Innoc. Ep. ed.
Baluze I. 44. no 80; Opp. ed. Migne I. 70. no 80; Collect. III. decret. lib. 1. tit. 20. c. 1 in
Augustini Tarrac. Opp. IV. 464; int. Decret. Greg. IX, lib. 1. tit. 31 de offic. ordinar. c.7 ap.
Boehmer Corp. II. 170; ap. Richter Corp. II. 181. – Quanto devotio religiosorum.

20 * (58) (Niveloni) Suessionensi episcopo ius patronatus a P. praeposito Compendiensi in capella,
quam in castro (Compendiensi) de novo construxit, ei collatum confirmat. xiv kal Apr. ao 1, —-
Innoc. Ep. ed. Baluze I. 29. no 52; Opp. ed. Migne I. 46. no 52. – Justis petentiom desideriis.

20 * (59) (Hugoni) electo, decano et magistro Nicolao de Levennes canonico Cameracensibus ac de
Alcobatia, F. et P. monachis Alcobatiae Collect. III decr. mandat, ut in litteris transmissis (vid.
no 7) eisdem de causae cognitione, quae inter Praemonstra- tensem et Prumiensem [Prumacen.
Collect. III; Pramon. Decr. Greg.] ecclesias super possessionibus de Hanapia vertatur, clausula
illa quantum de iure poteritis clausulam il- de probatione receptionum praecedat. xiii kal. Apr.
ao 1. —- Innoc. Ep. ed. Baluze I. 34. no 6; Opp. ed. Migne I. 54. no 62; absque note chronol.
Collect. I. decret. Innoc. tit. 15 ed. Baluze I. c. I. 574, ed. Migne I. c. III. 1222; Collect. III.
decret. lib. 1 tit. 2 de reser, c. 8 in Augustini Tarrac. Opp. IV. 427; int. Decr. Greg. IX. lib.
1. tit, 3 de rescript. c. 18 ap. Boehmer Corp. II 18; ap. Richter Corp. II. 23. – Causam quae
inter.

µg
at

Figure 4.4: Qualitative results on two pages from the challenging RPR. We report the Ground
Truth and highlight the errors made by μgat in its LATEX-rendered output.
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4.4 Conclusion

In this work, we have investigated the limitations of current single-page parsing
models in handling multi-page documents. This is critical in many real-world
scenarios, particularly for documents where inter-page dependencies are crucial,
such as regesta collections, which are a valuable tool for historians and human-
ities scholars. To tackle this limitation, we have proposed a novel approach for
context-enhanced document parsing, dubbed μgat. Our key contribution is the
introductionof anovel adaptation strategy for pre-trained,OCR-free single-page
document parsingmodels (specifically, the recently proposedNougat), which ex-
tends these models for effectively utilizing the context provided by surrounding
pages, resulting in significantly improved parsing consistency and accuracy.

Wehave validated the efÏcacyof our approachona specifically collecteddataset
of scientific papers consisting of pages with their context, rendered long tables,
andpages fromtheRegestaPontificumRomanorum. The results obtainedprove
that leveraging information from surrounding pages can significantly improve
the parsing accuracy of single-page models. These encouraging results can con-
tribute to the development of VrDU solutions able to deal with multi-page and
intricately-structured documents, such as ancient documents and regesta, which
are particularly relevant to Digital Humanities.
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5
AText Recognition Dataset from Sahidic

Coptic Ancient Manuscripts

In this chapter, we target HTR in low-resource scenarios, which arise from
underrepresented languages, rare scripts, and degraded visual conditions
typical of historical documents. We introduce SCAM (Sahidic Coptic An-

cientManuscripts), a new line-level dataset of digitized ancientmanuscripts writ-
ten in the extinct Sahidic Coptic dialect. The dataset reflects a realistic and chal-
lenging setting, as it combines heterogeneous acquisition conditions across li-
braries with typical manuscript degradations such as ink fading, bleed-through,
andmaterial deterioration. In addition to visual complexity, SCAMposes signif-
icant linguistic challenges due to the scarcity of resources for Sahidic Coptic, its
uncommon alphabet, and dialect-specific diacritics. To support research in low-
resource HTR, we benchmark several state-of-the-art approaches based on dif-
ferent paradigms, highlighting their limitations and strengths in this setting. Our

ThisChapter is related to the publication “F.Quattrini∗, C. Zaccagnino∗ et al., ATextRecog-
nition Dataset from Sahidic Coptic Ancient Manuscripts, ICDAR 2026” [7]. ∗Equal contribu-
tion. See the list of Publications on page 315 for more details.
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results underline the gap between current HTR performance on well-resourced
modern scripts andhistorically grounded, low-resource scenarios, thus providing
a reference point for future developments.

5.1 Introduction

HTR has made substantial progress in recent years, particularly due to the suc-
cess of Deep Learning and end-to-end trainable architectures [16]. These sys-
tems, typically based onCNN-BLSTM-CTCpipelines orTransformer encoders,
achieve good recognition performancewhen trained on large andwell-annotated
datasets in modern languages and scripts. However, their performance signifi-
cantly degrades when applied to low-resource scenarios, where data is limited,
noisy, or involves rare scripts andunderrepresented languages. Such low-resource
settings are commonwhen dealing with historical manuscripts, poorly preserved
documents, or extinct language scripts. In these contexts, theperformance achiev-
able with standard HTR pipelines often drop. To address this limitation, recent
work has explored alternative strategies, such as synthetic data generation [178,
40], andmore recently, script-agnostic frameworks [27]. Nonetheless, some train-
ing is still required to achieve satisfactory performance, which realistically enables
further usage of the transcribed documents by Humanities scholars.

In light of these considerations, we introduce a new line-level dataset featur-
ing manuscripts in Sahidic Coptic, an underrepresented language of consider-
able interest to Coptologists and scholars of biblical studies, since it is among the
languages into which the Bible was translated at an early stage. Our dataset is
obtained from manuscript images preserved in different libraries and digitized
with highly differing settings. This characteristic reflects a common fate of Cop-
tic manuscripts from the White Monastery, many of which were dismantled in
the 18th and 19th centuries and sold as individual leaves rather than as complete
codices. From the point of view of the resulting images, the different acquisition
settings and quality adds on the nuisances that are typical of ancientmanuscripts
(e.g. ink fading, bleed through, scratches, yellowed paper). Moreover, the lan-
guage of the manuscripts considered is another major challenge of the proposed
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Figure 5.1: Sample images from the manuscript used to obtain the SCAM dataset. The top-four
rows are from the SCAM-A subset, the bottom ones are from the SCAM-B.

dataset. In fact, Sahidic Coptic is no longer a spoken language, and the texts in
the dataset are written in the Coptic script and employ a supralinear system char-
acteristic of this language.

To promote research in low-resource HTR, especially in the challenging sce-
nario of manuscripts from different libraries, written in extinct languages, we
devise our dataset, dubbed Sahidic Coptic Ancient Manuscript (SCAM)*. The
dataset features text lines extracted frompages preserved in two different archives
and digitized under different conditions. Therefore, we organize the dataset into
two subsets, dubbedSCAM-AandSCAM-B. Someexample imagesused tobuild
our dataset are reported in Fig. 5.1. In this chapter, we analyze the visual and lin-

*A link will be added upon publication
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guistic characteristics of our dataset, and benchmark different-paradigmState-of-
the-Art HTR approaches, both to highlight the challenges of these data and the
most promising solutions to face them, and to provide a leaderboard for future
works.

5.2 Proposed Dataset

Some recent works have targetedHTR in low-resource scenarios, also proposing
datasets to better explore the task. By low-resource, one can refer to the visual ap-
pearance of the manuscript (given e.g. by its preservation state, or writer-specific
handwriting, or both) or to the language of the manuscript, which is usually
the case for historical documents in ancient languages. In this work, we devise
a dataset for low-resource HTR that features all the challenges of this scenario.
Specifically, our dataset, which we call SCAM, contains lines from 27 leaves, cor-
responding to 53 pages of an ancient manuscript written by a single author in
Sahidic Coptic, an extinct language. Note that by “leaf” we mean a physical
parchment sheet, which can accommodate one or two pages, written on both
faces. The text is written in scriptio continua, meaning that there are no spaces
delimiting words.

Theparchmentmanuscript, nowknownasCopticLiteraryManuscript (CLM)
359, is dated to 1002-1003 C.E., as indicated by the colophon, and comes from
the White Monastery in Upper Egypt. To the best of our knowledge, only 49
leaves of theoriginalmanuscript have survived,which arenowspread across coun-
tries, preserved in various libraries and cultural institutions †. This manuscript
is of considerable importance, as it preserves substantial Coptic translations of
Greek canonical and conciliar texts of the fourth and fifth centuries. It is not
only a key witness to the development of Coptic canon law, but also an impor-
tant source for reconstructing earlier stages of the Greek textual tradition.

As a result, each small set of leaves has been digitized under different condi-
tions. This can significantly hinder the performance of an HTR model trained
on samples from a certain collectionwhen applied to samples in a different collec-

†https://atlas.paths-erc.eu/manuscripts/359

76



555555

5.2. PROPOSEDDATASET

tion. To study this behavior, we collect samples from leaves preserved in two dif-
ferent libraries and organize the SCAMdataset into two subsets, dubbed SCAM-
A and SCAM-B. The 15 leaves in the SCAM-A subset are digitized with profes-
sional scanners, under controlled lighting conditions, andwith careful placement
of the page in the scanner. On the other hand, the 12 leaves in the SCAM-B col-
lection have been photographed with a relatively good-quality camera, without
explicit control over the lighting conditions or the placement of the page. In the
following, we describe the process we followed for obtaining the samples from
these pages, and analyze the visual and linguistic characteristics of the resulting
dataset.

5.2.1 Data Preparation

First, we isolate the line-level samples from all the page images contained in the
collected leaves. Specifically, we resort to the popular open-source computer vi-
sion annotation tool CVAT‡ to trace polygons around each line. Note that we
prefer using polygons instead of bounding boxes for twomain reasons. The first
is that some lines are not straight, either because the writer has laid them down
without following a perfectly horizontal line or because of digitization artifacts.
The second reason is more critical and specific of the manuscript at hand: since
the manuscript is in scriptio continua, some of the lines start with bigger, ornate
letters to indicate the beginning of a newparagraphor phrase. As a result, straight
bounding boxes would lead to glyphs from other line samples be part of the line
image of the sample with such slant or beginning letters (see Fig. 5.1 for some
examples).

Once the lines have been isolated, an expert Coptologist provided their diplo-
matic transcriptions for each line, which are associated with the image by using
CVAT. Note that, in this process, the Coptologist was able to exploit a special
keyboard for Sahidic Coptic. The Sahidic Coptic characters are encoded in Uni-
code, but some of the graphemes are encoded using sequences of multiple code
points, called grapheme clusters. This makes it possible to introduce variations

‡https://www.cvat.ai/
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of a character, such as accents. For model training and prediction, we ask the
model to predict grapheme clusters and not individual code points, so that each
glyph always corresponds to a single character.

5.2.2 Dataset Characteristics

Statistics. Our dataset comprises 3240 lines, corresponding to 53 pages. It
includes a total alphabet of 99 graphemes, with an average of 11.39± 2.04 char-
acters per line. The data are partitioned into training, validation, and test splits as
follows: the training set contains 2000 lines from33pages (89unique graphemes),
the validation set includes 610 lines from 10 pages (59 unique graphemes), and
the test set consists of 630 lines from 10 pages (68 unique graphemes).

As stated above, the images in our dataset are split into two subsets, SCAM-A
and SCAM-B, depending on the archive in which the leaves are preserved. The
characteristics of these subsets are the following:

• SCAM-A contains 1445 lines in total, corresponding to 24 pages from 12
leaves. The subset features 87 graphemes, with an average line length of
11.52± 2.30 characters. The data are partitioned into training, validation,
and test sets as follows: the training split includes 943 lines from 16 pages
(76 unique graphemes), the validation split comprises 242 lines from 4
pages (48 unique graphemes), and the test split consists of 260 lines from
4 pages (61 unique graphemes).

• SCAM-B comprises a total of 1795 lines, corresponding to 29 pages ex-
tracted from 15 leaves. The subset includes 67 distinct graphemes, with
an average of 11.29 ± 1.81 characters per line. It is divided into training,
validation, and test splits as follows: the training set contains 1057 lines
from 17 pages (63 unique graphemes), the validation set includes 368 lines
from 6 pages (51 unique graphemes), and the test set consists of 370 lines
from 6 pages (50 unique graphemes).

In Section 5.2.2 we quantify the visual and linguistic differences between the
subsets.
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FID KID HWD JSD

SCAM-A↔ SCAM-B (RGB) 113.62 0.13 1.06 0.49SCAM-A↔ SCAM-B (grayscale) 65.06 0.07 1.04

Table 5.1: Visual and linguistic differences between the two subsets, expressed in terms of quanti-
tative scores. We consider both the original RGB version of the images and their grayscale version.

Figure 5.2: t-SNE
projection of VGG
features extracted
from RGB images
in our dataset. 250
random points per
subset plotted.

Figure 5.3: t-SNE
projection of VGG
features extracted
from grayscale images
in our dataset. 250
random points per
subset plotted.

Figure 5.4: t-SNE
projection of HWD
features extracted
from RGB images
in our dataset. 250
random points per
subset plotted.

Figure 5.5: t-SNE
projection of HWD
features extracted
from grayscale images
in our dataset. 250
random points per
subset plotted.

Visual Characteristics. First, we consider the visual characteristics, and
quantify them in terms of Fréchet Inception Distance (FID) [147] and the Ker-
nel Inception Distance (KID) [44]. Note that these scores, commonly adopted
in Image Generation evaluation, measure the dissimilarity between the distribu-
tions of visual features extracted from two sets of images, and therefore, we deem
them suitable to compare the samples in the SCAM-A and SCAM-B subsets
in terms of overall visual appearance. Moreover, we include in the analysis the
Handwriting Distance (HWD) [1], a recently-proposed score which isolates just
the differences in writing style between pairs of images. The first row in the table
contains the values of such scores computed on the original, RGB images (such
as those in Fig. 5.1). It emerges that the perceptual features are quite distinct and
that the writing style in the two subsets is related but not identical. In particular,
as shown by [1], typical values forHWD in same-author sets is between 0 and 1.5.
This reflects the fact that the manuscript from which SCAM was derived was
written by the same person. We deepen our analysis by applying a grayscale con-
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version to the images of both subsets, as this is a simple transformation that prac-
titioners can easily adoptwith the aimof reducing the visual gap between the sub-
sets. Alternatively, document restoration approaches such as binarization [266],
[4] could be applied, but once sufÏciently explored for our data. In fact, blindly
applying such approaches can result in text content alteration in the lines. As it
can be observed from the values in the second row of Section 5.2.2, the differ-
ence in visual features is reduced but not entirely eliminated, underlining that
the SCAM dataset poses visual challenges that are not trivial to overcome.

These aspects are even clearer when looking at t-SNE projections of visual fea-
tures extracted from both subsets (Figs. 5.2 to 5.5). In particular, we project
features extracted by a VGG trained on natural images and by the VGG back-
bone of the HWD score, trained to distinguish handwriting styles. We argue
that the first feature set captures the overall appearance (e.g. color and texture)
of the images, while the second set captures the handwriting style characteris-
tics (e.g. thickness, slant, and kerning). Note that both feature sets are extracted
from the original RGB images in the subsets and from their grayscale version.
From Fig. 5.2, we can see that the VGG features on RGB images are clearly di-
vided into two separate clusters, which get closer when computed on grayscale
images, as shown inFig. 5.3. TheHWDfeatures, as shown forRGBandgrayscale
images in Fig. 5.4 and in Fig. 5.5 respectively, are less separated. This suggests that,
although the handwriting in the two subsets is the same (the images come from
a single-author manuscript), the differences between the images in the two sub-
sets in terms of preservation state and digitization settings have also impacted the
characteristics of the handwriting (e.g. by altering the thickness).

Linguistic Characteristics. In Section 5.2.2 we also report the Jensen-
Shannon divergence (JSD) computed on n-grams (with n = 1, ..., 5) extracted
from the textual transcriptions of the SCAM-A and SCAM-B subsets. This
score is considered to obtain a measure of the similarity of the text content of
the two subsets. The value of the score suggests that, even though the dataset
contains text taken from the same manuscript treating the same topic, there are
non-negligible differences in the text content.

We deepen this analysis by plotting the distribution of the graphemes on the
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ⲙ̣ ⲉ ⲟ ⲁ ⲧ ⲛ ⲥ ⲩ ⲓ ⲡ ⲛ̇ ϩ ⲣ ⲙ ⲱ ⲏ ⲕ ⲗ ⲙ̇ ϣ ϥ ϫ ⲃ ⲓ̈ ⲇ ⲅ ⲑ ⲭ ϭ ⲫ ϯ ⲣ̇ ⲝ ⲥ︦ ⲡ︦ ⲁ︦ ⲛ︦ ⲍ ⲯ  ⲓ̇ ϥ̇ ⲡ̇ ϩ̇ ⲓ︦ ⲭ︦ ⲉ̇ ϣ̇ ⲣ̄ ⲉ̈ ⲉ︦ ⲟ̇ ⲕ︦ ⲥ̇ ⲗ̇ ϫ̇ ⲱ̣ ⲏ︦ ⲟ̣ ⳁ ⲱ̇ ⲩ̣ ⲏ̇ ⲟ︦ ⲟ̈ ⲁ̈ ⲝ̇ ⲛ̣ ⲅ̇ ⲓ̣ ⲛ̈ ⲙ̄ ⲃ︦ ⲩ̇ ⲙ︦ ⲋ ⲇ̄ ⲗ︦ ⲛ̄ ⲅ︦ ⲣ̣ ϣ̣ ⲥ̈ ⲃ̇ ⲕ̇ ⲧ̇ ϩ̣ ⲧ̣  ̇ ⲥ ̄ ⲏ̣ ̇ⲣ̣ ⲥ̣:

Figure 5.6: Distribution of the graphemes in the two subsets of our dataset, in logarithmic scale.
For comparison, we order the graphemes in descending order of frequency as computed in SCAM-
A.

two subsets (in Fig. 5.6). It can be observed that, as happens in languages, the
most common characters are equally frequent in both subsets. However, both
subsets contain unique graphemes that are not present in the other, with SCAM-
A having more of such cases (31 graphemes that are not present in SCAM-B, ver-
sus 11 graphemes in SCAM-B that are not in SCAM-A).

5.3 Experimental Analysis

This section presents an experimental analysis of the performance of several state-
of-the-art models. Evaluation is performed by training each of them on SCAM-
A, SCAM-B and the full SCAM dataset. Then, each model variant is tested on
both the SCAM-A and SCAM-B subsets separately and jointly.

Considered Scores. To assess performance, we report the Character Error
Rate (CER) and the Sequence Error Rate (SER). Following standard conven-
tions in HTR, these scores are derived from the Edit Distance between the pre-
dicted text and the corresponding ground truth. Specifically, we compute the
minimum number of substitutions, deletions, and insertions required to trans-
form the predicted sequence into the ground truth. To determine the CER and
SER for the entire test set, we sum the distances of all samples and normalize by
the total number of units in the ground truth. For the CER, the distance is com-
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puted at the character level, while for the SER, it is computed on the content of
the entire line sample, since our dataset is in scriptio continua.

Considered Approaches. We consider a range of model architectures and
sizes in order to showcase the challenging nature of this dataset, and highlight
which models perform best on it. In particular, we test the following architec-
tures:

• We include the model proposed in [293], dubbed CRNN, which com-
bines a convolutional backbone with BLSTM layers and is trained end-to-
end to optimize the CTC loss. This model, which represents one of the
most popular paradigms for learning-based HTR, serves as our primary
recurrent baseline for sequence modeling without explicit alignment.

• We also consider the Sequence-to-Sequence recurrent attention paradigm
by including the approach proposed by Michael et al. [247]. This ap-
proach combines aCNN-BLSTMencoderwith an attention-basedLSTM
decoder and auxiliary CTC loss, serving as a strong RNN-based attention
baseline.

• Additionally, we consider models that use attention operations instead of
recurrent components, namely the Vertical Attention Network (VAN)
proposed in [84] and theConvolutional Self-AttentionNetwork (C-SAN)
from [93]. Thesemodels replaceRNNswith gated or self-attentionmech-
anisms to enable parallelization and more efÏcient training, and assessing
whether attention alone can model handwriting dependencies.

• Another strategy to replace the recurrent component of theHTRpipeline
entails exploiting a Transformer encoder-decoder, as LT [32], VLT [33],
and the one proposed byKang et al. [176], or a Transformer encoder, as
done inHTR-VT [210]. In both cases, the visual features are extracted by
a convolutional backbone, and the Transformer-based decoder improves
parallelization and captures long-range dependencies in handwriting.

• Finally,we considerTrOCR [205],which represents the fullyTransformer-
based, end-to-end paradigm. Specifically, the image features are extracted
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with aTransformer encoder, and the transcription is obtainedwith aTrans-
former decoder. Both components have been pre-trained on synthetic
data.

ImplementationDetails. For the experimental evaluation, we first finetune
TrOCR using the ofÏcial HuggingFace implementation [393]. For each model
size,we initialize theweights fromthe respectivehandwritten released checkpoint§.
For the other architectures, we base our code on the HTR models implementa-
tions available online¶ and train them from scratch. To this end, we modify the
tokenizer, removing the ASCII transliteration step‖, due to its incompatibility
withnon-Latin scripts and, therefore, our graphemes (Section5.2.1). Eachmodel
is trained (or fine-tuned, in the case of the TrOCR variants) with an early stop-
ping strategy based on the CER computed on the validation set of the dataset
used for training, with patience set to 100 epochs.

5.3.1 Results

In the following, we report an experimental analysis, both quantitative (Tab. 5.3
andSec. 5.3.1) andqualitative (Fig. 5.7) of the considered approaches, anddiscuss
the insights drawn from such analysis.

Architecturetypemattersmorethanscaleforrarescripts. Across
all tables, we can observe that VAN achieves the best CER and SER on both sub-
sets (some examples of its best and worst transcriptions over the different setups
are reported in Fig. 5.7). We argue that the gated vertical-attention mechanism
is particularly well-suited to the regular layout of the Coptic script glyphs: by
attending to vertical strips of the image, VANnaturally aligns with the character-
level structure of the lineswithout relying on explicit language priors. In contrast,
TrOCR variants, despite their large-scale synthetic pre-training on Latin-script
handwriting, do not achieve competitive results. These models rely on an au-
toregressive language prior at decoding time, whileCTC-basedmodels condition

§hf.co/microsoft/trocr-size-handwritten, where size∈ {small, base, large}
¶https://github.com/carlos10garrido/HTR-OOD/
‖https://pypi.org/project/Unidecode/
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SCAM-A → SCAM-B

ⲛⲕⲁⲑⲏⲅⲟⲩⲙⲉⲛⲟⲥ

ⲛⲧⲁϥⲉⲓⲅⲁⲣⲉⲡⲁⲓ
ⲛⲧⲁϥⲉⲓⲅⲁⲣⲉⲡⲁⲓ

SCAM → SCAM-B

ⲣⲙⲙⲁⲟϫⲓⲧⲟⲩ

ⲙⲉ·ⲙⲛⲧⲉⲯⲩⲭⲏ
ⲙⲉ·ⲙⲛⲧⲉⲯⲩⲭⲏ

SCAM → SCAM-A

ⲙⲡⲓⲱⲧⲉⲡⲉⲓⲱⲧ

ⲁⲩⲱⲉⲧⲃⲉⲛⲕⲉϩ
ⲁⲩⲱⲉⲧⲃⲉⲛⲕⲉϩ

SCAM-A → SCAM-A

ⲧⲙⲟⲗⲉⲓ

ⲙⲛⲫⲱⲧⲓⲛⲟⲥ
ⲙⲛⲫⲱⲧⲓⲛⲟⲥ

SCAM-B → SCAM-B

ⲁⲗⲗⲁⲧⲉⲭⲁⲣⲓⲥⲟⲩⲱϣ

ϩⲛⲟⲩⲙⲉ·ⲁⲩⲱϩⲛ
ϩⲛⲟⲩⲙⲉ·ⲁⲩⲱϩⲛ

SCAM-B → SCAM-A

ⲡⲉ·ⲁⲩⲱⲡϣⲏ

ⲣⲁⲓⲧⲓⲕⲟⲥⲧⲏⲣⲟⲩ
ⲣⲁⲓⲧⲓⲕⲟⲥⲧⲏⲣⲟⲩ

ⲡⲣ·ⲓⲧⲉⲡⲉ·ⲁⲧ

ⲛⲧⲓⲧⲓⲙⲡⲟⲩⲱⲙⲉⲛⲟⲥⲡⲣⲱⲙⲁⲟϫⲉⲧⲟϥ

ⲉⲧⲉⲙⲟⲗⲁⲏⲓⲙ

ⲇⲗⲃⲁⲧⲉⲝⲁⲣⲥⲟⲩⲱⲱⲉ

ⲡⲉⲉⲁⲩⲟⲣ·ⲧⲣϣⲧⲥⲕ

Figure 5.7: Qualitative results on the considered setups (Train dataset → Test dataset) of the
overall best-performing benchmarked model (VAN). We also report the CER on each considered
sample and highlight the errors in red.

each predicted frame based on visual features independently. This pattern sug-
gests that Transformer decoders pre-trained on high-resource scripts cannot efÏ-
ciently adapt their learned language priors to an unseen script under data-scarce
fine-tuning, and that model scale is not a substitute for architectural alignment
with the task. Additionally, the scriptio continua writing provides a particularly
challenging setting, which prevents the model from easily learning word priors.
We also note that SER values are consistently high across all models and settings,
even when the CER is relatively low. This is a direct consequence of the scriptio
continua: with an average line length of 11.39 ± 2.04 characters, even a model
achieving∼7.5 CER is expected to produce at least one error in roughly half of
all lines, counted as a full-line mismatch in the SER.

Data breadth matters more than model scale. In Section 5.3.1, we re-
port results when training on the full SCAM dataset and testing on each subset.
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SCAM SCAM-A SCAM-B
CER SER CER SER CER SER

CRNN [293] 9.47 49.79 9.00 51.54 9.85 48.38
C-SAN [93] 88.06 100.00 87.52 100 88.50 100.0
VAN [84] 5.25 31.99 5.96 36.15 4.68 28.65
HTR-VIT [210] 10.27 59.62 10.98 66.54 9.70 54.05
Kang et al. [176] 11.43 54.18 11.44 57.69 11.42 51.35
Micheal et al. [247] 33.35 91.16 36.19 95.39 31.07 87.76
LT [32] 22.59 78.74 21.86 78.85 23.18 78.65
VLT [33] 15.03 62.81 14.89 67.31 15.15 59.19
TrOCR-S [205] 13.12 65.99 17.04 86.87 9.96 49.20
TrOCR-B [205] 12.42 74.39 14.42 77.78 10.81 71.66
TrOCR-L [205] 11.33 72.63 12.82 74.50 10.14 71.12

Table 5.2: Performance obtained by models trained on the entire SCAM training set and tested
on the whole test set (SCAM) and on each test subset (SCAM-A and SCAM-B).

This represents the most favorable scenario, with models trained on annotated
samples frommultiple archives. Training on SCAM brings substantial improve-
ments for most models. We argue that these results confirm that the in-domain
failures observed inTab. 5.3 are primarily due to data scarcity rather than to a fun-
damental incompatibility with the Sahidic Coptic script. Overall, these results
show that using in-domain training data is more important than model capacity,
as lightweight VAN and CRNN outperform the pre-trained TrOCR-L.

Domain generalization across subsets. In Section 5.3.1, we evaluate
the performance of models trained on one subset and tested on the other. This
setting directly mirrors a real-world scenario, where a scholar might annotate
leaves from one library, train a model, and then apply it to newly-digitized leaves
from a different archive. Note that a scholar does not always have physical access
to the archives and, therefore, control over digitization conditions. New leaves
might have different acquisition conditions and contain graphemes absent from
the training data (e.g. SCAM-A and SCAM-B have only partially overlapping
grapheme vocabularies of 87 and 67 symbols, respectively, as shown in Fig. 5.6).
This is an interesting setting that can be explored with the SCAM dataset. We
can observe that training on SCAM-B and testing on SCAM-A is consistently
harder than doing the opposite for almost every model. We attribute this to
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A→A B→B
CER SER CER SER

CRNN [293] 13.91 65.39 14.63 64.32
C-SAN [93] 87.52 100.0 9.87 44.05
VAN [84] 7.50 40.77 7.58 41.08
HTR-VIT [210] 15.24 74.23 14.48 71.08
Kang et al. [176] 14.16 65.39 18.38 67.84
Micheal et al. [247] 79.15 98.46 82.00 100
LT [32] 44.28 98.46 46.99 97.30
VLT [33] 21.48 80.00 32.94 88.92
TrOCR-S [205] 30.70 98.23 12.11 56.15
TrOCR-B [205] 18.57 81.57 12.36 75.40
TrOCR-L [205] 14.99 78.54 10.59 68.45

Table 5.3: Performance obtained by models trained and tested on the same subset. “A” indicates
the SCAM-A subset, “B” the SCAM-B.

the lower grapheme count of SCAM-B. Training on the SCAM-A, which has
broader glyph coverage and cleaner images, provides a richer and more general-
izable foundation. This asymmetry shows that high-quality library scans with
broad grapheme coverage lead to data that can be used to train models that gen-
eralize better to field photographs than vice versa. This result offers a guiding
principle for practitioners planning transcription pipelines, and defines a chal-
lenge for scholars who want to tackle domain generalization in scenarios similar
to the one in our dataset.

Image preprocessinghelps reduce domain gap. In Section 5.3.1 we eval-
uate the effect of a simple imagepreprocessing step, namely conversion to grayscale,
on the inter-subset performance. From the results, we can see that this step con-
sistently improves performance across most models. As a notable example, we
observe that, in this setting, TrOCR-L reaches comparable performance w.r.t.
VAN in CER values, with slightly worse SER values, revealing that bridging the
color gap is not sufÏcient to achieve reliable line-level transcription. This is con-
sistent with the dataset statistics (Section 5.2.2): converting to grayscale nearly
halves the FID, but the HWD score barely changes, indicating a residual visual
gap. Furthermore, in a scriptio continua text, a single character error in a long
boundary-free line leads to a full-line SERmismatch.
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A→B B→A
CER SER CER SER

CRNN [293] 26.63 76.76 31.28 93.85
C-SAN [93] 88.50 100 23.54 88.46
VAN [84] 14.44 55.41 19.94 79.61
HTR-VIT [210] 29.76 89.46 25.31 94.23
Kang et al. [176] 11.44 57.69 32.92 93.08
Micheal et al. [247] 81.48 100 80.51 99.62
LT [32] 64.03 99.73 62.03 99.62
VLT [33] 37.50 88.92 47.28 98.85
TrOCR-S [205] 45.46 98.13 30.37 98.49
TrOCR-B [205] 24.18 92.25 18.36 90.15
TrOCR-L [205] 14.15 79.95 18.36 90.15

Table 5.4: Performance obtained by models trained on a subset and tested on a different subset.
“A” indicates the SCAM-A subset, “B” the SCAM-B.

A→B B→A
CER SER CER SER

CRNN [293] 26.22 78.11 28.63 89.23
C-SAN [93] 87.50 100.00 85.36 100.00
VAN [84] 12.69 52.93 17.96 77.31
HTR-VIT [210] 27.65 85.68 25.52 90.77
Kang et al. [176] 26.91 81.08 35.91 96.54
Micheal et al. [247] 80.81 100.00 81.35 100.00
LT [32] 63.29 98.92 60.01 99.62
VLT [33] 34.13 88.65 51.74 99.62
TrOCR-S [205] 22.73 92.42 25.38 84.23
TrOCR-B [205] 17.73 82.58 18.98 89.31
TrOCR-L [205] 14.84 76.52 15.77 83.70

Table 5.5: Performance obtained by models trained on a subset and tested on a different subset,
both in grayscale. “A” indicates the SCAM-A subset, “B” the SCAM-B.

Hybrid decoders underperform CTC-only approaches. A consistent
finding across all three experimental settings (intra-subset - Tab. 5.3, inter-subset -
Section 5.3.1, full-dataset - Section 5.3.1) is the unsatisfactory performance of the
three hybrid architectures (Michael et al., LT, and VLT), which combine a CTC
branch with an additional attention or cross-entropy decoder, compared to ap-
proaches relying solely onCTCdecoding. From the results, we can infer that the
joint CTC+decoder training objective does not converge well on the proposed
SCAM dataset. Pure CTC-based models (CRNN, VAN) do not rely on an ex-
plicit autoregressive prior at decoding time and are agnostic to word delimiters,
making them the most reliable paradigm in this low-resource setting.
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5.4 Conclusion

In this chapter, we have introduced SCAM, a new line-level dataset in the under-
represented Sahidic Coptic language, derived from the 11th-century CLM 359
manuscript and manually annotated by domain experts. By gathering sources
fromdifferent libraries anddigitizedunderheterogeneous acquisition conditions,
we havemodeled a realistic and challenging low-resource scenario featuring visual
variability, degradation phenomena, and linguistic complexity.

Our experimental evaluationof several state-of-the-artHTRarchitectures across
different sub-splits reveals several findings of broader relevance for Document
AI. First, pure CTC-based architectures proved to be the most robust choice for
scripto continua manuscripts in resource-scarce languages: by not relying on an
explicit autoregressive decoder, they are less prone to error cascades and scale bet-
ter with limited data than hybridmodels, which combineCTCwith attention or
cross-entropy decoders. Second, the domain gap between SCAM’s two subsets
results in models trained on SCAM-B consistently generalizing worse to SCAM-
A than vise versa. Third, grayscale preprocessing helps narrow the cross-archive
gap whenmulti-domain data is unavailable but is not a substitute for training on
diverse, multi-archive data. When such data is available, models like VAN pro-
vide the best accuracy across all settings. When only a single archive is available,
simpler architectures like CRNN with grayscale preprocessing can combine ro-
bustness and adaptability to cross-domain deployment.

More broadly, these findings underscore the value of SCAM’s dual-archive
structure, exposing the domain asymmetry, the grapheme-coverage gap, or the ar-
chitectural sensitivity of certainmodels to specific visual distributions. We release
SCAM as a benchmark to support future research on low-resource, rare-script,
and cross-domain handwritten text recognition, and we hope it will encourage
the development of HTR methods better suited to the challenges posed by real
historical manuscript collections.
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6
Literature Survey

This part of the thesis focuses on generative approaches for visually-rich
documents, with particular emphasis on handwritten text generation
and controllable image synthesis. We begin by reviewing the evolution

of handwritten text generation methods, from early handcrafted approaches to
modern learning-based solutions. We then explore the broader landscape of dif-
fusion models and their applications to controllable generation tasks, including
panorama synthesis and transparent image generation.

6.1 GenerativeModels for Image Synthesis

This section reviews the generative modeling paradigms that underpin our con-
tributions, progressing from general-purpose image generation to specialized ap-
plications in handwritten text synthesis and controllable generation.

6.1.1 Generative Adversarial Networks

GANs [127] have been widely adopted for image generation tasks, achieving im-
pressive results in natural image synthesis [52, 183]. In the context of document
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generation, GANs have been successfully applied to handwritten text generation,
either unconditioned (for Non-Styled generation) or conditioned on handwrit-
ing style examples (Styled generation).

6.1.2 DiffusionModels

Diffusion models [333, 336, 338, 337, 149, 260, 102] are powerful generative
probabilistic models that have achieved drastic performance improvements com-
pared to GANs, especially in text-to-image generation conditioned on natural
language prompts [300, 308, 315, 281, 67].

The introduction of Latent Diffusion Models (LDMs) [308] has increased
the popularity of diffusion models. LDMs perform the diffusion process in the
latent space and thus require fewer computational resources for both training
and inference. Such popularity has been further boosted in the text-to-image
setting, where the generation is guided by a prompt in natural language (as for,
e.g., DALL·E 2 [300], SD-XL [281], and the PixArt family [67, 66]).

Moreover, recently proposed Diffusion Transformers [271, 67, 66, 258, 87]
have further increased the scalability and visual generation quality of diffusion
models by exploiting a Transformermodel instead of the convolutional-attentive
U-Net-based noise estimators adopted in previous works.

Controllability and Adaptation. Lots of research efforts have been ded-
icated to devising efÏcient fine-tuning strategies to obtain better controllability
over the generation process of diffusion models based on additional guiding sig-
nals [118, 53, 24, 423] while maintaining the visual quality of the output. An-
other line of research focuses on achieving zero-shot capabilities by proposing
strategies to alter the inference-timebehavior ofpre-traineddiffusionmodels [244,
230, 23, 250, 373][5].

Some of these approaches entail modifying the noisy latent vectors at each
inference step. Some approaches performmask-guided inpainting by combining
the noised image with generated latent vectors [23, 230], or combine multiple
independently generated latent vectors for region-based image generation [30].
Other works exploit the gradient of a downstream task-related loss or score [184,
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198], possibly computed on the foreseen image obtained from the latent vector.
Some of the proposed strategies for inference-time adaptation exploit the at-

tention layers of pretrained models to perform tasks such as image editing [144,
85], varied-size image generation [170], open-vocabulary segmentation [211, 259],
and zero-shot video generation [186]. The role of attention layers inU-Net-based
diffusionmodels has been extensively studied also from an explainability perspec-
tive by DAAM [358].

AttentionMap Analysis. Attention maps in diffusion models are not only
useful for interpretability, but also for control. DAAM [358] shows that cross-
attention maps can be aggregated to localize the image regions associated with
prompt tokens, while Prompt-to-Prompt [144] demonstrates thatmanipulating
cross-attention can preserve layout while altering textual attributes. This line of
work motivates treating cross- and self-attention as spatial signals that can be re-
purposed at inference time, which is directly relevant to Chapter 10, where atten-
tion maps are used to infer subject localization and transparency structure.

Classifier-Free Guidance. Since its introduction [150], CFG has been ap-
plied to diffusion- and autoregressive-based image generation [308, 352, 372][5,
3] to improve alignment with the target conditioning. CFG is widely used across
various generation tasks, including handwritten text generation [441, 262, 90].

6.1.3 AutoregressiveModels

Following the success ofTransformer-basednatural text generation solutions [380,
298], autoregressive image generation has been explored extensively. In most
cases, image tokenizers are used to convert continuous images into discrete to-
kens, and generation is performed as next-token prediction [375, 304, 109, 301,
352, 418]. Recently, LlamaGen [352] and GIVT [372] have shown the poten-
tial of continuous autoregressive generative models. In particular, GIVT [372]
leverages a continuous-latent β-VAE [148] and a Transformer Decoder to obtain
superior performance compared to quantized VAEs. Removing the vector quan-
tization and using continuous latents allows avoiding excessive information com-
pression and the optimization problems in training [375, 63, 159, 245].
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In line with this progress, recent approaches are evolving towards the predic-
tion of continuous latent vectors [372, 207, 134, 110, 361, 111, 435].

6.2 Handwritten Text Generation

EvolutionfromHandcraftedtoLearning-BasedMethods. The early-
proposed approaches to Handwritten Text Generation (HTG) [384, 215, 364,
133] apply handcrafted geometric statistical-based feature extraction on human-
made glyphs segmentations, then combine them with appropriate ligatures and
render the results with texture and background blending. The two major limi-
tations of these approaches are their inability to render glyphs and ligatures not
observed for each style and their reliance on costly human intervention.

HTG approaches can be broadly categorized into two paradigms: online and
ofÒine. OnlineHTGconceptualizes handwriting as a temporal sequenceof strokes.
Models in this setting take as input a style representation encoded in the form
of stroke trajectories and then predict subsequent trajectories, which are finally
rendered as an image [128, 15, 14, 91, 231, 305]. However, the need for special-
ized hardware such as digitizing tablets to capture stroke-level data makes this
approach costly and impractical in scenarios where the reference style is derived
from existing manuscripts, such as historical collections. This limitation has mo-
tivated the development of ofÒine HTG, where both the style reference and the
generated samples are static images. OfÒine HTG has therefore attracted more
research attention and constitutes the focus of this work.

Styled and Non-Styled Generation. In recent years, the HTG task has
re-gained popularity thanks to learning-based solutions. The first learning-based
Non-Styled HTG approach, proposed in [19], entails generating fixed-sized im-
ages conditioned on the embedding of the desired textual content but does not
control the calligraphic style of the output. Since, different from natural images,
handwritten text images are highly variable-sized, subsequent approaches [116]
entail concatenating character images.

Styled HTG approaches condition the generation on both the text content
and a representation of the style. This capability was introduced in [178], which
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proposed to condition the generation on a vector representation of the style. In
this respect, the style reference can consist either of a writer identifier [232, 441,
261] (which completely prevents the models from imitating unseen styles) or
some reference images in the form of: a paragraph [243], a line [95], fifteen [178,
42, 278, 379] to five [262] words, or a single word [120, 121, 193, 90].

ArchitecturalApproaches. MostHTGmodels leverage one of the genera-
tive paradigms discussed in Section 6.1: GAN-based [178, 95, 120, 121, 232, 193],
diffusion-based [441, 261, 262, 90], or autoregressive [6] approaches. Early mod-
els relied on convolutional backbones, where content and style are encoded sep-
arately and fused in later stages [178, 95, 120, 175, 242, 121], preventing those
approaches from effectively capturing local writing style and patterns (e.g. liga-
tures or character-specific rendering variations such as repeated letters). To ad-
dress this issue, recent Transformer-based [380] approaches [42, 278, 379][6]
introduce cross-attentions to capture style–content interactions, exploiting the
cross-attention mechanism between the style vector representation and the con-
tent text representation to entangle the content and the style, thus better render-
ing local style patterns.

Handling Long Sequences. The majority of existing HTGmethods target
short sequences, typically single words. As a consequence, when longer outputs
are attempted, models often fail to preserve character quality, proportion, and
consistency across the output image. Moreover, thewords rendered are generated
inside fixed-height canvases. This can result in different scales and misaligned
baselines of words depending on the fact that they contain or do not contain
characters with ascenders and descenders. For this reason, using existing HTG
models to obtain long pieces of text is cumbersome and cannot be satisfactorily
done by simply stitching images of words. To overcome this limitation, some
works have been specifically trained to handle text lines [95, 175][6] and para-
graphs [243]. As an alternative applicable to output length-constrained HTG
models (such as Diffusion Model-based approaches), the authors in [262] have
proposed a specific algorithm to stitch and blend short images to obtain longer
text.
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Autoregressive HTG. Generative methods for natural images often assume
a fixed number of output tokens, either because the image size is fixed or because
it is one of the user inputs. On the other hand, for HTG, the length of the gen-
erated styled text image depends on the input style and content. This makes the
application of autoregressive paradigms, which have shown success in natural im-
age generation, non-trivial for styledHTG, since themodelmust include amech-
anism to determine when generation should stop, in a way that is coherent with
both the input style and thedesired textual content. For these reasons, autoregres-
sive approaches for styled HTG are still largely unexplored, especially compared
to their adoption in the natural image domain.

HTG Evaluation. As for the performance evaluation, models for HTG are
evaluated by exploiting the Fréchet Inception Distance (FID) [147]. The FID
is a commonly used score for evaluating the quality of generative models. It ex-
ploits image representations extracted from an Inception-v3, which are fit to two
multivariate Gaussian distributions, one from real images and the other from
generated images. The Kernel Inception Distance (KID) [44] is often reported
alongside FID because it avoids the Gaussian approximation and provides an un-
biased estimator that is typically more stable on smaller evaluation sets. For this
reason, the FID tends to focus more on general image characteristics rather than
the shape of handwriting. Furthermore, the backbone network used to compute
the FID is trained on ImageNet, which contains natural images whose domain
and aspect ratio are completely different from those of handwritten text images,
which can result in misleading values. Other adopted metrics are the Geometric
Score [187] and the Character Error Rate. The latter measures the readability of
the generated text images, which serves as a proxy to express their realism, i.e. how
similar to a well-formed text they look. However, as discussed in [178, 175, 278],
these measures fail to capture all the desired characteristics of a well-generated
styled text image.

Datasets.

The evaluation of HTG models relies on a variety of datasets that differ in
language, script, number of writers, image format, and annotation granularity.
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In the following, we provide an overview of the datasets employed throughout
this thesis for training, evaluating, and benchmarking HTG approaches. These
datasets can be broadly grouped into multi-writer datasets, single-author histori-
cal datasets, synthetic pretraining datasets, and novel benchmarks specifically de-
vised to assess the generalization capabilities of HTGmodels.

Multi-WriterDatasets. Multi-writer datasets feature handwriting samples
from a large pool ofwriters and are primarily used to evaluate the ability of Styled
HTGmodels to imitate different calligraphic styles. The following multi-writer
datasets are considered in this thesis.

The IAM Handwriting Database [239] is the most widely adopted bench-
mark for HTG. It consists of greyscale scans of English documents handwritten
by 657 writers with ink on white paper, subsequently digitized and cleaned. The
dataset is available at multiple annotation levels: forms, lines, and words. The
line-level version contains 13,353 text line images, while the word-level version
provides individual segmented word images. IAM is commonly used for both
training and evaluation in HTG, with an average of approximately 20 samples
per writer. Due to its widespread adoption, it serves as the primary benchmark
for comparing HTGmodels in the literature.

TheCVLDatabase [190] consists ofword images obtained fromhigh-resolution
RGB scans of English andGermanmanuscripts, writtenwith ink onwhite paper
by 310 writers. The dataset contains 13,473 samples with an average of approxi-
mately 43 word samples per writer. The availability of RGB images, as opposed
to greyscale scans,makesCVLuseful for evaluating the sensitivity ofHTG scores
and models to color information. In the context of this thesis, the line-level ver-
sion of CVL is used for zero-shot cross-dataset evaluation.

The RIMES Database [22] consists of binarized French postal mail docu-
ments handwritten by 1,500 authors. The dataset comprises 12,111 samples at the
line level, with an average of approximately 8 samples per writer. RIMES is par-
ticularly interesting for evaluating cross-lingual generalization of HTG models,
since French text contains accented characters and diacritics that are not present
in English handwriting datasets. The binary format of the images further con-
tributes to assessing the robustness of HTGmodels and evaluation scores to dif-
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ferent image preprocessing conditions.
TheKHATTDatabase [237] contains binarized images of handwritten Ara-

bic words by 838 writers, for a total of 11,427 samples with an average of approx-
imately 14 samples per author. KHATT poses unique challenges for HTG eval-
uation, as Arabic is a right-to-left script with connected characters and context-
dependent letter shapes. This dataset is primarily used to assess the sensitivity of
evaluation scores, such asHandwritingDistance (HWD) and FID, to scripts and
languages significantly different from the Latin alphabet on which most back-
bones are trained.

TheBanglaWritingDataset [253] is composed of greyscale images of Bengali
words handwritten by 212 authors, totaling 17,265 samples with an average of
approximately 81 samples per writer. Bengali uses a complexAbugida script with
a large set of conjunct characters and diacritical marks, which makes this dataset
valuable for evaluating the generalization of handwriting representation models
to non-Latin scripts with different stroke patterns and spatial configurations.

TheNorHandDataset [236] features text lines extracted from greyscale scans
of historical Norwegian documents, written with ink on yellowed paper by 12
authors. Despite the small number of writers, the dataset is relatively large, con-
taining 21,939 text line images (approximately 1,828 per author). The historical
nature of the documents, with aged paper backgrounds and variable ink quality,
makes NorHand particularly useful for evaluating the robustness of evaluation
scores to document-level visual variations that are unrelated to the handwriting
style.

Single-Author Historical Datasets. Single-author datasets consist of
handwritten documents from a single writer, typically drawn fromhistorical cor-
respondence or manuscripts. These datasets are used to evaluate the numerical
stability and bias ofHTG evaluation scores, as they provide large pools of images
in a single, consistent handwriting style.

The Saint Gall Dataset [113] features binarized images of 1,410 lines from
a medieval manuscript written in Latin with gothic calligraphy. The distinc-
tive gothic script, with its angular and highly structured letterforms, makes this
dataset an important test case for evaluating whether HTG scores can capture
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the unique characteristics of non-cursive historical handwriting.
TheGeorgeWashingtonDataset [114] containsbinarized images of 656 lines

from English letters written by American President George Washington. The
cursive style is relatively regular but features period-specific calligraphic conven-
tions. This dataset is commonly used in document analysis research and serves
as a reference for evaluating score stability on a moderate-sized single-author col-
lection.

TheRodrigoDatabase [326] contains 20,357 lines extracted from greyscale
scans of a historical manuscript written in Spanish with ink on ancient paper. It
is one of the largest single-author datasets available for handwriting analysis. The
substantial size and the specific calligraphic conventions of the featuredhandwrit-
ing make Rodrigo useful for studying the behavior of evaluation scores when a
large number of same-style samples is available.

The ICFHR14 Dataset [317] is a collection of 11,473 lines extracted from
greyscale scans of pageswrittenby theEnglish philosopher JeremyBentham. The
dataset was initially proposed for a handwriting recognition competition and fea-
tures a cursive, somewhat irregular style with variable spacing and character sizes.
Its large size and single-author naturemake it suitable for stability analysis of eval-
uation metrics.

The LeopardiDataset [58] is a collection of 2,459 lines from high-resolution
RGB scans of letters by the Italian poet Giacomo Leopardi, written with ink on
ancient paper. The RGB format preserves color information about the ink and
paper aging, which is useful for assessingwhether evaluation scores are influenced
by visual appearance aspects unrelated to the calligraphic style.

The LAMDataset [59] includes 25,823 text line images obtained fromRGB
scans of ancient Italian letters written by Lodovico Antonio Muratori. LAM
is one of the largest single-author datasets of handwritten text images available.
Thanks to its size, it is used as a primary reference for evaluating the numerical
stability ofHTG scores with respect to varying numbers of imaging samples, as it
allows subsampling experiments that reveal score bias as a function of the dataset
size used for computation.

Synthetic Training Datasets. Training HTGmodels on purely synthetic
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data enables zero-shot generalization to unseen real handwriting styles and over-
comes the limitations of small, dataset-specific training. The following synthetic
datasets are used for pretraining the models presented in this thesis.

Font2 is a large-scale synthetic dataset of text images introduced in [277]. It is
obtained by rendering 10,400 English words in 10,400 calligraphic fonts and su-
perimposing them onto paper-like backgrounds, with random geometric distor-
tions and color transformations applied to increase realism. The resulting dataset
contains over 100 million samples and is used to pretrain the VGG16 backbone
adopted for computing the HWD score. The high visual variability across fonts
forces the network to learn features that represent the handwriting style indepen-
dently of the overall visual appearance, including the textual content, the back-
ground texture, and the ink color.

6.3 ControllableDiffusionforSpecificApplica-
tions

Building upon the diffusionmodels discussed in Section 6.1.2, this section exam-
ines specialized applications requiring additional control mechanisms, including
panorama synthesis, document design generation, and transparent image gener-
ation.

Panorama and Long-Form Generation. With most of the available dif-
fusion models trained to generate images with limited aspect ratio ranges, being
able to exploit such models to generate larger images, possibly at different, odd
aspect ratios, without retraining has received increasing interest [23, 424, 30, 198,
142, 170]. One of the most commonly considered pretrained models in this con-
text is StableDiffusion [308], which is adapted at inference-time to generate long
images by following either an iterative diffusion paradigm [23, 424] or a joint dif-
fusion one [30, 198].

It is worth noting that large-scale pretrained models can generate long images
to some extent, but these images lack variability, which hinders their realism.
To overcome this limitation, the authors of [30] introduced the joint diffusion
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paradigmwithMultiDiffusion, an efÏcient inference-time adaptation strategy to
generate long images with variability. This entails generating overlapped squared
views and then recombining them in the final panorama image by averaging the
noise at the overlap. However, MultiDiffusion can introduce artifacts and lead
to perceptually incoherent outputs. To tackle this issue, the recently-proposed
SyncDiffusion [198] entails providing guidance in the form of the gradient from
a perceptual similarity loss [425] between the central view of the panorama and
the other views. However, SyncDiffusion does not provide guidance for seman-
tic coherence. Moreover, its perceptual coherence guidance is computationally
expensive to obtain and requires schedulers that compute the foreseen denoised
observation, like [337].

Document and Design Generation. In the context of generating designs
and visually-rich documents, training, fine-tuning, and inference-time adapta-
tion approaches for diffusion models have been proposed. These focus on gen-
erating aesthetically-pleasing document layouts [203, 139, 68, 61, 161], layout-
aware designs backgrounds [389], user interfaces [160], SVGs [164, 400], and
collages [30, 424, 319].

Transparent Image Generation. Several approaches exist to estimate the
α channel of a given RGB image [440], which can be binary and indicate fore-
ground and background only (as in segmentation strategies), or continuous be-
tween0 and 1 to indicate the opacity of eachpixel (as in frommatting algorithms).
Proposed approaches range from classical ones exploiting perceptual features of
the image (such as color [37] and edges [313]) to more recent learning-based so-
lutions [353, 405, 155, 295, 189, 415]. Note that those approaches require some
additional input to guide the prediction of the α channel. For example, image
matting approaches [416, 353, 405, 155] need amap of foreground, background,
and unknown regions (a trimap), while even recent class-free segmentation ap-
proaches [229, 189, 415] need anchor points or visual prompts indicating the
subject of interest.

In LayerDiffuse [422], the authors propose a fine-tuning strategy to enable
transparent image generation using large-scale pre-trained diffusion models. In

101



6666666

6. LITERATURE SURVEY

particular, they adjust the latent space of Stable DiffusionXL [281] and finetune
both the U-Net and the VAE, by using a loss that preserves the original latent
distribution. This method, while effective, requires about 350 A100 hours for
fine-tuning (as specified by the authors) and is not flexible to changes in the back-
bone model.

Taken together, these research threadsmotivate the structure of Part II. Chap-
ter 7 addresses evaluation by proposing a style-sensitive score for handwritten
text generation, Chapter 8 develops zero-shot autoregressive generation of styled
text images, Chapter 9 studies inference-time diffusion control for aspect-ratio-
flexible image synthesis, andChapter 10 extends the same controllability perspec-
tive to transparency-aware RGBA asset generation. The common theme across
these contributions is controllable visual generation under practical constraints,
often without expensive retraining.
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7
HWD: ANovel Evaluation Score for
Styled Handwritten Text Generation

Styled Handwritten Text Generation (HTG) is an important task in doc-
ument analysis, aiming to generate text images with the handwriting of
given reference images. In recent years, there has been significant progress

in the development of deep learning models for tackling this task. Being able to
measure the performance of HTG models via a meaningful and representative
criterion is key for fostering the development of this research topic. However,
despite the current adoption of scores for natural image generation evaluation,
assessing the quality of generated handwriting remains challenging. In light of
this, we devise the Handwriting Distance (HWD), tailored for HTG evaluation.
In particular, it works in the feature space of a network specifically trained to
extract handwriting style features from the variable-length input images and ex-
ploits a perceptual distance to compare the subtle geometric features of hand-

This Chapter is related to the publication “V. Pippi, F.Quattrini et al., HWD:ANovel Evalu-
ation Score for StyledHandwrittenTextGeneration, BMVC2024” [1]. See the list of Publications
on page 315 for more details.

103



77777777

writing. Through extensive experimental evaluation on different word-level and
line-level datasets of handwritten text images, we demonstrate the suitability of
the proposed HWD as a score for Styled HTG. The pretrained model used as
backbone will be released to ease the adoption of the score, aiming to provide
a valuable tool for evaluating HTG models and thus contributing to advancing
this important research area. We release the code and the weights of the convolu-
tional backbone used to compute the HWD score *.

7.1 Introduction

Styled HTG entails producing realistic images of arbitrary handwritten text in
a desired style given in the form of one or more exemplar style images. Those
images can be used to: train models for document analysis tasks (e.g. Handwrit-
ten Text Recognition [427, 40, 174, 82, 41, 43, 175, 57, 280]) in low-resource
scenarios such as ancient languages or documents by specific authors; enhance
the user experience in augmented reality scenarios and the public engagement
at GLAM institutions (galleries, libraries, archives, and museums); assist physi-
cally impaired people in taking notes on electronic devices. Although HTG is
receiving increased interest in recent years [116, 178, 42, 278], a precise standard
for evaluation has not yet been defined. It is important to note that evaluating
the similarity between two writers’ calligraphy involves more than considering
the overall appearance of the text images. This concerns color and texture of
background and ink, stroke thickness, slant, and roundness. Nonetheless, hand-
writing is characterized by the shape of individual characters, ligatures, and the
spacing between characters in the text. Hence, a thorough evaluation procedure
should consider all these factors to ensure an accurate andmeaningful assessment
of the ability of Styled HTGmodels to imitate a desired handwriting.

The commonly adopted approach is the one proposed by Kang et al. [178],
which entails exploiting the Fréchet Inception Distance (FID) [147]. The FID is
computed on the features extracted by an Inception-v3 ConvNet trained on nat-
ural images from ImageNet. Thus, the FID is somehow unsatisfactory for mea-

*https://github.com/aimagelab/HWD
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suring the faithfulness in the handwriting style of the generated images but rather
captures the overall appearance [178, 175, 278]. Another critical point of apply-
ing the FID in the text images domain is that it leverages a backbone trained on
images whose aspect ratio is very different from text images. These latter are usu-
ally wider than high, while natural images in ImageNet are roughly squared. For
this reason, in HTG evaluation, the FID is commonly computed on the begin-
ning part of the text image, discarding the rest. This approach offers invariance
with respect to the textual content but is prone tomiss artifacts anddissimilarities
that appear in the center or at the rightmost part of the image. Therefore, while
the FID can help evaluate certain aspects ofHTG, it does not provide a complete
picture of the quality of the generated handwriting images. Moreover, different
studies [44, 76] have shown that the FID is biased on the number of samples used
for its calculation, resulting in lower values with more instances and higher and
more unstable values when reducing the number of examples.

To address these challenges, we propose a new evaluation score called HWD.
The main characteristics of HWD consist of: (1) the use of robust style features
extracted by a backbone trained on a large dataset of synthetic text images; (2)
the application of a perceptual distance for style comparison; (3) the ability to
handle variable-length text images; (4) the numerical stability even when com-
puted on a limited number of samples. This is particularly useful in StyledHTG,
where only a few real images per author are usually available. To assess the suit-
ability of the proposed score for the Styled HTG task, we examine the values
obtained when comparing sets of text images in the same style with respect to
those obtained when comparing images in different styles. We demonstrate that
the HWD effectively captures differences in the handwriting and is numerically
stable. This makes it more suitable than the FID in expressing the performance
of the Styled HTG models. Overall, the HWD could contribute to the field of
HTG by providing a tailored and practical evaluation score to measure the real-
ism and faithfulness of generated text images. We release the code and theweights
of the convolutional backbone used to compute the HWD score †.

†https://github.com/aimagelab/HWD
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7.2 Handwriting Distance

Inspired by the strategy adopted for natural image generation evaluation, Styled
HTGworks employ the FID score, adapted as described in [178] and depicted in
Figure 7.1 (bottom). In this work, we devise an alternative score for evaluating
the performance of Styled HTGmodels, called HWD. The main characteristics
ofHWDare the domain-aware image representation strategy and the use of a per-
ceptual distance instead of a distribution distance. The pipeline for computing
our proposed score is described below and depicted in Figure 7.1 (top).

7.2.1 Text Images Representation

When evaluating StyledHTG,we consider the set of real imagesXm={xm,i}Ni=0,
whereN is the number of samples for writerm, and the setX′

m={x′
m,i}N′

i=0 of
generated images in the style of writer m. In general, the number of generated
images,N′, can differ fromN.

Domain-Specific Feature Extraction. Given the constrained domain of
the images for the HTG task, we propose to use a domain-specific backbone
as feature extractor. In particular, we adopt a VGG16 pretrained on Font2, a
large synthetic dataset of text images built according to the procedure presented
in [277]. We choose VGG16 as a backbone for its superiority in extracting mean-
ingful style representations compared to deeper networks featuring skip connec-
tions [385]. The pretraining dataset containsmore than 100M samples obtained
by rendering 10400Englishwords in 10400 calligraphic fonts and superimposing
them to paper-like backgrounds. Random geometric distortions and color trans-
formations are also performed to increase the realism of the images. We train
the VGG16 backbone to classify the images according to their calligraphic font.
The high visual variability of the datasets forces the network to learn features that
represent the handwriting given by the font and disregard the overall visual ap-
pearance. In this way, the features extracted by our adopted backbone are strong
representations of the handwriting style. For computing the HWD, we feed the
pretrained VGG16 with the whole image resized to a height of 32 pixels while
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μ ∑

μ

Figure 7.1: Pipelines for the computation of the proposed HWD score (top) and the commonly
used FID score (bottom) from a set of real and generated text imageswith varyingwidths. Top: the
samples are processed by a VGG16 pretrained on a synthetic dataset of text images. The different
widths of the inputs result in a different number of feature vectors. The value of HWD is the
Euclidean distance between the feature vectors’ means μ. Bottom: the text images are cropped
to a square and fed to an Inception-v3 pretrained on ImageNet, obtaining one feature vector per
image. The FID is the Fréchet distance between the distributions of the features, represented as
multivariate Gaussians with mean μ and covariance matrix Σ.

keeping the aspect ratio. Note that since the images have different widths, we
feed them to the network one by one to avoid using padding.

Variable-length Images Representation. To handle the difference in
the aspect ratio of the natural images in ImageNet and text images, the strat-
egy adopted in [178] and the following HTG approaches entails feeding to the
Inception-v3 backbone only a squared, truncated sample. The text image is re-
shaped to a height of 32 pixels, keeping the aspect ratio, and then cropped at
the beginning to have a fixed width (32 pixels). This strategy has two drawbacks.
First, it disregards a large part of the text image. Second, the characters appearing
more often at the beginning of words due to language regularity assume more
importance than others in computing the score. Consequently, this strategy pre-
vents evaluating the ability of the HTG models to generate images of variable-
length texts with the same quality throughout the entire image. To overcome
these limitations, we propose processing thewhole images with the VGG16 back-
bone for the HWD. The representations are obtained from the feature maps of
the last convolutional block. Such feature maps have shape 1×W× 512, where
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W depends on the input text image width. From those maps, we obtain a set
of 512-sized feature vectors that represent the images. As a result, wide images
are represented by a larger set of vectors than short ones. When computing the
HWD for writerm, all the vectors from all the real images sets are gathered and
then averaged (the same applies to the generated images). In the gathering set,
there will be more vectors coming from the longer words, and thus, the longer
words will have a bigger impact on the mean of the gathering set. In summary,
each image forwriterm, both real and generated, is represented by a set of vectors.
The real images are represented by sets asym,i={f(xm,i)j}Wi

j=0, and the generated

ones byy′
m,i={f(x′

m,i)j}W
′

i
j=0, where f(·) denotes the feature extraction, andWi

andW′
i are the number of vectors extracted from the i-th real and generated im-

ages, respectively.

7.2.2 Perception-Aware Feature Distance

The main idea behind the distribution distance-based evaluation scores, such as
the FID, is to evaluate the performance of a generative model by its ability to
generate images that match the distribution of the real ones. Our domain of in-
terest is more constrained than the generation of natural images. In fact, Styled
HTGentails considering the handwriting, expressed by subtle geometric features
other than macroscopic texture. In light of this, we argue that a score capturing
the perceptual aspects is more suitable than one based on the distance between
feature distributions. Therefore, we employ the Euclidean distance between the
averaged feature vectors of the real and generated images in the style of the same
writer:

Ym =

∑N
i=1

∑Wi
j=1 f(xm,i)j

∑N
i=1Wi

and Y′m =

∑N′

i=1
∑W′

i
j=1 f(x′

m,i)j
∑N′

i=1W′
i

.

For the images in the style of writerm, the HWD is given by:

HWDm = ∥Ym − Y′m∥2.
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Note that when computed on robust image representations, e.g. obtained from a
backbone trained on a semantic prediction task, the Euclidean distance is highly
predictive of the perceptual similarity between images [425]. Finally, the HWD
on datasets containing images in the style ofM different authors is obtained as

HWD =
1
M

M
∑

m=i
HWDm.

TheHWD score has the non-negativity, symmetry, triangular inequality proper-
ties, but it is not guaranteed that it exhibits the identity of indiscernible elements
property since two non-identical images might have HWD = 0 due to their
representation via the pre-trained backbone. This is a desirable characteristic for
theHTG task, in which text images containing different texts and different back-
grounds should be at low (or even zero) HWD if they are written in the same
handwriting style.

7.3 Experimental Analysis

For our experimental analysis of the proposed HWD score, we consider images
fromanumberofmulti-author and single-authordatasets. Wecompare theHWD
score against the FID score in the variant proposed in [178], which is the common
approach adopted in Styled HTG. The comparison is performed along two di-
mensions. First, we assess its capability to recognize corresponding handwriting
styles, quantifying the style verification capability with the Overlap coefÏcient
and the Equal Error Rate (EER). Second, we compare the numerical stability of
the proposed HWD score and the FID. Additionally, we evaluate current Styled
HTG State-of-the-Art models with our score and other commonmetrics for im-
age generation evaluation. Finally, we conduct extensive ablation analyses on the
main components of our approach to investigate their individual contributions.
Further results can be found in Chapter A.
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7.3.1 Considered Datasets

The considered multi-author datasets are described below and in Table 7.1.

IAM. The IAM Database [239] is a collection of greyscale document scans by
657 writers. These are written in English with ink on white paper and cleaned
digitally. Here, we use the line-level version of the dataset.

RIMES. The RIMES Database [22] consists of binary French documents by
1500 authors. For this dataset, we use the line-level version.

CVL. The CVLDatabase [190] features word images obtained fromRGB scans
of English and German manuscripts, written with ink on white paper by 310
writers.

KHATT. The KHATT Database [237] contains binarized images of handwrit-
ten Arabic words handwritten by 838 people.

BanglaWriting. The BanglaWriting Dataset [253] is composed of greyscale
images of Bengalese words handwritten by 212 authors.

NorHand. TheNorHandDataset [236] features text lines extracted fromgreyscale
scans of ancient documents writtenwith ink on yellowed paper by 12Norwegian
authors.
The considered single-author datasets are presented below.

Saint Gall. The Saint Gall Dataset [113] features binary images of 1410 lines
from a medieval manuscript written in Latin with gothic calligraphy.

Washington. The George Washington Dataset [114] contains binary images
of 656 lines fromEnglish letters written byAmerican PresidentGeorgeWashing-
ton.

Rodrigo. The Rodrigo Database [326] contains 20357 lines extracted from
greyscale scans of an historical manuscript, written in Spanish with ink on an-
cient paper.

ICFHR14. The ICFHR14 Dataset [317] is a collection of 11473 lines extracted
from greyscale scans of ancient pages, written by the English philosopher Jeremy
Bentham.
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Leopardi. The Leopardi Dataset [58] is a collection of 2459 lines from RGB
scans of letters by the Italian poetGiacomoLeopardi, writtenwith ink on ancient
paper.

LAM. The LAM Dataset [59] includes 25823 text lines images obtained from
RGB scans of ancient letters in Italian, written by Lodovico AntonioMuratori.

7.3.2 Sensitivity to theHandwriting

We evaluate the sensitivity of HWD to the handwriting style by splitting the
multi-author datasets. We consider half of the samples for each featuredwriter as
references and the other half as if they were the output of a perfect Styled HTG
model. Then, we compare the distributions of theHWDand the FID computed
on text images ofmultiple matching and non-matching authors pairs. Note that,
in such an ideal case for Styled HTG, both the HWD and the FID should be
as close as possible to their best value. Therefore, the more these two distribu-
tions are separated, the better the corresponding score captures the handwriting
similarity between the considered images.

The obtained distributions are reported in Figure 7.2. We observe that the his-
tograms for the FID show significant overlap and that there is no clear separation
between the distributions of matching and non-matching authors pairs. More-
over, except for CVL, which has a higher number of samples per author com-
pared to the other three datasets, the FID values of the corresponding authors’
distribution are roughly above 100. Such high FID values highlight the bias of
the score when computed on a few samples. On the other hand, the histograms
for the HWD are more separated.

In addition, we quantitatively evaluate the style recognition capability by com-
paring the distributions in Figure 7.2 in terms of the Overlap coefÏcient, a statis-
tical index that quantifies the overlap between distributions, and the EER,which
represents the point where the False Acceptance Rate equals the False Rejection
Rate. The results are reported in Table 7.1. As we can see, for both the FID and
HWD, the Overlap and ERR are lower on the IAM and CVL datasets than in
KHATT and RIMES. We argue the causes to be, respectively, the languages of
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Figure 7.2: Distributions of different scores used to evaluateHTGmodels when applied on same-
author (green) or different-author (red) subsets. The overlap area is in dark red.

Language Samples Authors Avg. Samples
per author

FID HWD
Overlap EER Overlap EER

Norhand Norwegian 21939 12 1828.25 4.2 4.2 0.0 0.0
BanglaWriting Bengali 17265 212 81.44 11.6 5.6 6.1 2.9
CVL English/German 13473 310 43.46 24.7 12.5 0.0 0.0
IAM English 13353 657 20.32 27.1 13.6 0.7 0.3
KHATT Arabic 11427 838 13.64 40.3 21.6 12.0 5.9
RIMES French 12111 1500 8.07 39.1 20.8 7.0 3.3

Table 7.1: Overlap and EER of the FID and HWD values calculated on the images in the consid-
ered multi-author datasets.

the datasets and the similar overall appearance of the samples from the same au-
thor. In fact, the FIDmainly focuses on the latter, while HWDperforms feature
extractionwith aVGG16 pretrained on Font2, which contains words in the same
language as IAMandCVL.Nonetheless, theHWDscore achieves lowerOverlap
and EER values than the FID in all datasets, including those in languages differ-
ent from English. We report additional results in Appendix A.1.

7.3.3 Sensitivity to the Number of Samples

Numerical stability is an important factor to consider when assessing a score. As
argued by [76, 44], the FID exhibits a strong bias towards the number of samples.
To assess the stability of HWD, we consider the large single-author LAMdataset
and compute the values of the HWD and FID on images from LAM against
variably sized subsets of images from ICFHR14, Saint Gall, Leopardi, Rodrigo,

112



77777777

7.3. EXPERIMENTAL ANALYSIS

Washington, and LAM itself. We determine themean of the scores overmultiple
runs and also consider the range between the 25th and 75th percentiles of values.
The results are reported in Figure 7.3.

It can be observed that the FID (left-most plot) shows a significant bias to-
wards the number of images: all the curves start with very high values and de-
crease slowly until at least around 2000 samples are used to obtain the score. On
the other hand, the HWD (right-most plot) is more stable with respect to the
subset sizes, reaching a plateau even when computed on around 100 samples. To
further investigate the cause of this behavior, we compute the Euclidean distance
on the Inception-v3 features (FIDw/ Euclidean) and the Fréchet distance on the
VGG16 features (HWD w/ Fréchet). In both cases (center-left plot and center-
right plot of Figure 7.3, respectively), we can observe a slight bias with respect to
the number of samples used for the computation. Moreover, the computation
of these scores necessitates roughly one more order of magnitude of images to
reach a plateau, compared to the case of the FID and theHWD, respectively. For
the FID w/ Euclidean, we argue that this is because its Inception-v3 backbone
is applied to the beginning part of the text images. As a result, more samples are
needed to effectively represent the author’s handwriting. In the case of theHWD
w/ Fréchet, we argue that this score suffers from the numerical instability of the
Fréchet Distance, which fits the image representations tomultivariate Gaussians.

Further, by comparing the values in the plots in the sight of the exemplar
images reported in Figure 7.3, we can make some considerations on the convo-
lutional backbones used as feature extractors. Inception-v3-based scores assign
dataset distances according to their overall appearance. For instance, ICFHR14
and Rodrigo (both containing greyscale images) are close to each other, and the
same happens for SaintGall andWashington (both containing binarized images).
On the other hand, the VGG16-based scores focus more on the handwriting.
Thus, Saint Gall is isolated from the others because of its peculiar gothic callig-
raphy, while ICFHR14 is closer to Washington and Leopardi than to Rodrigo,
reflecting the similarity in the cursive calligraphies. This characteristic is better
suited for the StyledHTG task, as we are interested in evaluating amodel’s ability
to mimic the handwriting style. We report additional results in Appendix A.4.

113



77777777

7. HWD

Figure 7.3: Left to right: comparison between FID, a version of the FID exploiting the Eu-
clidean distance (FIDw/Euclidean), a version ofHWDexploiting the FréchetDistance (HWDw/
Fréchet), and HWDwith varying number of samples. Lines denote the mean; transparent bands
represent the range between the 25th and 75th percentiles, obtained with 10 calculation runs.

7.3.4 StyledHTGModels Evaluation

For reference, we report the performance of State-of-the-Art StyledHTGmodels
trained on the IAMdataset. We consider the conditional-GAN-basedHIGAN+
approach [121], which uses a single image to condition the generation and disen-
tangles text and style, and the few-shot Convolutional-Transformer based mod-
els HWT [42] and VATr [278], which capture both global and character-level
style-text dependencies by exploiting cross-attention. The latter approach repre-
sents the textual input with visual archetypes (i.e. Unifont-rendered characters)
instead of one-hot vectors, as done in the other two. In Table 7.2, we evaluate
the aforementioned models in terms of the proposed HWD and other scores for
image generation evaluation. In particular, we consider the FID score; the Geo-
metric Score (GS) [187], which compares the data andmodelmanifold estimates;
and the Kernel Inception Distance (KID) [44], which relaxes the Gaussian as-
sumption of the FID and uses theMaximumMean Discrepancy to compare the
distributions of the features.

7.3.5 Ablation Analysis

Finally, we analyze the effects of the fourmain components of ourproposed score:
the backbone, the pretraining dataset, the input image portion, and the distance
measure. We perform the ablation analysis on the IAM dataset and report the
results in Table 7.3. Looking at the results, we notice that the backbone used
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FID KID GS HWD

HWT 23.36 1.37×10−2 1.05×10−2 1.928
HIGAN+ 18.21 9.38×10−3 2.15×10−2 1.237
VATr 18.80 7.06×10−3 2.19×10−2 0.828

Table 7.2: Scores of the considered HTGmodels when generating the same or different words as
those in the style reference images of the IAM test set. Best performance in bold.

to extract the features plays a crucial role in the separability scores, as the use of
VGG16 leads to very good results also when pretrained on ImageNet. A second
important aspect is the feature distance score used. The Fréchet distance on the
VGG16-extracted features achieves good results on all settings. Nevertheless, it is
not influencedby the backbonepretraining and the image portionused to extract
the features. On the other hand, the Euclidean distance fully exploits the input
information (i.e. the quantity and the type of feature vectors) and thus is the best
in the HWD setting.

7.3.6 Sensitivity to the Visual Appearance

To assess the sensitivity to handwriting-related visual aspects, we compare the
FID and HWD between reference images and increasingly altered ones, taken
from the LAM dataset. In particular, the considered alterations entail shear, ero-
sion, and dilation to simulate handwriting slant and strokes thickness. The re-
sults are reported in Figure 7.4 and show that HWD is more sensitive than the
FID to such visual aspects and that it increases linearly with the alteration inten-
sity, thus enforcing its suitability for evaluating HTG.

7.3.7 Computation Time Comparison

We consider the computation time, consisting of image representation and dis-
tance computation, of FID and HWD on the same hardware and data. Com-
puting the FID score on 25823/25823 real/fake images from the LAM dataset
takes 426.12s + 9.03s (image representation + distance computation), while the
computation time of HWD is 135.50s + 0.01s.
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Backbone Pretraining
Dataset

Image
Portion Distance IAM

Overlap EER

Inception-v3 ImageNet Beginning Fréchet 27.1 13.6
Inception-v3 ImageNet Beginning Euclidean 29.6 14.5
Inception-v3 ImageNet Whole Fréchet 24.0 11.6
Inception-v3 ImageNet Whole Euclidean 8.5 3.9

Inception-v3 Font2 Beginning Fréchet 18.8 9.3
Inception-v3 Font2 Beginning Euclidean 11.3 4.8
Inception-v3 Font2 Whole Fréchet 19.0 9.1
Inception-v3 Font2 Whole Euclidean 7.2 3.3

VGG16 ImageNet Beginning Fréchet 3.2 1.6
VGG16 ImageNet Beginning Euclidean 26.2 13.0
VGG16 ImageNet Whole Fréchet 2.8 1.2
VGG16 ImageNet Whole Euclidean 6.2 2.9

VGG16 Font2 Beginning Fréchet 3.4 1.7
VGG16 Font2 Beginning Euclidean 16.5 8.2
VGG16 Font2 Whole Fréchet 3.5 1.6
VGG16 Font2 Whole Euclidean 0.7 0.3

Table 7.3: Ablation analysis of the main components of the HWD score. Note that the first row
is the FID while the last is the complete HWD. Best performance in bold.

Figure 7.4: FID and HWD by varying handwriting thickness and slant.
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7.4 Conclusion

In this work, we have proposed HWD, a score specifically designed to evaluate
Styled HTG. HWD exploits the features extracted by a convolutional backbone
trained on a large synthetic dataset of handwritten text to compare the perceptual
differences between handwritings. Moreover, it is designed to work with images
of variable lengths, such as those containing text. The results obtained from ex-
tensive experimental analysis demonstrate its suitability for evaluating text image
generation approaches, its sensitivity to different styles, and its numerical stabil-
ity. Hopefully, the use of the proposed score, whose implementation and back-
bone model weights will be made publicly available, will contribute to pushing
forward the research on the Styled HTG task. Additional experiments on Nor-
Hand and BanglaWriting reported in Chapter A further indicate that HWD re-
tains its discriminative behavior on scripts and document conditions that differ
substantially from the English-centric core benchmarks, suggesting broader ap-
plicability beyond Latin handwriting alone.

Within this thesis, the score is later reused inChapter 12 to assess text-rendering
consistency in multi-instance infographic editing.
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8
Autoregressive Styled Text Image

Generation

Styled HTG has recently received attention from the Computer Vision
and Document Analysis communities, which have developed several so-
lutions, either GAN- or diffusion-based, that achieved promising results.

Nonetheless, these strategies fail to generalize to novel styles and have technical
constraints, particularly in terms of maximum output length and training efÏ-
ciency. In this chapter, we present an autoregressive paradigm for text image gen-
eration, addressing these limitations in two stages. First, we introduce Emuru,
a novel framework that leverages a powerful text image representation model (a
VariationalAutoencoder) combinedwith an autoregressiveTransformer, trained
solely on a diverse, synthetic dataset of English text rendered in over 100,000 type-
written and calligraphy fonts, enabling zero-shot generalization to unseen styles.

This Chapter is related to the publications “F. Quattrini∗, V. Pippi∗ et al., Zero-Shot Styled
Text Image Generation, but Make It Autoregressive, CVPR 2025” [6] and “C. Zaccagnino, F.
Quattrini et al., Autoregressive StyledText ImageGeneration, butMake itReliable,WACV2026”
[10]. ∗Equal contribution. See the list of Publications on page 315 for more details.
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Then, we present Eruku, which improves upon the autoregressive formulation
by freeing the model from requiring the transcription of the style image, intro-
ducing an explicit stopping mechanism via a dedicated end-of-generation token,
and enforcing text adherence through aClassifier-FreeGuidance (CFG)-inspired
strategy, resulting in more reliable and faithful generation.

8.1 Zero-ShotStyledText ImageGenerationwith
Emuru

The StyledHTG task entails generating images containing user-specified text ren-
dered in a handwriting style resembling one or more reference style samples. In
recent years, this task has regained significant attention from theDocumentAnal-
ysis and Computer Vision communities, especially due to its potential applica-
tions, ranging from generating synthetic data for other Document Analysis tasks
to reproducing written styles to be used in graphic design and assistive technolo-
gies [133, 42, 279]. From a technical point of view, handwriting can be treated
as a sequence of strokes, as in the Online HTG paradigm, or as a static image, as
in the OfÒine HTG paradigm. Note that Online HTG entails giving the model
a style input in the form of strokes trajectories, and letting the model generate
strokes trajectories to be rendered on an image. Therefore, Online HTGmodels
are implemented as sequential models [128, 15, 14, 91, 231, 305]. Note that col-
lecting data to train and use Online HTGmodels involves using digital pens and
pads, which is cumbersome and costly and cannot be applied in scenarios where
the style to reproduce is from an existing manuscript, e.g. historical documents.
For these reasons, OfÒine HTG, where the style input and the generated output
are both static images, has gained more popularity and is also the focus of this
work.

Despite the increasing research efforts in OfÒine HTG, generating synthetic
images of handwritten text in a writer-specific style is still challenging. Specifi-
cally, current State-of-the-Art models: A. Struggle to generalize to handwriting
styles that are significantly different from those encountered in training; B. Are
implemented by making some dataset-specific assumptions due to technical lim-
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Figure 8.1: Our proposed Emuru model can generate images of any-length text lines mimicking
out-of-distribution handwriting styles.

itations of the architecture adopted, e.g. normalizing character width or enforc-
ing amaximum text line length; C.Cannot disentangle properly the handwriting
style (i.e. the shapeof the strokes) from the reference imagebackground, and thus,
generate undesired artifacts in the output images. To overcome these limitations,
in this work, we take a step towards generalizable few-shot styled text image gen-
eration and propose Emuru (Fig. 8.1): a continuous-token autoregressive image
generation model that can generate text images of any length (B.) with high style
fidelity and readability, while increasing generalization to novel styles (A.) and
reducing background artifacts (C.). To the best of our knowledge, Emuru is the
first autoregressive OfÒine styled HTGmodel proposed in the literature.

Emuru consists of a VAE that maps the style sample images in an embedding
space where they become a varying-length sequence of continuous vectors, and
an autoregressive Transformer Encoder-Decoder that takes as input the desired
style embeddings sequence, the text contained in the style image, and the de-
sired text, and iteratively generates an image containing the desired text in the
desired style. The generation is implemented as an autoregressive loop that out-
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puts visual embeddings, which are then fed to the VAE Decoder to obtain the
final output image. Given the autoregressive nature of the model, we train it to
automatically establish when to stop the generation, thus removing any techni-
cal constraint on the maximum output length obtainable. Both the VAE and
the autoregressive Transformer in Emuru are trained (separately, in two stages)
on a specifically-designed, purely synthetic dataset. The images in the synthetic
dataset are obtained by rendering a large amount of different English text lines
(whose characters frequency is designed to be almost uniform) on different back-
ground images and with over 100k different fonts, both handwritten (calligra-
phy) and typewritten. Note that by working with a synthetic dataset, we have
all the necessary information for training the VAE to reconstruct the text line im-
age without the background. This way, the learned embeddings encode only the
writing style, which gives Emuru the capacity to generate images without back-
ground artifacts. Moreover, training style variety and textual character frequency
uniformitymake Emuru able to generalize better to unseen styles, both typewrit-
ten and handwritten, and languages (i.e. characters arrangements).

To validate our proposed approach, we perform an extensive experimental
analysis that considersmultiple real datasets of handwritten text inmultipleLatin
alphabet languages. Moreover, we introduce a novel dataset of typewritten and
handwritten text images to foster the development of HTG models able to gen-
eralize also to typewritten styles. The results of our analysis demonstrate the ef-
ficacy of the proposed architectural and training solutions for generating single
words and entire lines with increased generalization capability to new styles, both
handwritten and typewritten with respect to the State-of-the-Art. The code and
weights for Emuru are publicly available*.

8.1.1 Method

Our framework for text-image generation consists of a powerful text-image repre-
sentationmodel (a VAE) combinedwith an autoregressiveTransformer Encoder-
Decoder to generate text images conditioned on the desired textual content and

*https://huggingface.co/blowing-up-groundhogs/emuru
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Figure 8.2: Our Emuru approach consists of a VAE (a) and an autoregressive Transformer
Encoder-Decoder (b), both trained on a massive synthetic dataset of texts rendered in different
fonts. At inference time (c), Emuru is given a reference style image, the text in the reference style im-
age, and the desired text and is tasked to iteratively generate the output styled image, autonomously
deciding when to stop.

a style example, both of which can be of any length. Specifically, the VAE maps
the styled text images into a dense latent space and reconstructs them without
background. The Transformer autoregressively generates embeddings compat-
ible with those in the VAE latent space, conditioned on the embeddings of the
reference style image and the desired text. Then, the VAEDecoder can be used to
obtain the final image. A schematic representation of our approach is depicted
in Fig. 8.2.

Training Data

State-of-the-Art HTG models are usually trained on a single dataset at a time,
which is quite limiting due to the small variety of featured styles and text in the
training images. This causes many HTG models to have a performance drop
when generating images that are out-of-distribution for the style and the textual
content, e.g. fromadifferent dataset. In light of these considerations and inspired
by the effectiveness of the synthetic pretraining of the style Encoder in [278, 277],
we develop a massive synthetic dataset, which we use to train our HTG model.
Thedataset featuresRGB images containing text lineswrittenover different back-
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grounds. As for the text content, we collect words frommultiple English corpora
available on the NLTK library† and combine 1 to 32 of them into text lines T,
making sure that both rare and commonwords are both well represented. More-
over, we collect over 100k fonts available online and render the text lines using
these fonts on greyscale images, where the background is always white. Finally,
we apply several random geometric transformations to the images (see Chapter B
for details). Thisway, we obtain the text image IT for each sample in the synthetic
dataset. Then, we superimpose IT to anRGB image IB depicting a plausible back-
ground for text (e.g. paper), randomly selected among a pre-defined set. Thisway,
we obtain the synthetic sample images I with shapeW × H whereH = 64 and
W scales proportionally to the length of the text. In total, we obtain 2.2 mil-
lion text images. Further details about the dataset are given in Chapter B. Note
that we solely use this synthetic dataset for training both the components of our
proposed approach: first, the VAE and, in a later stage, the autoregressive Trans-
former, keeping the VAE frozen.

VAE

First, we train a β-VAE to encode the text images into a compressed latent space.
We choose a convolutional architecture similar to those commonly used in Stable
Diffusion Models [308]. The VAE Encoder takes as input the images I3×W×H

and maps them in a c × h × w embedding tensor. Due to the nature of lines of
text, i.e. arbitrary length butmostly fixed height, wemodel the images as aw-long
sequence of h× c vectors. Intuitively, each of thew vectors encodes a vertical slice
of the text line. TheDecoder is fedwith these vectors and is tasked to reconstruct
the grayscale text image IT.

We train the VAE by using a Reconstruction loss expressed in terms of L1 dis-
tance between the ground truth IT image (i.e. only the text without background)
and the reconstructed output (LMAE) and the Kullback–Leibler divergence loss
(LKL). In line with [308, 372], we weigh this latter loss term with β << 1
in order to prioritize reconstruction quality rather than constraining a strongly

†https://www.nltk.org/
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regularized latent space [148]. Additionally, we incorporate supervision signals
(namely, a Cross-Entropy loss LWID and a CTC loss LHTR) from two auxiliary
networks. The first is a writing style classification network, pretrained on our
synthetic dataset to identify the 100k styles from the reconstructed image, which
enforces style fidelity. The second is a Handwritten Text Recognition (HTR)
model, also pretrained on the synthetic dataset, tasked to recognize the text T in
the reconstructed image to enforce readability.

Autoregressive Transformer

Once we obtained a strong latent image representation with the VAE, we train a
generativemodel byusing an autoregressiveTransformer featuring aTransformer
Encoder E and a Transformer Decoder D, architecturally similar to T5 [299].
Both are trained on samples from the devised synthetic dataset. Specifically, at
training time, E takes as input a sequence of characters in the desired content
string (Tout) tokenizedbyusing the single-character tokenizer. Then, self-attention
is computed among these tokens to obtain a sequence of text embeddings s =

[s1, ..., sk]. On the other hand, the input to the Transformer Decoder D is ob-
tained as follows. First, we feed the pretrained, frozen VAE Encoder with the
style image I to obtain a w-long sequence of h-dimensional embeddings, v =

[v1, ..., vw]. To reduce the risk of exposure bias at inference time, these embed-
dings are summed to some noise sampled from aNormal distribution. Then, the
resulting noisy embeddings are linearly projected intoDdim-dimensional vectors,
to which we prepend a special start-of-sequence (SOS) learned embedding. The
resulting e = [eSOS, e1, ..., ew] vectors are then fed to D, which autoregressively
predicts a sequence of vectors e′ = [e′1, ..., e′w]. To this end, causal masked self-
attention is performed on the e’s, and unmasked cross-attention is performed
between the e’s and the s’s from E . The so-obtained e′ sequence is projected
back into the v′ sequence of h-dimensional vectors that we use to compute the
training loss.

We train the Transformer following a teacher-forcing strategy and using the
MSE loss between the predicted v′ and ground truth v embeddings (LMSE).
Moreover, to make Emuru handle sequences of different lengths, we take inspi-
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ration from the curriculum learning strategy adopted in [175]. The authors pro-
posed to train their HTG model in three stages, with non-overlapping sets of
increasingly longer images. Here, we train Emuru in two stages and increase the
variability of the training images maximum length. Specifically, we first train on
text lines containing from 4 to 7 words, then we fine-tune on lines containing
from 1 to 32 words. Note that using only a single loss term in the form of the
MSEmakes the training processmore controllable, thanks to the limited number
of hyperparameters involved, and less resource-demanding compared to adversar-
ial and diffusion process-based approaches that also rely on auxiliary networks to
obtain regularization signals.

Inference-time Behavior

At inference time, we feed Emuru with a reference style image containing a text
line (Istyle) and the concatenation of two strings: one with the text in the refer-
ence style image (Tstyle), and one with the desired output text (Tout). Emuru is
tasked to continue the generation from Istyle by following the desired textTout, in
the style of the reference image. Specifically, at each generation step t, D pre-
dicts the (w + 1)-th embedding (ew+1) based on the embeddings of Istyle and
the t previously-generated embeddings. Note that all training images used for
our model have some padding in the form of white spaces since it is required
for batched execution. Therefore, a training sample for Emuru is consistently
modeled as a sequence of embeddings relative to characters followed by embed-
dings relative to white padding. Looking at the VAE latent space, it can be ob-
served that the latter are quite distinguishable from the text characters embed-
dings (see Fig. 8.3). Thus, we stop the iterative generation of embeddings when
Emuru emits P consecutive padding embeddings, which act as an implicit end-
of-sequence signal. P is set to 10 after an empirical analysis to minimize the risk
of early stopping the generation. At the end of the iterative generation, the new
sequence of the generated h-dimensional vectors (excluding the last P padding
vectors) is fed to the pretrained, frozen VAEDecoder to obtain the final image.
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Figure 8.3: Characters and padding VAE embeddings distribution obtained via t-SNE.

8.1.2 Experiments

Despite the recently increased interest in HTG, the proposed works on the task
do not follow a common, standard evaluation protocol. To fairly assess our con-
tribution against the State-of-the-Art, we re-run the previous approaches for stan-
dardizing the evaluation setup. In the following, we give the details of the evalua-
tion protocol we follow and of the competitors considered, which are models for
which code and weights were made publicly available. We hope this setting to be
embraced by the community as a new standardized benchmark.

Considered Scores. To evaluate the performance of our approach by consid-
ering different aspects of the HTG task, we adopt multiple scores in our analysis.
These are the FID [147] and the Kernel Inception Distance (KID) [44], com-
monly adopted for image generation, and the task-specific HWD [1]. Moreover,
we introduce two other scores. The first is the Binarized FID (BFID), obtained
by computing the FID on binarized reference and generated images to capture
mostly the perceptual handwriting style and disregard color or textures. The sec-
ond is the Absolute Character Error Rate Difference (ΔCER). To compute it,
we consider the State-of-the-Art text recognition TrOCR-Base [205] model and
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compute its CERon the reference and generated images to capture their readabil-
ity while taking into consideration the style. Intuitively, we want the generated
images to be as readable as the reference ones but not significantly more, which
could mean that the HTGmodel has collapsed to a very readable style, different
from the reference one. Note that we also considered additional scores for our
evaluation, which are reported in Chapter B.

Considered Datasets. Our proposed Emuru is trained only on a large syn-
thetic dataset of images containing English text rendered in calligraphy and type-
written fonts. To assess its generalization capabilities, we considermultiplemulti-
writer datasets and apply Emuru without any training or fine-tuning. These
datasets are the commonly adopted IAM [239] dataset, both in its word-level
and line-level format, and the line-level annotated CVL [190] andRIMES [22]
datasets. Moreover, we devise a dataset of text lines images obtained by render-
ing song lyrics in multiple Latin-alphabet languages (English, French, German,
and Italian) with 100 publicly available fonts‡, both calligraphy and typewritten,
on a white background. To foster the research on styled text image generation
strategies able to generalize also to typewritten styles, we will release this dataset,
dubbedKaraoke. Further details about these datasets are reported in Chapter B.
Note that to ensure a consistent and fair evaluation, we define a fixed set of ref-
erence style images and desired text to guide the generation for Emuru and the
considered competitors, described below.

Considered State-of-the-Art approaches. In our comparison, we con-
sider State-of-the-Art approaches for styled HTG following both the adversarial
training paradigm and the denoising diffusion paradigm. Note that for consis-
tent evaluation, we select models for which code and weights have been made
available by the respective authors. Specifically, we include in our analysis the
Convolutional GAN-basedHiGAN+ [121] and TS-GAN [95], and the Trans-
formerGAN-basedHWT [42],VATr [278], andVATr++ [379]. Moreover, we
consider the recently-proposed DiffPen [262] and One-DM [90] HTG Diffu-
sionModels.

‡https://fonts.google.com/
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Implementation Details. We train all the components of our model on a
single NVIDIA RTX 4090.

Emuru convolutional VAE has 4 layers for the Encoder and theDecoder, with
the output channels for each block set to 32, 64, 128, and 256. The Encoder spa-
tially downsamples the input I3×W×H to a 1-channel latent vector h×w, where
h=H/8 andw=W/8. Weuse one channel for the latent space to compress the in-
formation on the styled images and allow a lightweight Transformer Decoder to
effectively handle the resulting latents. We train the VAE for 60k iterations with
the AdamWeight Decay (AdamW) [226] optimizer and learning rate 1e-4. The
loss is composed of four terms: LMAE, LWID, LHTR, and LKL, combined with
weight 1, 0.005, 0.3, and β =1e-6, respectively. Note that for the HTR supervi-
sion, we employ noisy teacher-forcing with probability 0.3. As for the auxiliary
networks, the writer identification model is a ResNet with 6 blocks trained with
theAdamWoptimizer, learning rate 1e-4, and batch size 256 until it reached 60%
accuracy on the synthetic dataset. The HTR network is a Transformer Encoder-
Decoder [177] trained with AdamW, learning rate 1e-4, and batch size 128 until
it reached 0.25 CER on the synthetic dataset.

The base architecture of the autoregressive Transformer in Emuru is a T5-
Large [299] Encoder-Decoder with two linear adapters, one before the input
of the Decoder and another that replaces the original T5 Decoder linear classi-
fier. The adapter layers convert the embedding sequence from the VAE feature
space h = 8 to the T5-Decoder inner dimension Ddim = 1024 and vice versa.
The text input of the Encoder is tokenized with the single-character tokenizer
Google-ByT. For the first stage of training, we adopt the AdamWoptimizer with
learning rate 1e-4 and weight decay 1e-2 and train for 70k iterations with batch
size 256, employingnoisy teacher-forcingwith probability 0.1. All images used in
this phase contain from 4 to 7 words and are padded or cropped to a fixed width
of 768px. For the second stage of training, we use images containing from 1 to
32 words, padded or cropped to a fixed width of 2048. For this phase, we train
for 250 iterations with a virtual batch size of 256 with gradient accumulation,
without employing noisy teacher-forcing.
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FID↓ BFID↓ KID↓ ΔCER↓ HWD↓
SD1.5 VAE 29.39 7.36 32.14 0.00 0.77
SD3 VAE 21.90 3.61 23.01 0.00 0.74
Emuru VAE 19.22 1.62 16.35 0.03 0.85

Table 8.1: Comparison between the VAE featured in Emuru and other VAEs used in Diffu-
sion Model-based HTG solutions when reproducing the images in the test set of different HTG
datasets. We report the mean of each score obtained over all the considered datasets. The KID is
multiplied by 103 and the best performance is in bold for readability.

Results

VAE Reconstruction Performance. Since our autoregressive model gen-
erates only latent vectors, it is clear that the performance of Emuru is tied to
the VAE reconstruction quality. Therefore, we start our experiments by evalu-
ating the quality of the VAE, which is tasked to embed the styled text images
into the latent space and perform background removal. We perform extensive
analysis on the reconstruction task over multiple datasets and compare Emuru
VAE to other VAEs pretrained for natural images from State-of-the-Art Diffu-
sion Models, namely Stable Diffusion 1.5 (SD1.5) [308] and Stable Diffusion 3
(SD3) [108]. We report the average scores over our considered datasets in Tab. 8.1
and the dataset-specific results inChapter B. As it emerges from this analysis, our
text images-tailored VAE achieves good generalization and style consistency com-
pared to generalist VAEs, also enabling downstream lightweight token modeling
using only∼16%of their parameters and having a single latent channel (note that
the VAE has 4 channels in SD1.5 and 16 channels in SD3).

Zero-Shot inference on IAM. Current HTG models achieve State-of-the-
Art performance by training on a single dataset at a time (generally, theword-level
IAM). In Tab. 8.2, we compare IAM-trained competitors with Emuru, trained
only on the proposed synthetic dataset. We refer to this setting as zero-shot in-
ference because the model has never seen IAM samples during training. The per-
formance of our approach is mostly in line with that of existing methods, even
achieving top scores for line generation in terms of BFID and HWD. As these

130



888888888

8.1. ZERO-SHOT STYLED TEXT IMAGE GENERATIONWITH EMURU

IAMWords IAM Lines
FID↓ BFID↓ KID↓ ΔCER↓ HWD↓ FID↓ BFID↓ KID↓ ΔCER↓ HWD↓

TS-GAN 129.57 86.45 141.08 0.28 4.22 44.17 19.45 45.42 0.02 3.21
HiGAN+ 50.19 21.92 43.39 0.20 3.12 74.41 34.18 77.27 0.00 3.25
HWT 27.83 15.09 19.64 0.15 2.01 44.72 30.26 43.49 0.33 2.97
VATr 30.26 15.81 22.31 0.00 2.19 35.32 27.97 33.61 0.02 2.37
VATr++ 31.91 17.15 23.05 0.07 2.54 34.00 21.67 29.68 0.03 2.38
One-DM 27.54 10.73 21.39 0.10 2.28 43.89 21.54 44.48 0.13 2.83
DiffPen 15.54 6.06 11.55 0.06 1.78 12.89 6.87 9.73 0.03 2.13
Emuru 63.61 37.73 62.34 0.19 3.03 13.89 6.19 11.30 0.14 1.87

Table 8.2: Comparison on the word-level and line-level IAM datasets between Emuru and State-
of-the-Art approaches trained on IAM. The KID is multiplied by 103 and the best performance is
in bold for readability.

CVL Lines RIMES Lines
FID↓ BFID↓ KID↓ ΔCER↓ HWD↓ FID↓ BFID↓ KID↓ ΔCER↓ HWD↓

TS-GAN 42.12 31.97 43.15 0.13 3.07 109.04 36.39 132.90 0.12 3.26
HiGAN+ 78.44 39.47 80.39 0.12 3.07 160.57 47.38 183.82 0.14 3.39
HWT 31.22 16.73 26.14 0.38 2.59 118.21 35.26 128.66 0.45 3.36
VATr 34.40 24.64 32.21 0.06 2.36 113.76 30.21 114.21 0.07 3.09
VATr++ 35.53 19.87 34.15 0.12 2.18 110.04 35.61 104.05 0.10 2.83
One-DM 60.45 26.58 64.13 0.06 2.66 121.18 36.07 121.67 0.20 3.36
DiffPen 40.40 17.50 38.21 0.01 2.99 89.79 18.25 94.78 0.04 2.58
Emuru 14.39 10.77 12.34 0.13 1.82 26.93 13.26 21.19 0.25 2.18

Table 8.3: Comparison on the line-level CVL and RIMES datasets between Emuru and state-of-
the-art approaches trained on IAM. The KID is multiplied by 103 and the best performance is in
bold for readability.

scores focus on style rather than background, this indicates that the generated
lines are more representative of the input style. Moreover, as shown in Fig. 8.4,
scores such as FID and KID are not representative of aspects like word align-
ment [1], which is a weakness of models that generate single words and stitch
them together to create a sentence, like e.g. DiffPen. Despite not having been
trained on IAM samples, Emuru demonstrates strong generalization, perform-
ing on par with competitors trained on IAM.

Zero-shot inference on CVL and RIMES. The dataset-specific tailoring
of existing methods severely limits their generalization performance, as demon-
strated in Tab. 8.3. In this zero-shot evaluation on CVL and RIMES lines, all
competing models (which have been trained on IAM) show a marked perfor-
mance drop. In contrast, Emuru achieves top performance across nearly all met-
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Figure 8.4: Qualitative comparison betweenEmuru, theGAN-basedVATr++, and theDiffusion
Model-based DiffPen when generating images from the considered datasets. We report the input
style image used for guiding the generation and another reference image in the same style. We let
themodels generate the same text as in the reference tobetter observe the style imitation capabilities
of the models.

rics. Interestingly, despite not being able to capture the input style, some ap-
proaches maintain readability in the generated text, as reflected by the relatively
stable ΔCER score. These results, in line with those achieved on IAM, demon-
strate the generalization capabilities of Emuru, also observed from Fig. 8.4.

Zero-shot inference on the Karaoke. Finally, we evaluate the generaliza-
tion capability of all models on calligraphy and typewritten text images by con-
sidering our devised Karaoke dataset. Different from IAM, CVL, and RIMES,
Karaoke has a diverse set of 100 fonts and no background artifacts. In Tab. 8.4,
we evaluate Emuru against the considered competitors on Karaoke, distinguish-
ing between images of text in calligraphy fonts and typewritten fonts. In both
cases, the results are in line with the zero-shot inference comparisons in Tab. 8.3,
with Emuru achieving the best values across all scores except ΔCER. Arguably,
this is because Emuru, like the diffusion-based models, does not have any mecha-
nism to ensure the correctness of the generated text. In Chapter B, we report fur-
ther experiments, including fine-tuning Emuruwith anHTR-based loss. Across
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Karaoke Calligraphy Karaoke Typewritten
FID↓ BFID↓ KID↓ ΔCER↓ HWD↓ FID↓ BFID↓ KID↓ ΔCER↓ HWD↓

TS-GAN 60.30 12.68 64.80 0.23 4.59 141.41 75.78 157.33 0.32 4.70
HiGAN+ 125.75 69.41 136.75 0.08 4.90 135.34 63.39 146.34 0.07 5.19
HWT 62.69 43.03 59.35 0.32 4.50 72.78 37.40 62.77 0.37 4.57
VATr 72.22 47.66 67.70 0.05 3.89 80.38 41.02 70.46 0.05 4.14
VATr++ 67.16 46.53 58.57 0.01 3.96 76.03 41.69 63.17 0.01 4.15
One-DM 59.73 38.30 56.55 0.04 4.31 70.75 44.06 60.90 0.05 4.80
DiffPen 34.19 25.78 28.91 0.16 4.18 78.07 61.16 67.17 0.14 4.71
Emuru 13.87 7.99 9.24 0.13 2.24 9.85 4.33 5.60 0.11 1.28

Table 8.4: Comparison on the line-level Karaoke dataset, separating calligraphy and typewritten
styles, between Emuru and State-of-the-Art approaches trained on IAM. The KID is multiplied
by 103 and the best performance is in bold for readability.

all quantitative experiments in Tabs. 8.2 to 8.4 and the qualitative comparison
in Fig. 8.4, Emuru stands out as the only model that exhibits a consistent value
range for the scores and comparable zero-shot performance on all the considered
datasets. On the other hand, other methods show significant variability, some-
times completely failing to generate images in the style of the target dataset. This
highlights Emuru’s robustness and ability to generalize to diverse scenarios.

Editing Application. As mentioned in previous sections, we train Emuru
to generalize on unseen styles and to be background-agnostic. Combined, these
two characteristics enable Emuru to generate images that are both faithful to the
input style and free from background artifacts, which makes them usable in real-
world editing scenarios. To illustrate this, in Fig. 8.1, we extract a style sample
from a handwritten letter image and task Emuru to render the sentence “Hello
World! I am Emuru: Born to make mistakes, not to fake perfection.”. Then, we
overlay the resulting image on the same letter. Note that the same results cannot
be replicated with other models due to the background artifacts they maintain,
as shown in Fig. 8.5. DiffPen effectively copies the style of the IAM sample, but
it also reproduces the gray background typical of IAM samples. This issue of
learning to imitate the background in addition to the text strokes is common in
many HTG approaches because they are trained to mimic the training text im-
ages as a whole, including their background. In contrast, by leveraging the VAE’s
background removal capabilities, Emuru generates images that reproduce only
the text style, and thus, that can be easily blended over any custom background
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Figure 8.5: Results of image generation from a style image with background artifacts obtained
with Emuru and DiffPen. Thanks to the VAE training, Emuru images do not reproduce these
artifacts.

image.

8.1.3 Summary

Emuru is a novel autoregressive model for OfÒine styled text image generation.
Our approach relies on a powerful text images representation model (a VAE)
combined with an autoregressive Transformer, and both are trained on a diverse,
synthetic dataset of English text rendered in over 100,000 typewritten and callig-
raphy fonts. Emuru effectively addresses the limitations of previous approaches,
such as: generalization to novel styles, limited or fixed output length, and entan-
glement between text style and background style. Extensive evaluation consid-
ering multiple datasets, both handwritten and typewritten, demonstrates the ef-
fectiveness of Emuru in generating both short and long text sequences with high
fidelity to unseen styles and its superiority with respect to the State-of-the-Art in
terms of generalization capabilities.
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Figure 8.6: Our proposed Eruku model can generate text images with arbitrary length and with
great text adherence, respecting both the generation text and with the conditioning writing style.

8.2 Improving Autoregressive HTGwith Eruku

While the autoregressive formulation introduced by Emuru provides undeniable
advantages like training efÏciency and the ability to generate arbitrary-length out-
puts, it also presents important drawbacks. First, it requires as input the tran-
scription of the style image. This helps themodel associate style features with tex-
tual content, but creates a strong dependency on accurate transcriptions, which
may not be available in real-world scenarios, or may be unreliable when obtained
with text recognition networks, which can be imperfect. Moreover, to stop the
generation, it relies on a heuristic that entails emitting 10 consecutive padding
tokens, which are then discarded. This strategy is somewhat inefÏcient. Finally,
the model often struggles to precisely render the desired text, suffering from is-
sues typical of autoregressive generation models such as repetitions, incomplete
sequences, and failure to stop at the correct length (see Fig. 8.6).

Therefore, in this work, we follow the same autoregressive formulation, im-
proving its key aspects. To this end, we introduce modeling novelties to

• free themodel from requiring the transcription of the style image as input,
making it instead optional;

• provide the model with an explicit stopping mechanism via a single, dedi-
cated end of generation token;

• enforce adherence to the desired text sequencewithout relying on auxiliary
networks for supervision.
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We achieve these goals by introducing special visual and textual tokens to guide
the generation, and by a Classifier-Free Guidance (CFG)-inspired approach that
works only on the textual inputs.

Ourmethod, dubbedEruku, is built upon the EmuruVAE and an autoregres-
sive Transformer trained on a large-scale synthetic dataset of text images. Specif-
ically, the Transformer is trained to iteratively predict VAE-compatible embed-
dings, including our introduced special tokens, and to generate by exploiting our
CFG-inspired mechanism.

We conduct extensive experiments on multiple handwritten and typewritten
datasets, all different from the synthetic one used in training. The obtained re-
sults show that Eruku achieves robustness to missing or noisy inputs and im-
proves text fidelity while maintaining strong generalization to unseen styles. We
release code and weights of our approach §.

8.2.1 Eruku Architecture

Our HTG approach takes as input a reference style image (Is) and the text con-
tent to be rendered, dubbed generation text (Tg) from here on. Optionally, the
model also takes as input the text contained in the style sample, which we call
style text (Ts). Then, it is tasked to generate a text image Ig containing Tg in the
same style as Is (Fig. 8.7).

Specifically, we generate Ig by using an autoregressive Transformer Encoder-
Decodermodel operating in the latent space of aVariationalAutoencoder (VAE),
which acts as an image tokenizer. The Transformer Encoder, E , takes as input
Tg, optionally preceded Ts. The Transformer Decoder, D, is fed with the Is, to-
kenized by the VAE Encoder. Then, the model autoregressively outputs embed-
dings of the VAE latent space and stops generating by emitting a special token.
Finally, these latent space tokens are decoded by the VAE Decoder, which out-
puts the desired text image Ig. The details of our pipeline are given below.

§https://aimagelab.github.io/Eruku
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Figure 8.7: Training framework of Eruku, our autoregressive text image generation model. We
condition generation on: the textual content of a style image Ts (“Style”), the generation text Tg

(“Gen”), and the style image Is. Eruku is trained on next-token prediction, learning to generate an
image containing the generation textTg with the samewriting style as the style image Is. Providing
the style text Ts enables the model to link each character with its representation style, but we also
enable generation without the style textTs by dropping it during inference and using synchroniza-
tion tokens to separate the sequence components. We represent images with VAE [6] continuous
latents. Our model automatically learns to stop generation emitting theVisual End of Generation
token <EOG>.

VAE Image Tokenizer

To project the style image Is into a compressed latent space and then convert the
embeddings generated by the autoregressive Transformer into the output image
Ig, we reuse the continuous β-VAE provided in [6], frozen. Specifically, given an
RGB (3×H×W) text image I, the VAE Encoder projects it into a latent repre-
sentation. Given the VAE’s number of channels, c, and its downscaling factor, f,
the resulting latent vectorwill have shape c×h×w, wherew = W/f andh = H/f.
This is then reshaped into a w-long sequence of h · c vectors, v = [v0, ..., vw],
so that each one encodes a vertical slice of the text image. The VAE Decoder
is tasked to reconstruct a grayscale version of the text image without the back-
ground, therefore enforcing the latent space to represent text style rather than
background content. The model was trained with a combination of reconstruc-
tion loss, KL divergence, Cross-Entropy from a pretrained writing style classifi-
cation network [6], and a CTC loss from a pretrained HTRmodel [6].

137



888888888

8. AUTOREGRESSIVE STYLED TEXT IMAGE GENERATION

Autoregressive Text Encoder

Eruku autoregressive Transformer Encoder takes as inputs text tokens obtained
by tokenizing Ts (if given) and Tg at character-level with the byte-by-byte tok-
enizer from ByT5 [408], separated and followed by two special tokens. Specifi-
cally, the input to the Encoder is:

t = [ts,1, ..., ts,ls , <SOG>, tg,1, ..., tg,lg , <EOG>].

The textual End of Generation token <EOG> is a utility token automatically in-
serted by the tokenizer. The textual Start of Generation token <SOG> is an ad-
ditional special token that we introduce to signal the model that the following
tokens are part of the generated image it is tasked to render. The <SOG>, coupled
with appropriate training, enables the model to learn to ignore the style text if
it is unable to match it to the style image, or if the style text is unavailable. The
Encoder performsmulti-layer self-attention on t and passes its output to the Au-
toregressive Decoder.

Autoregressive Image Decoder

Eruku autoregressive Transformer Decoder takes as inputs the visual tokens vs

obtained by tokenizing the style image Is with the VAE Encoder, linearly pro-
jected into embedding vectors with size compatible with the Transformer dimen-
sion (Ddim), thus obtaining the sequence es. Moreover, we prepend and append
two additional learnable embeddings: one for the Start of sequence token, eSOS,
and one for the visual Start of generation token, eSOG. Therefore, the input to the
Decoder is e = [eSOS, es,1, ..., es,ws , eSOG].

The Decoder performs multi-layer self-attention on e and cross-attention be-
tween e and the output of the Transformer Encoder, and iteratively generates a
sequence of embeddings êg,i ∈ ê. At each generation step, the current embed-
ding êg,i is linearly projected into two separate vectors: ŝi ∈ R

3 and v̂g,i ∈ R
c·h.

The value of ŝi belongs to a dictionary of three elements, {<SOG>,<IMG>,<EOG>},
within a next-token prediction scheme. In particular:
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• Visual Start of Generation token <SOG>, meaning that the model suggests
to insert the start of generation token at that point in the sequence. This
behavior is mainly useful in training, but it also enables the model to re-
cover cases in which the Ts is incorrect. In this case, we append eSOG to the
generated sequence of embeddings and run another generation step.

• Visual token <IMG>, meaning that themodel is continuing to generate im-
age tokens in v̂i. In this case, we append its linear projection êg,i to the
generated sequence and run another generation step.

• Visual End of Generation token <EOG>meaning that the model suggests
that the entire generation text Tg has been rendered in the output image.
In this case, we stop the autoregressive generation process.

Note that the visual <SOG> and <EOG> tokens also act as a synchronization signal
alongside the corresponding textual <SOG> and <EOG> tokens in the Autoregres-
sive Encoder (see Section 8.2.1). In fact, as detailed in Section 8.2.2, during train-
ing Eruku consistently observes paired textual/visual <SOG> and textual/visual
<EOG> tokens. As a consequence, it implicitly learns an alignment between the
boundaries of corresponding textual and visual segments. At inference time, the
model receives the visual <SOG> already alignedwith the textual <SOG>, and is en-
courages to produce the appropriate number of visual tokens to ensure that the
textual <EOG> provided to the encoder corresponds meaningfully to the visual
<EOG> generated by the decoder. In the rest of the chapter, where it is clear from
the context, we use <SOG> and <EOG> for both the textual and visual tokens for
simplicity of notation.

The generationprocess continuesuntil either a visual<EOG> token is predicted.
At the end of the process, the sequence of v̂g,i’s, vg is passed to the VAEDecoder
to obtain the final generated image Ig.

TextClassifier-FreeGuidance. In order to improve Eruku’s ability to cor-
rectly render the desired text Tg within the output image, we use an inference-
time strategy based on Classifier-Free Guidance (CFG). CFG was developed in
the context of conditionalDiffusionModels [150] to increaseprompt-image align-
ment by sharpening the sampling distribution towards the conditioning. To this
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end, themodel is tasked to generatewith the conditioning signal (conditional gen-
eration) and with a null condition ∅ (unconditional generation), and the results
are combined, scaledwith a parameter γ to regulate the intensity of this operation.
Recently, this technique has been successfully applied in Autoregressive image
generation models [207] and in Autoregressive image editing models [254, 71].

Recall that our proposed Eruku is conditioned on three inputs: the sequence
of embeddings representing the style image, es, the sequence of style text tokens
ts, and that of the generation text tokens, tg. The last two are gathered in a single
sequence t. To enforce content adherence in the generated image, we apply the
CFG formula to the êg,i’s, but we keep the style image conditioning in the uncon-
ditional generation to retain style consistency also in the unconditional branch,
i.e.

p(̂eg,i |̂eg,<i, es, t) =

p(̂eg,i |̂eg,<i, es, ∅) +
γ · (p(̂eg,i |̂eg,<i, es, t)− (p(̂eg,i |̂eg,<i, es, ∅)).

8.2.2 Eruku Training

Note that the training samples for our model consist of tuples containing the
style text Tg, the generation text Tg, the style image Is, and the target text image
Ig. We build a dataset by synthesizing such samples as detailed in Section 8.2.2,
andwe train ourmodel in two phases, as depicted in Fig. 8.7 and described in the
following.

Training Strategy

At training time, the input to the Transformer Encoder is the same as what is
given at inference, i.e. a sequence of textual tokens t, computed from Ts and Tg

as explained in Section 8.2.1. For the training input to the Transformer Decoder,
Is and Ig are converted to sequences of vectors in the VAE’s latent space, i.e. vs
and vg, and projected into sequences of image embeddings es and eg. By adding
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the embeddings of the special visual tokens, we obtain

e = [eSOS, es,1, ..., es,ws , eSOG, eg,1, ..., eg,wg , eEOG].

Then, the model is tasked to replicate the entire sequence of embeddings e, ex-
cluding eSOS, i.e. to iteratively output the sequence of vectors

ê = [̂es,1, ..., ês,ws , êSOG, êg,1, ..., êg,wg , êEOG].

For the generation during training we apply a teacher-forcing strategy.

From each êi ∈ ê, we obtain the corresponding ŝi and v̂i vectors. Then, we
compute a Cross-Entropy (CE) loss LCE on the ŝi’s and a Mean Square Error
(MSE) loss LMSE on the v̂i’s. Specifically, the LCE is computed with respect to
the reference values in the ground truth sequence given by:

s = [<IMG>×ws , <SOG>, <IMG>×wg , <EOG>].

This sequence is also used to select the v̂i’s corresponding to the style image, v̂s,i,
and to the desired text image, v̂g,i. Then, the LMSE is computed respectively be-
tween the v̂s,i’s and the corresponding vector invs, and between the v̂g,i’s and the
corresponding vector in vg.

Training for Classifier-Free-Guidance. To enable the text CFG as de-
scribed in Section 8.2.1, we need to train the model to generate also without
conditioning inputs. In our case, this would mean generating without any tex-
tual input but only the conditioning given by the style image Ig. To this end,
with a given probability puncond during training, we replace all text embeddings
in the models’ textual input t with a learnable text unconditional embedding,
<UNCOND>. In this way, we obtain the ∅ conditioning for the unconditional gen-
eration. We refer to this setting as text-unconditional generation.

Second Training Phase. After pre-training, we fine-tune Eruku to enable
it to generate also when the style text is not available. To this end, with a given
probability pdrop during training, we do not feed the model with the tokens cor-
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responding to Ts, i.e. the input to the Transformer Encoder becomes

t = [<SOG>, tg,1, ..., tg,lg , <EOG>].

Moreover, in this phase, we use samples whose length is more varied compared
to those used in the first training phase. This allows the model to handle longer
sequences, which is overall beneficial also in terms of performance [6]. Text-
unconditional training is also performed during this second phase in order to
preserve unconditional generation capabilities, as suggested by [275].

Training Data

Commonly, HTG models are trained on a single dataset, hindering their gener-
alization capabilities on out-of-distribution styles, words, and languages. There-
fore, we train our model on a specifically-prepared massive and varied synthetic
dataset¶. To obtain the dataset, we collect over 100k typewritten and calligraphic
fonts available online and use them to render text words as greyscale ink over a
white background. Then, we apply random geometric transformations and split
the resulting image to obtain the style image and the generated image, as in [277].
The renderedwords are picked from a large corpus of English and randomwords
as the one used in [6]. Specifically, For the pre-training stage, we generate sam-
ples consisting of 2 to 3 words for the style images and 2 to 3 words for the target
text image, and obtain 23M samples. For the fine-tuning stage, we synthesize
10M samples whose style image contains 1 to 8 words and the target text image
contains 1 to 32 words.

8.2.3 Eruku Experiments

Following [379][6], we re-run previous approaches, using their publicly released
weights, under a unified setup to enable a fair comparison with the State-of-the-
Art. For all test datasets considered, we maintain a fixed set of reference style
images and target texts to guide generation, ensuring consistency acrossmethods.

¶https://hf.co/datasets/blowing-up-groundhogs/font-square-pretrain-20M
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Implementation details. We use the pretrained weights from the Emuru
VAE [6], which has 4 Encoder layers and 4 Decoder layers, a downscaling factor
f = 8 and one output channel (c = 1). TheAutoregressiveTransformer architec-
ture or Eruku is the same as T5-Large [299], with Edim = Ddim = 1024. During
training, we pad the target images of samples within the same batch so that they
have all the same, inter-batch maximum length. For padding, we use the visual
<EOG> to teach the model that, once all the visual tokens for Ig are generated, the
<EOG> is the only possible output. The first training phase is performed with a
batch size of 128 over 65000 iterations, whereas the second phase lasts 5000 iter-
ations with a batch size of 2. In both phases, we use gradient accumulation with
a virtual batch size of 256, AdamWas optimizer, with a learning rate of 1e-4, and
weight decay 1e-2.

EvaluationScores. Tocomprehensively assess theperformanceof ourmodel,
we employ multiple scores capturing different aspects of HTG. These include
the task-specific HWD [1], to capture style fidelity, the Absolute Character Er-
ror Rate Difference (ΔCER) [6], which quantifies readability relative to the ref-
erence style, the standard image quality evaluation FID [147], and the binarized
version of the FID, (BFID) [6], which focuses on font fidelity disregarding the
background color and texture [4].

Datasets. Our proposed Eruku is trained only on a large synthetic dataset of
images containing English text rendered in calligraphy and typewritten fonts, the
same as the one use in [6]. To evaluate its generalization performance, we ap-
ply Eruku directly, i.e. without fine-tuning, on multiple multi-writer datasets.
These include the IAM [239] dataset (both word- and line-level), and the line-
levelCVL [190] andRIMES [22] datasets. Moreover, we consider the line-level
Karaoke [6] dataset, consisting of song lyrics in English, French, German, and
Italian rendered using 100 publicly available fonts‖, encompassing both calligra-
phy and typewritten styles on a white background.

ComparedMethods. WecompareErukuagainst State-of-the-ArtHTGmeth-
ods with publicly released code and pretrained weights. Specifically, we include

‖https://fonts.google.com/
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Convolutional GAN-based models HiGAN+ [121] and TS-GAN [95], Trans-
former GAN-based methods HWT [42], VATr [278], and VATr++ [379], as
well as diffusion-based approaches DiffPen [262] and One-DM [90]. Finally,
we consider the Autoregressive Transformer-based Emuru [6], which is the clos-
est to our approach.

Eruku Results

First, we perform ablation analyses of Eruku’s main characteristics. To this end,
we consider the line-level version of the IAM dataset, since it is the most com-
monly adopted in HTG literature.

Style Text Drop. We validate the effect of dropping the style text Ts in the
Eruku input. In Tab. 8.5, we report the results obtained by applying varying
style text drop probability pdrop in the second phase of training. For this compar-
ison, we generate both with and without Ts and use γ = 1.25 for the text CFG.
Note that the baseline model is the first line in the same Tab. 8.5, i.e. our Eruku
architecture trained with style text Ts, which is also provided during inference.
Observing the results, we can see that the baseline model, which was not trained
with style text dropout (pdrop = 0), does not work well when the style text is not
provided during inference. This is expected, as it has never been trained in this
setting. As intended, the ability of the model to generate without style text is sig-
nificantly improved with increasing values of pdrop. In particular, moving from
pdrop = 0 to pdrop = 1 yields significant performance improvements when style
text is not provided. An added benefit of this style text dropout strategy is that
themodel trainedwith pdrop = 0.1 improves its HWDand FID significantly also
when provided with Ts, without any decrease in ΔCER. This leads us to believe
that this form of style text dropout makes the model more robust to style text
that it would otherwise fail to match to the style image. Therefore, the model is
able to leverage the provided style text Ts better than to the baseline model.

With increasing values of pdrop, we can see that the model’s performance in-
creases without the Ts input and decreases when Ts is provided. We attribute
this to the model losing the ability to match Ts and Ig if no longer provided with
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pdrop Ts HWD↓ ΔCER↓ FID↓ BFID↓

0.0 ✓ 1.81 0.48 14.20 3.88
7 3.03 1.02 86.97 77.46

0.1 ✓ 1.75 0.48 13.49 4.45
7 2.15 0.47 16.71 8.10

0.3 ✓ 1.79 0.50 16.67 4.62
7 2.17 0.46 18.73 5.00

0.6 ✓ 1.74 0.51 15.34 5.47
7 2.05 0.46 16.91 6.11

1.0 ✓ 2.02 0.75 21.41 15.63
7 2.03 0.38 15.97 4.25

Table 8.5: Effect of the style text drop probability applied in training, pdrop, on the performance of
Eruku on IAM Lines, both when the style text Ts is given or not at inference time. For reference,
we also report the result of Eruku fed with Ts obtained by running TrOCR on the style image Is
(dubbed T∗

s ).

sufÏcient paired samples in the second phase of training. To show this, we also re-
port the results of a model finetuned with pdrop = 1, which learns quite well how
to generate without style text input. When we input Ts to this model, its perfor-
mance drops. In light of these results, we find pdrop = 0.1 to be the best tradeoff
between non-style text-conditioned generation and style text-conditioned gener-
ation and use this value for our final model.

Text-CFG. To validate the effect of the proposed text-CFG on the model’s per-
formance, we consider its effect at different values of the scale γ at inference time.
As a reference, we also consider the performance obtained by a variant of our
approach not trained to perform text-unconditional generation, which is there-
fore ran without CFG at inference time. The results of this analysis are reported
in Tab. 8.6. We can observe that increasing the CFG scale directly impacts the
ΔCER, and therefore the correctness and readability of the text within the out-
put image. For values of γ up to 1.25, this improvement does not hinder the
style adherence measured by HWD. When increasing beyond that value, there
are diminishing advantages in terms of ΔCER, and worsening HWD values, in-
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dicating that style adherence decreases as γ increases beyond 1.25. For this reason,
we select γ = 1.25 as the default CFG scale value for Eruku. Nonetheless, a
user could change this CFG scale value to obtain a different style-text adherence
trade-off.

Note that an alternative, popular way in the HTG literature to improve the
readability of the text output is to fine-tune the models using an auxiliary HTR
network [278, 379, 262]. As an ablation, we also try the same approach onEruku
by introducing, in the second stage of training, supervision from anOCRmodel
trained [417] on the same synthetic data used for Eruku in that phase of training.
The results obtained are reported in Tab. 8.6 by adding the sufÏx “+ OCR”. We
observe that OCR fine-tuning proves to be less style-preserving than CFG at ob-
taining the sameΔCERvalues, as reflected in theHWDscores. Therefore, we do
not perform OCR fine-tuning for the final Eruku model, which, as mentioned
in Section 8.2.2, is trained without any need for auxiliary networks. To further
isolate the effect of CFG training, we also train Eruku’s variants without condi-
tioning dropout, and then fine-tune using the OCR model [417]. The results,
reported in Tab. 8.6, show that these variants are worse in both style preservation
and text correctness. Finally, we qualitatively show the effect of γ in Fig. 8.8.

Comparison with the State-of-the-Art. In Tabs. 8.7 to 8.9 and Fig. 8.9,
we report a quantitative and qualitative comparison between Eruku and other
State-of-the-Art HTG approaches. The comparison is performed both on the
dataset that most of the competitors have seen in training (IAM) and on unseen
datasets. Recall that, instead, for Emuru and our Eruku approach, all the datasets
are unseen. Our model exhibits strong generalization capabilities, maintaining
solid performance on all line-level datasets. This is underscored by the fact that
it is the best-performing model in terms of HWD on all datasets except for IAM
Words. The lower performance on this word-level dataset could be attributed
to the particular emphasis given during training to long-context generation in
the second stage. A potential mitigation that could be implemented in future
approaches is to supplement the dataset used for long-context training with a
larger sample of short images consisting of one or very few words.
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γ = 1.0

γ = 1.25

γ = 1.5

Figure 8.8: Qualitative analysis of the CFG effect on generation at varying γ’s. We generate by
giving as Is the top image in the figure (Style) and as Ts the text contained in the bottom image
(Ref.).

Figure 8.9: Qualitative results between our proposedEruku, and the State-of-the-Art Emuru and
DiffPenmodels on the considered datasets. We task themodels to generate a replica of the reported
reference image (Ref.) by giving them as input the text contained in Ref. and the reported style
image (Style).
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HWD↓ ΔCER↓ FID↓ BFID↓
Eruku (γ = 1) 1.83 0.18 20.12 12.52
Eruku (γ = 1.125) 1.73 0.10 17.44 7.71
Eruku (γ = 1.25) 1.70 0.06 16.40 4.88
Eruku (γ = 1.375) 1.73 0.04 16.76 4.01
Eruku (γ = 1.5) 1.80 0.04 17.51 4.07

Eruku (γ = 1) + OCR 1.82 0.14 16.02 7.99
Eruku (γ = 1.125) + OCR 1.75 0.08 15.27 4.99
Eruku (γ = 1.25) + OCR 1.78 0.05 16.45 4.86
Eruku (γ = 1.375) + OCR 1.84 0.04 18.04 5.18
Eruku (γ = 1.5) + OCR 1.91 0.03 19.66 6.02

Eruku* 1.83 0.21 21.10 17.11
Eruku* + OCR 1.82 0.18 18.48 11.25

Table 8.6: Effect of the text CFG scale on the performance of Eruku. γ = 1 means that the
text CFG is not performed. We also report the results of a variant not trained to support the text
CFG (dubbed Eruku*) and variants trained with the additional supervision of an auxiliary OCR
network (noted ‘+ OCR’).

IAMWords IAM Lines
HWD↓ ΔCER↓ FID↓ BFID↓ HWD↓ ΔCER↓ FID↓ BFID↓

TS-GAN 4.22 0.28 129.57 86.45 3.21 0.02 44.17 19.45
HiGAN+ 3.12 0.20 50.19 21.92 3.25 0.00 74.41 34.18
HWT 2.01 0.15 27.83 15.09 2.97 0.33 44.72 30.26
VATr 2.19 0.00 30.26 15.81 2.37 0.02 35.32 27.97
VATr++ 2.54 0.07 31.91 17.15 2.38 0.03 34.00 21.67
One-DM 2.28 0.10 27.54 10.73 2.83 0.13 43.89 21.54
DiffPen 1.78 0.06 15.54 6.06 2.13 0.03 12.89 6.87
Emuru 3.03 0.19 63.61 37.73 1.87 0.14 13.89 6.19
Eruku 3.23 0.77 79.66 63.31 1.70 0.06 16.40 4.88

Table 8.7: Comparison on the word-level and line-level IAM datasets. Note that Eruku and
Emuru have not been trained on IAM.
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CVL Lines RIMES Lines
HWD↓ ΔCER↓ FID↓ BFID↓ HWD↓ ΔCER↓ FID↓ BFID↓

TS-GAN 3.07 0.13 42.12 31.97 3.26 0.12 109.04 36.39
HiGAN+ 3.07 0.12 78.44 39.47 3.39 0.14 160.57 47.38
HWT 2.59 0.38 31.22 16.73 3.36 0.45 118.21 35.26
VATr 2.36 0.06 34.40 24.64 3.09 0.07 113.76 30.21
VATr++ 2.18 0.12 35.53 19.87 2.83 0.10 110.04 35.61
One-DM 2.66 0.06 60.45 26.58 3.36 0.20 121.18 36.07
DiffPen 2.99 0.01 40.40 17.50 2.58 0.04 89.79 18.25
Emuru 1.82 0.13 14.39 10.77 2.18 0.25 26.93 13.26
Eruku 1.72 0.04 12.32 6.62 1.81 0.11 27.51 10.15

Table 8.8: Comparison on the CVL and RIMES datasets. Note that none of the approaches has
been trained on these datasets.

Karaoke Calligraphy Karaoke Typewritten
HWD↓ ΔCER↓ FID↓ BFID↓ HWD↓ ΔCER↓ FID↓ BFID↓

TS-GAN 4.59 0.23 60.30 12.68 4.70 0.32 141.41 75.78
HiGAN+ 4.90 0.08 125.75 69.41 5.19 0.07 135.34 63.39
HWT 4.50 0.32 62.69 43.03 4.57 0.37 72.78 37.40
VATr 3.89 0.05 72.22 47.66 4.14 0.05 80.38 41.02
VATr++ 3.96 0.01 67.16 46.53 4.15 0.01 76.03 41.69
One-DM 4.31 0.04 59.73 38.30 4.80 0.05 70.75 44.06
DiffPen 4.18 0.16 34.19 25.78 4.71 0.14 78.07 61.16
Emuru 2.24 0.13 13.87 7.99 1.28 0.11 9.85 4.33
Eruku 2.04 0.13 12.39 7.30 1.21 0.11 10.29 5.07

Table 8.9: Comparison on the Karaoke dataset. Note that none of the approaches has been
trained on these datasets.
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8.3 Conclusion

In this chapter,wehavepresented twocontributions to the autoregressiveparadigm
forOfÒine styled text image generation. First, wehave introducedEmuru, a novel
autoregressive model that relies on a powerful text images representation model
(a VAE) combinedwith an autoregressive Transformer, both trained on a diverse,
synthetic dataset of English text rendered in over 100,000 typewritten and callig-
raphy fonts. Emuru effectively addresses the limitations of previous approaches,
such as generalization tonovel styles, limited or fixedoutput length, and entangle-
ment between text style and background style. Then, building upon the Emuru
framework, we have proposed Eruku, which improves the autoregressive formu-
lation by tackling its key drawbacks: the dependency on accurate style image tran-
scriptions, the inefÏcient and error-prone stoppingmechanism, and the poor ad-
herence to the target text. Eruku achieves these improvements through the in-
troduction of special visual and textual tokens and a novel CFG-inspired mech-
anism acting on the text inputs. Through extensive experiments on a variety of
handwritten and typewritten datasets, we have validated the effectiveness of both
approaches, demonstrating strong zero-shot generalization to unseen styles, arbi-
trary output length flexibility, and, with Eruku, the ability to generate images
whose content closely adheres to the desired target text even without requiring
the style image transcription. As shown in Chapter C, Eruku remains robust
when the style transcription is missing or obtained via Optical Character Recog-
nition (OCR), whereas Emuru-style conditioning can be destabilized by such
noisy inputs.
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9
Merging and Splitting Diffusion Paths for

Semantically Coherent Panoramas

Diffusion models have become the State-of-the-Art for text-to-image
generation, and increasing research effort has been dedicated to adapt-
ing the inference process of pretrained diffusion models to achieve

zero-shot capabilities. An example is the generation of panorama images, which
has been tackled in recent works by combining independent diffusion paths over
overlapping latent features, which is referred to as joint diffusion, obtaining per-
ceptually aligned panoramas. However, these methods often yield semantically
incoherent outputs and trade-off diversity for uniformity. To overcome this lim-
itation, we propose theMerge-Attend-Diffuse operator, which can be plugged
into different types of pretrained diffusion models used in a joint diffusion set-
ting to improve the perceptual and semantic coherence of generated panorama
images. Specifically, wemerge the diffusion paths, reprogramming self- and cross-

ThisChapter is related to the publication “F.Quattrini et al.,Merging and SplittingDiffusion
Paths for SemanticallyCoherent Panoramas, ECCV2024” [5]. See the list of Publications on page
315 for more details.
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attention to operate on the aggregated latent space. Extensive quantitative and
qualitative experimental analysis, together with a user study, demonstrate that
our method maintains compatibility with the input prompt and visual quality
of the generated images while increasing their semantic coherence. We release
the code of our approach *.

9.1 Introduction

Diffusion models [333, 336, 338, 149] have achieved impressive performance
in various domains, including image generation [102, 300, 315, 308, 28], video
generation [395, 152, 107], and audio synthesis [192, 69, 283], especially when
guided by a natural language prompt. Once trained on large-scale datasets, these
models can be exploited for zero-shot adaptation in downstream tasks, such as in-
painting [230], image editing [144, 25, 23], 3D modeling [212, 404], and video
manipulation [186, 387].

Themost popular text-to-image diffusionmodels are trained to generate fixed-
size images. Although somemethods are trainedwith different image resolutions
and aspect ratios [281, 67], not all image dimensions canbeprovidedduring train-
ing. This is especially true for oddly-shaped images, such as panoramas. Note
that obtaining large or oddly-shaped images by simply applying rescaling or su-
perresolution techniques to a generated square image can lead to unsatisfactory
results due to the artifacts thatwouldbe introduced, the lack of detail, and the un-
even enlargement that long images require. In light of these considerations, and
as the size of the models (and the associated training cost) continues to increase,
there is a growing research effort toward inference-time strategies to exploit pre-
trained models for generating images with unseen shapes and sizes.

Among those, iterative diffusionmethods [23, 424] involve generating an ini-
tial image and then generating the whole panorama image with a series of out-
painting steps. However, this strategy struggles tomaintain global coherence and
tends to repeat similar patterns [198]. Another family of approaches, referred
to as joint diffusionmethods [30, 198], entails considering the panorama image

*https://github.com/aimagelab/MAD
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Figure 9.1: MultiDiffusion [30] blends the mountains with the clouds, lacking semantic coher-
ence (top). Applying the proposedMAD leads to semantic coherence (bottom).

canvas, splitting it into overlapping views, performing the diffusion denoising
process on each view independently, and combining the resulting scores or la-
tent features at each timestep. This strategy achieves better-blended transitions
between adjacent views. However, these are still processed independently, and
thus, the resulting image still lacks global coherence and sometimes presents evi-
dent artifacts (e.g. a mountain smoothly turning into a cloud as in Fig. 9.1-top).
Note that, by coherence, one canmean perceptual coherence, i.e. exhibiting similar
colors, illumination conditions, and texture throughout the image, or semantic
coherence, i.e. containing the right amount of elements (objects or parts) with a
consistent layout and arranged in a meaningful position in the image. Achiev-
ing perceptual coherence has been approached in [198] by performing gradient
descent during the denoising process with a perceptual loss. Instead, obtaining
semantic coherence is still an open challenge, which entails modeling long-range
relations among the elements (for example, the images in Fig. 9.1 are both per-
ceptually coherent, but the first one, which is obtained with the State-of-the-Art
MultiDiffusion [30] strategy, contains semantic inconsistencies).

In this work, we take a step towards the generation of long images that are
both perceptually and semantically coherent while maintaining variability and
realism. To this end, we devise a joint diffusion pipeline to exploit pretrained
diffusion models by manipulating their attention operators. Similar to previous
approaches [30, 198], we combine the predictions over multiple, strided views.
Unlike those approaches, which process the views independently and combine
them at the end of each denoising step, we devise a strategy to provide additional
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interaction points within the denoising step. This way, our approach can both
model the long image as a whole and focus on the details in each view. In par-
ticular, our strategy is based on our proposedMerge-Attend-Diffuse (MAD) op-
erator, which can be selectively applied to the attention layers inside the noise
prediction network of a pretrained diffusion model. MAD takes as input the la-
tent features corresponding to the different panorama views, merges them into a
single tensor by averaging the overlapped regions, and feeds it to the self- or cross-
attention layer it is applied to. Finally, the obtained latent tensor is split back into
views for the next layers, which can follow the standard joint diffusion paradigm.
Our proposed strategy based on the MAD operator can be applied to different
types of pretrained diffusion models to generate perceptually and semantically
coherent montages. In this work, we utilize as backbone a pretrained Latent Dif-
fusionModel (LDM), namely, the popular Stable Diffusion [308], and a Latent
Consistency Model (LCM) [233] and demonstrate its effectiveness via qualita-
tive and quantitative evaluations, as well as a user study.

9.2 Preliminaries

In this section, we briefly review diffusion and consistency models to provide
relevant preliminaries to our pipeline.

Diffusion Models. Diffusion models [333, 149, 338, 334] are a family of
probabilistic models that learn to gradually transform a Gaussian noise input
xT∼N (0, I) into a data sample x0 by approximating the data distribution q,
x0∼q inT steps. In particular, the diffusionmodels framework defines a forward
process that gradually injects noise into the data, transforming the data distribu-
tion q(x0) into the marginal distribution via the transition kernel

q(xt|x0) = N (xt; αtx0, σ2t I),

where (αt, σt) specifies a differentiable noise schedule such that q(xt)≈N (0, I).
The model is trained to reverse this process by learning to denoise xT∼q(xt|x0).
Predicting x0 is done iteratively in the reverse diffusion process by estimating
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xt−1 from xt. A possible strategy is to use the ε-prediction parameterization for
sampling, as done in Denoising Diffusion Probabilistic Models (DDPMs) [149].
This entails parametrizing bothxt andxt−1 as a combination ofx0 and the noise
ε, scheduled according to thenoise schedule. In thisway, themodel canbe trained
to estimate ε directly, which is obtained by optimizing

Eq(x0)[∥εθ(xt, t)− ε∥22].

In our pipeline for long image generation, we exploit a diffusion model that has
been trained with this strategy. However, in our inference-time adaptation, we
use the sampler presented in Denoising Diffusion Implicit Models [334]. This
is also adopted by other works tackling the long image generation task since it is
more efÏcient thanDDPM for requiring fewer sampling steps (usually 25 or 50).

Latent diffusion models. Training diffusion models in the high-resolution
pixel-space canbe computationally prohibitive. Latent diffusionmodels (LDMs)
[308, 281] tackle this issue by operating in the latent space of an autoencoder, typ-
ically a VQ-GAN [109] or a VQ-VAE [375]. These models achieve good perfor-
mancewhile using a fraction of theGFlops required by pixel space diffusionmod-
els [308, 281, 271, 67]. Here, we rely on the pretrained Stable Diffusion [308]
LDM.

Conditional Generation. Text-to-image diffusion models are able to gen-
erate images whose content is specified via a natural language prompt. This is
represented by an embedding e obtained from the text encoder of a pretrained
multimodal model (CLIP [297], in our case). In this work, we exploit diffusion
models trained with the Classifier-Free Guidance [151] strategy for conditioning.
This entails obtaining the noise prediction as a linear combination of conditional
and unconditional predictions, with weight s, i.e.

ε̂θ(xt, e, t) = εθ(xt, ∅, t) + s(εθ(xt, e, t)− εθ(xt, ∅, t)),

where ∅ is the embedding of the null prompt. Note that the conditional genera-
tion is implemented by performing cross-attention with the embedding e inside
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the noise estimation network. In light of this, by applying our devised MAD
operator to the cross-attention layers, we enforce all the latents of the views to
jointly attend the prompt, thus favoring semantic coherence.

ConsistencyModels. Our proposedMADoperator can be applied to differ-
ent kinds of diffusionmodels. As an example, in this work, we apply it also to the
recently proposed Consistency Models (CMs) [335], which can achieve impres-
sive generation results. In particular, a consistency model fθ estimates a function
that can directly map any intermediate noisy sample xt in the forward process to
the origin x0, which is parameterized as

fθ(x, t) = cskip(t)x+ cout(t)Fθ(x, t),

where Fθ(x, t) is a neural network and cskip(t), cout(t) are differentiable functions.
Thisway, given an arbitrarily small timestep tδ, themodel respects self-consistency
fθ(xt, t)=fθ(x′

t, t′) ∀t, t′∈[tδ,T] and boundary condition f(xtδ , δ) = xtδ , allow-
ingCMs to generate high-quality images in a few steps. CMs canbe either trained
from scratch or distilled from pretrained diffusion models. Moreover, Latent
ConsistencyModels (LCMs) [233], whichwork on the latent space, are also avail-
able. In this work, we use an LCM distilled from Stable Diffusion [308].

9.3 Proposed Approach

In this section, we describe our pipeline for generating large images by exploit-
ing a pretrained diffusion model at inference-time (see Fig. 9.2). Then, we give
the details of our proposed MAD operator, which is the key component of the
pipeline for obtaining perceptual and semantic coherence.

Joint Diffusion for Panorama Generation. Diffusion models do not
scale well to resolutions and aspect ratios not seen in training [30, 198]. As a re-
sult, generating panorama images by simply applying amodel trained on squared
ones [308] leads to excessive, unrealistic uniformity in the final output and a
lack of variability between images generated from the same prompt, as shown
in Sec. 9.4.1 and in [198]. Thus, for generating larger images, we average the
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×

Figure 9.2: Overviewof our inference-time pipeline (left) and its pseudo-code (right). During the
diffusion process, the image is split into overlapping views, and each is fed to the model separately.
Within the attention layers,MADprovides interaction points between the views, enforcing global
coherence in the generated panorama.

predictions on multiple views at every reverse process step, similar to [30]. For-
mally, to generate an image x̂ ∈ R

H×W×C, we produce a denoised latent vec-
tor xt ∈ R

H
n ×

W
n ×C′

where n and C′ are, respectively, the scaling factor and the
channels input of the decoderD and t ∈ [0,T], is the timestep in the denoising
process of the latent vector. The final image is obtained as x̂ = D(x0). To gener-
ate panorama images, we split xt into I squared overlapped views xi

t ∈ R
L×L×C′

where i ∈ [1, I] denotes the i-th view, and L is its width and height. We set
L = H

n for the horizontal panoramas and L = W
n for the vertical ones. For

simplicity, we consider the noise predictor module as an alternating sequence of
convolutional blocks and attention blocks, plus a final convolutional block. Each
of the convolutional blocks, dubbed Convj∈[1,J+1], contains one or more con-
volutional layers, while each of the attention blocks, dubbed Attentionj∈[1,J],
contains one or more cross-attention or self-attention layers. In the following,
we use the notation Convj([. . . ]) and Attentionj([. . . ]) to indicate that the
block is applied to a list of vectors independently. We define asvt,j ∈ R

Hj×Wj×Cj

the feature vector output of the j-th block and as vi
t,j ∈ R

Lj×Lj×Cj its i-th view.
We remark that Hj,Wj, Lj, and Cj depend on depth and type of the j-th block.
Finally, we define the Split and Merge functions. For simplicity, we give their
definition by using the latent xt, but they can be applied also to the vt,j features.
Split : xt → [x1

t , . . . ,x
I
t ] divides its input tensor into multiple overlapping
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views. Merge : [x1
t , . . . ,x

I
t ] → xt, merges its input sequence of overlapping

views in a single tensor by averaging the overlapped regions. Thenumber of views
depends on the extent of the overlap. Themore the views overlap, themore seam-
less the transitionbetween themwill be in the final image, at the cost of increasing
the inference-time. As a trade-off, we use an overlap of 3

4L as in [198].
Note that in previous diffusion approaches for large image generation [30,

198], each of the views is processed independently by the noise predictionmodel.
Then, the outputs of the predictionmodel at the t-th step, [x1

t , . . . ,x
I
t ], are com-

bined back into xt by averaging the overlapping regions of the views. This av-
eraging procedure allows sharing information between the views. However, in
this way, the interactions between the views are infrequent and may be insufÏ-
cient, which may lead to inconsistent results. Different from these approaches,
we introduce interaction points between the views also inside the noise predic-
tion model, which are implemented via our proposedMAD operator.

Merge-Attend-DiffuseOperator. We design theMADoperator to be an
alternative to the attention layers in the noise prediction module of a pretrained
diffusion model when this is used in a joint diffusion setting to generate long im-
ages. Through MAD, we enforce consistency between the views while keeping
the variability introduced by the convolutional layers, which operate on the views
independently. Moreover, note that the MAD operator can be integrated at dif-
ferent stages of the noise prediction network and for a varying number of denois-
ing steps starting from T, defined by a threshold τ. Note that the views are pro-
cessed jointly by the attention layers where MAD is applied and independently
otherwise. In this way, it is possible to choose the prompt-adequate trade-off be-
tween uniformity and variability. Specifically, MAD takes as input the feature
vectors coming from the (j−1)-th block run over the views, [v1

t,j−1, . . . ,v
I
t,j−1],

and feeds the j-th attention block with the merged latent vector vt,j−1. When
the operator is integrated with a cross-attention layer, the cross-attention is per-
formed between themerged tensor and the prompt embedding. When the opera-
tor is integrated with a self-attention layer, the self-attention is performed on the
merged tensor. In this way, the noise estimation over each view is influenced by
the information coming from the other views, thus enforcing global coherence.
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Finally, the obtained latent vector vt,j is split back into the views [v1
t,j, . . . ,v

I
t,j].

The pseudocode of our approach is in Fig. 9.2.

9.4 Experiments

Implementation Details. In our experiments, as the pretrained diffusion
models, we use Stable Diffusion 2.0 [308] and Latent ConsistencyDreamshaper
v7 (distilled from Stable Diffusion 1.5) [233] from HuggingFace [383]. Both
models are based on a U-Net [311] architecture, and we apply MAD to all its at-
tention layers. For Stable Diffusion, we perform 50 denoising steps and apply
MAD for the first τ=15 steps. For Latent Consistency Dreamshaper, we con-
sider 1, 2, and 4 generation steps and apply MAD with τ=2 over 4 steps for the
qualitatives. We empirically found that these values of τ are a good cutoff point,
as the global semantic coherence mainly depends on high-level features, defined
during the first generation steps. For generating the panoramas, we consider im-
age views of size 512×512, which correspond to 64×64 latents, and a stride of
16 on such latents, following [198]. For the quantitative evaluation, we use the
same prompts as for SyncDiffusion [198] and MultiDiffusion [30], which also
exploit our LDM backbone, and report the mean and standard deviation of the
performance scores obtained on each prompt. For the comparative analyses, we
generate the competitors’ images with their ofÏcial codebases.

Evaluation Scores. We adopt the following scores for quantitative evalua-
tion. Mean-CLIP-S (mCLIP) [146], to evaluate the adherence with the textual
prompt; Intra-LPIPS (I-LPIPS) [425] and Intra-Style Loss (I-StyleL) [124], to
measure the intra-image perceptual coherence; FID [147], KID [44], and Mean-
GIQA (mGIQA) [130], to estimate the perceptual similarity and variability with
respect to a target distribution. The I-LPIPS and I-StyleL are computed by split-
ting each image into non-overlapping squared views and then calculating the
average LPIPS and Style Loss of all possible combinations of views (e.g. for a
512×3072 image, the pairs are 15). The FID, KID, and mGIQA are computed
by considering, for each prompt, 500 squared images obtained with the base-
line LDM or LCMmodel as reference and single-view-sized random crops from
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Figure 9.3: Long images generated by the
considered LDM with MAD, with τ=15, ap-
plied in different blocks of the noise prediction
model for the promptA snowywinter landscape
with frosted trees and a frozen lake. None is the
setting where MAD is never applied.

τ=
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τ=
15

τ=
25

τ=
50

Figure 9.4: Long images generated by the con-
sidered LDM with MAD applied, in all the U-
Net attention layers, up to different numbers of
inference steps for the prompt A herd of Mus-
tang horses crossing a river at sunset. τ=0 is the
setting where MAD is never applied.

the generated images, one per image. These crops are also used to compute the
mCLIP with the input textual prompt. For comparison, we compute the FID,
mGIQA, and KID scores for the baseline LDM and LCM by comparing two
random halves of the generated images and the average LPIPS and Style Loss by
comparing 1000 random pairs of images for each prompt. Note that these scores
capture different, complementary, and somewhat contrasting characteristics of
the generated images. As a result, methods that perform well in terms of some
scores might achieve worse values for other scores.

9.4.1 Results

Variety-Uniformity Trade-off. The noise prediction model of the con-
sidered backbone diffusionmodels is a U-Net, which features multiple attention
layers in the downsampling blocks (referred to asDown blocks), bottleneck block
(referred to asMid block), and upsampling blocks (referred to asUp Blocks). As
stated above, we apply MAD in all the U-Net blocks (referred to as All blocks).
Nonetheless, we design our approach to be modular so that it can be applied
to selected layers and for a desired number of timesteps, thus obtaining the de-
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mCLIP ↑ I-LPIPS ↓ I-StyleL ↓ FID ↓ KID ↓ mGIQA ↑ Runtime

SD 31.63±1.89 0.74±0.07 0.74±0.07 28.31±10.89 <0.01±0.13 26.70±6.90 –

SD-L 32.01±1.67 0.50±0.11 0.58±0.40 87.64±30.25 76.83±30.52 27.72±7.83 88.2±0.1s

MD 31.77±2.32 0.69±0.09 2.98±2.41 33.52±12.43 9.04±4.23 28.54±7.99 41.8±0.2s
SyncD 31.84±2.19 0.56±0.06 1.39±1.15 44.60±18.45 21.00±11.06 27.17±6.66 392.4±0.6s

MAD (τ=0) 31.65±2.17 0.64±0.10 2.65±2.33 34.51±13.92 9.19±4.51 27.59±6.83 41.9±0.1s
MAD (τ=5) 31.86±2.22 0.59±0.10 2.07±1.31 38.10±13.71 13.75±4.00 28.32±7.64 42.9±0.2s
MAD (τ=15) 32.03±2.29 0.56±0.10 1.90±1.32 48.52±17.14 27.15±9.10 28.32±7.76 44.3±0.2s
MAD (τ=25) 32.15±2.25 0.53±0.10 1.43±1.04 61.76±23.73 43.31±17.41 28.10±7.84 45.6±0.2s
MAD (τ=40) 32.16±1.95 0.50±0.10 0.88±0.61 86.20±37.23 76.15±37.73 27.59±7.61 48.3±0.1s
MAD (τ=50) 32.14±1.72 0.49±0.10 0.71±0.47 98.01±43.64 91.51±49.95 27.05±7.28 49.8±0.1s

Table 9.1: Quantitative comparisonon512×3072panoramagenerationusing theLDM. I-StyleL,
KID, and mGIQA values are scaled by 103.

sired variety-uniformity trade-off. To explore this aspect, in Fig. 9.3, we show
512×3072 images generatedby applyingMADin all the attention layers of differ-
ent blocks in the LDMbackbone, thus varying the number of interaction points
and the stage at which these are performed. Fig. 9.3 shows different levels of
global coherence, ranging from a very coherent scene when MAD is applied on
all the blocks (which is our selected setting) to amore varied imagewhenMAD is
applied only in the Mid block. Quantitative results on the application of MAD
at different stages of the U-Net are reported in Chapter D.Moreover, in Fig. 9.4,
we show 512×3072 images generated by applying MAD up to a different num-
ber of inference steps, defined by the threshold τ (recall that τ=15 in our selected
setting). With a low threshold, the images are not globally coherent because the
views interactions are insufÏcient. With increasing thresholds, the images be-
come more and more coherent. We give a quantitative analysis in Sec. 9.4.1 and
further substantiate this claim in Chapter D. Both Figs. 9.3 and 9.4 reflect the
trade-off between variety and uniformity. When the views interactions are re-
duced, either by applying MAD to a few attention layers or for a few timesteps,
the resulting image contains several perceptually varying views. When such inter-
actions between the views increase, the global semantic layout and the perceptual
patterns are more coherent.

Quantitative Comparison. We compare the performance of our method
on 512×3072 images with different values of τ against applying Stable Diffu-

161



9999999999

9. MERGINGAND SPLITTINGDIFFUSION PATHS

sion to generate the whole panorama image directly (which we refer to as SD-L)
and the joint diffusion methods MultiDiffusion (MD) [30] and SyncDiffusion
(SyncD) [198], which are the closest to our approach. For numerical reference,
we also compute the scores on the squared images from Stable Diffusion (SD).
The results of this analysis are reported in Sec. 9.4.1. From the table, we observe
thatMADachieves the best or second-best performance on all the scores, depend-
ing on the parameter τ, which determines howmany times it is applied in the de-
noising process. In particular, with respect to perceptual and semantic coherence
of the generated images, we observe that the moreMAD is applied, the more the
images are compatible with the textual prompt, as measured by the mCLIP. The
obtained values are always superior to those obtained with the competitors and
slightly inferior w.r.t. SD-L only in the case of a few application steps. Moreover,
the I-LPIPS and I-StyleL values indicate thatMAD also leads to increasingly per-
ceptually coherent images the more it is applied. It is worth noting that MAD
performs on par or better than SyncD in terms of the I-LPIPS, although SyncD
specifically entails optimizing this score. As for FID, KID, and mGIQA, note
that these measure different aspects of the generated images w.r.t. the other three
considered scores. In particular, I-LPIPS and I-StyleL evaluate the perceptual
similarity within each image, while FID, KID, and mGIQA the distance of the
distributions of random crops from the images generated by the approach un-
der evaluation and SD. If a long image is composed of many perceptually vary-
ing views (as those by MD), it is more likely that its crops resemble the squared
SD reference images. However, this characteristic does not ensure perceptual
coherence between the views in the same long image (measured by I-LPIPS and
I-StyleL) nor adherence with the textual prompt (measured by the mCLIP). In
summary, the results in Sec. 9.4.1 suggest that our approach is able to generate se-
mantically and perceptually coherent panoramas (which is the goal of our work),
regardless of the similarity of their single crops to SD squared images.

Qualitative Comparison. Fig. 9.5 shows a qualitative comparison among
the joint diffusion methods on two of the six evaluation prompts (more quali-
tatives are provided in Chapter D). We generate the images using the same seed
for each comparison to ensure consistency. As we can see, MD generates images
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A photo of a city skyline at night A natural landscape in anime style illustration
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Figure 9.5: Qualitative results of our approach, MD, and SyncD.MD generates panoramas with
smooth but incoherent transitions. SyncD increases perceptual coherence but lacks semantic co-
herence. MAD generates perceptually and semantically coherent images.

mCLIP ↑ I-LPIPS ↓ I-StyleL ↓ FID ↓ KID ↓ mGIQA ↑

512×1024

MD 31.73±2.22 0.66±0.09 2.57±1.97 30.66±11.79 5.24±3.04 28.17±7.54
SyncD 31.71±2.01 0.53±0.06 1.09±0.77 40.35±16.43 13.20±7.61 26.41±6.38
MAD 31.82±2.09 0.55±0.10 1.47±0.89 37.53±14.72 12.63±5.74 27.58±7.04

512×2048

MD 31.77±2.14 0.69±0.09 2.96±2.41 33.07±12.38 8.58±3.99 28.33±7.79
SyncD 31.77±2.14 0.55±0.06 1.39±1.19 43.33±17.98 18.77±10.19 27.08±6.65
MAD 31.97±2.23 0.56±0.10 1.79±1.21 44.26±16.26 21.80±7.54 28.13±7.61

512×4096

MD 31.64±2.18 0.64±0.10 2.18±1.16 34.87±13.56 9.12±3.72 27.89±7.08
MAD 32.05±2.30 0.56±0.10 1.91±1.35 49.61±16.98 28.34±8.05 28.33±7.94

Table 9.2: Quantitative comparison on the generation of images at different aspect ratios with the
LDM. The I-StyleL, KID, and mGIQA are scaled by 103.

with smooth but incoherent transitions. SyncD generally enhances the percep-
tual coherence of the panoramas but does not address semantic coherence. For
instance, in the anime-style landscape of the last row, we can see a lake morphing
into clouds. Conversely, our approach generates perceptually and semantically
coherent panoramas with these prompts.

DifferentAspectRatios. We also evaluate our approach for the generation
of imageswith different aspect ratios. Tab. 9.2 shows the performance of our pro-
posed method and the joint diffusion competitors when generating 512×1024,
512×2048, and 512×4096 images. As we can see, MAD is consistently better
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Figure 9.6: Qualitative comparisons between
our approach with LDM, MD, and SyncD at
different aspect ratios for the prompt Top view
of a loaf of bread.

SyncD MAD SyncD MAD

A waterfall at sunset Milky way

Figure 9.7: Qualitative comparison on verti-
cal 512×2048 images between our approach ap-
plied to the LDM and SyncD for prompts re-
quiring semantic coherence.

in terms of mCLIP and competitive in I-LPIPS. The visual quality of the gen-
erated images can also be appreciated in Fig. 9.6, where we report 512×1024,
512×2048, and 512×3072 images for the same prompt and seed. It can be ob-
served that our approach can generate perceptually and semantically coherent
images at different aspect ratios, while the competitors struggle to achieve this ca-
pability even in shorter images. We also compare ourmethodwith SyncDon long
vertical images in Fig. 9.7 by generating 2048×512 images. We chose to compare
only with SyncD because, compared to MD, it enforces perceptual coherence.
Nonetheless, it struggles to maintain semantic coherence and to generate long
images with subjects that should have a beginning and an end, such as the wa-
terfall. Please refer to Chapter D for more qualitative results at different aspect
ratios.

Joint Diffusion vs Direct Inference. When generating long images at
inference-time directly with models trained on squared images, a train-test dis-
crepancy can occur, which is more evident as the desired output image width in-
creases. This can be seen in Fig. 9.8, where we compare the FID andKID on long
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image generation forMADand SD-L.As thewidth increases, the generation per-
formance of SD-L is increasingly impacted. This effect is reduced with our ap-
proach. Another issue with directly generating long images by simply applying
a model trained on squared images is that this can lead to excessive, unrealistic
uniformity in the final output and a lack of variability between images generated
from the same prompt as their size increases [198]. To explore this aspect, we run
the t-SNE analysis [376] reported in Fig. 9.9 and in Chapter D. Specifically, we
extract inception features from square images by SD and compute their t-SNE
representations [376]. Then, we consider all the squared crops obtainable from
512×5120 images by SD-L and MAD and represent all their inception features
in the same space using openTSNE [216, 282]. As we can see, images generated
usingMAD (represented by the red dots) cover a bigger portion of the SD distri-
bution (the grey circles) compared to SD-L (the blue dots). Note that in Fig. 9.9,
the dark areas represent an overlap betweenMADand SD-L. The t-SNE analysis
and the perceptual and semantic scores in Sec. 9.4.1 suggest that MAD leads to
both intra-image coherence and inter-image variability.

Runtime. We also analyze the computation times of our approach and the
competitors, all run on the same NVIDIA RTXA5000-24GB for generating
512×3072 images with the LDM backbone (reported in Sec. 9.4.1). MAD run-
time ranges from ∼43s to ∼50s, depending on the threshold τ, which is com-
parable to MD (41.9s). The small computational overhead is due to the multi-
ple merging and splitting operations and the larger tensors on which self- and
cross-attention are performed. Compared to SyncD, which runs in 391.9±0.1s,
MAD is more than 8× faster for not requiring the expensive gradient computa-
tion. Moreover, in Fig. 9.10, we report the runtime analysis at increasing output
widthw.r.t. performingdirect inference (SD-L) andnever applyingMADin joint
diffusion (τ=0). Note that convolutions and attentions are linear w.r.t. the out-
put width when applied to split views and quadratic when applied to themerged
latent. MAD entails convolutions on split views and attentions on merged la-
tents only for t < τ (on splits afterward) and thus the computation grows slower
than for SD-L.
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Figure 9.8: Mean FID and
KID on images of different
widths by MAD and SD-L for
the prompts used in the quan-
titative analysis.

Figure 9.9: T-SNE analysis
of crops from images byMAD
and SD-L w.r.t. squared im-
ages from SD for the same
prompt.

Figure 9.10: Inference time
at increasing output widths
for SD-L and MAD: for τ=0,
MAD is not applied, τ=50 is
the upper bound.

mCLIP ↑ I-LPIPS ↓ I-StyleL ↓ FID ↓ KID ↓ mGIQA ↑

SD 32.45 0.67 12.76 49.32 <0.01 12.98

SD-L 31.89 0.52 0.73 68.03 6.61 12.58
MD 32.46 0.63 4.81 49.41 0.42 13.22
SyncD 32.34 0.55 4.24 53.52 1.11 12.98
MAD 32.47 0.58 3.89 54.44 1.28 13.03

Table 9.3: Quantitative comparison on 512×3072GPT-1k panorama generation using the LDM.
I-StyleL, KID, and mGIQA values are scaled by 103.

Complex Scenes. Moreover, we evaluate on the generation of 512×3072 im-
ages from a set of 1000 prompts describing complex scenes, which we automati-
cally obtain with ChatGPT-4 (referred to as GPT1k). We argue that such scenes
allow to better highlight the challenges of the panorama generation task. The re-
sults are reported in Table 9.3 and highlight the superiority of our approach over
the competitors. They also demonstrate that the task is far frombeing solved, and
thus, we release the GPT1k set for fostering its exploration. Note that the quali-
tatives in this chapter (excluding those in Fig. 9.5) are obtained with prompts in
GPT1k. For more qualitative comparisons, see Chapter D.

User Study. Considering the sometimes subjective differences in image quality
and the partial nature of quantitative evaluations, we also conduct a user study
to evaluate the coherence of the generated images. Participants, presented with
pairs of images generated with our approach,MD, and SyncD, were asked which
was most coherent and best matched the textual prompt.
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Figure 9.11: Qualitative results on different
prompts of our approach by exploiting LCD as
backbone.

Baseline MAD Baseline MAD

A tower in a colorful sky A river inside a canyon

Figure 9.12: Qualitative comparison on verti-
cal images with LCD.Baseline entails never ap-
plyingMAD (τ=0).

Results with LCMs. Finally, we apply our method with different τ to La-
tent Consistency Dreamshaper (LCD) at varying generation steps with resolu-
tion 512×3072. The quantitative results are in Sec. 9.4.1, where we also report
the performance obtained by applying LCD to generate the whole panorama im-
age directly (referred to as LCD-L) and the scores on the squared images from
LCD, for reference. Applying MAD improves the mCLIP, generating more co-
herent images (see also the qualitatives in Figs. 9.11 and 9.12 and in Chapter D).

Plug&PlayApplications. Note that ourMADoperator canbeused as it is in
settings such as tight and rough region-based generation, and conditional image
generation (with Canny edge map guidance). since it is applied to the attention
layers of the noise prediction UNet. The visual quality of the resulting images,
shown in Fig. 9.13, is on par with that of the generated panoramas (which is our
main focus), even for guidance spanning multiple views of the large image.
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mCLIP ↑ I-LPIPS ↓ I-StyleL ↓ FID ↓ KID ↓ mGIQA ↑

1 Inference Step

LCD 28.10±1.65 0.42±0.06 0.23±0.12 26.95±3.92 <0.01±0.33 42.52±3.97
LCD-L 29.50±1.48 0.40±0.08 0.21±0.18 67.54±15.53 66.86±21.22 32.21±4.50

MAD (τ=0) 28.42±1.75 0.45±0.06 0.25±0.17 54.65±24.64 50.56±33.30 32.27±4.38
MAD (τ=1) 29.01±1.66 0.40±0.07 0.37±0.28 72.43±23.75 75.47±33.24 32.23±4.95

2 Inference Steps

LCD 30.57±1.81 0.53±0.06 1.43±0.48 26.82±11.51 <0.01±0.32 44.30±14.31
LCD-L 30.77±2.09 0.47±0.06 0.56±0.29 49.98±25.20 44.29±26.88 35.45±11.94

MAD (τ=0) 30.75±2.16 0.52±0.05 0.84±0.35 27.95±12.07 13.39±7.40 35.78±10.70
MAD (τ=1) 30.97±2.15 0.50±0.06 0.85±0.34 35.69±17.88 23.74±15.82 35.32±11.49
MAD (τ=2) 30.87±2.18 0.47±0.06 0.60±0.23 52.88±26.12 48.03±27.75 35.48±11.77

4 Inference Steps

LCD 31.37±1.60 0.55±0.05 1.84±0.81 29.05±13.59 <0.01±0.23 45.00±12.97
LCD-L 31.30±1.63 0.50±0.06 0.58±0.24 55.52±32.82 51.71±37.79 35.44±12.94

MAD (τ=0) 31.36±1.83 0.55±0.05 0.90±0.35 31.35±15.42 13.27±10.05 35.44±12.38
MAD (τ=2) 31.48±1.87 0.52±0.05 0.71±0.26 38.77±19.85 27.41±16.19 35.23±13.15
MAD (τ=4) 31.41±1.94 0.48±0.06 0.46±0.19 62.82±36.24 61.69±42.07 35.06±13.61

Table 9.4: Quantitative comparison on 512×3072 panorama generation with the LCM for dif-
ferent numbers of inference steps. I-StyleL, KID, and mGIQA are scaled by 103.

Layout guided: A sandy flat beach, Rocks on the beach A bonfire with few logs

Conditional: An ancient building in the style of an oil painting.

Figure 9.13: Plug&Play applications of MAD
.
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9.5 Conclusions andDiscussion

In this work, we have presented theMerge-Attend-Diffuse operator, which can
be applied to the attention layers of a pretrained convolutional-attentive diffu-
sion model for zero-shot generation of long images that are both perceptually
and semantically coherent. We have conducted extensive experimental analysis,
whose results demonstrate the effectiveness of the proposed approach especially
in terms of visual quality and adherence to the input prompt.

Similar to other inference-time joint diffusion approaches [30, 198], a limita-
tion of our method is that it relies on the diffusion paths of the base model for
realistic results and can be hindered by a bad seed or inappropriate text prompts.
Performing the attention operations on the merged tensor mitigates this issue.
For example, in Figs. 9.1, 9.3 and 9.4, the incoherent horizon lines of indepen-
dent diffusion paths (in the top images) are corrected by applyingMAD. Further
discussion can be found in Chapter D.
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10
Alfie: Democratising RGBA Image

GenerationWith No $$$

Designs and artworks are ubiquitous across various creative fields, re-
quiring graphic design skills anddedicated software to create composi-
tions that include many graphical elements, such as logos, icons, sym-

bols, and art scenes, which are integral to visual storytelling. Automating the
generation of such visual elements improves graphic designers’ productivity, de-
mocratizes and innovates the creative industry, and helps generate more realistic
synthetic data for related tasks. These illustration elements are mostly RGBA
images with irregular shapes and cutouts, facilitating blending and scene compo-
sition. However, most image generationmodels are incapable of generating such
images and achieving this capability requires expensive computational resources,
specific training recipes, or post-processing solutions. In this work, we propose
a fully-automated approach for obtaining RGBA illustrations by modifying the
inference-time behavior of a pre-trained Diffusion Transformer model, exploit-

ThisChapter is related to the publication “F.Quattrini et al., Alfie: RGBA ImageGeneration
With No $$$, ECCVW 2024” [3]. See the list of Publications on page 315 for more details.
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Figure 10.1: We propose a fully-automated pipeline to generate RGBA illustrations by adapting
the inference-time behavior of a Diffusion Transformer model.

ing the prompt-guided controllability and visual quality offered by such models
with no additional computational cost. We force the generation of entire sub-
jects without sharp croppings, whose background is easily removed for seamless
integration into design projects or artistic scenes. We showwith a user study that,
in most cases, users prefer our solution over generating and then matting an im-
age, and we show that our generated illustrations yield good results when used
as inputs for composite scene generation pipelines. We release the code of our
approach *.

10.1 Introduction

We are surrounded by a lot of visual content, including visually-rich documents
in everyday life, such as pamphlets and banners, technical or scientific papers,
business reports, storybooks, or novels with intricate and meaningful illustra-
tions. Much effort has been dedicated to generating and integrating multiple
design elements into visually-rich documents [432, 202, 409, 156]. Note that,
when composing visually-rich documents (e.g. slides for a presentation, banners,
cards, pamphlets, socialmedia posts), it is not uncommon that designers, content
creators, and even non-expert users would like to insert images that should inte-

*https://github.com/aimagelab/Alfie
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grate and blend nicely with the rest. Those users relymore andmore often onAI-
generated images for their designs. Generative models, especially prompt-driven
diffusionmodels, have achieved impressive performance, and the increasing avail-
ability of user-friendly interfaces also eases non-experts’ use of them. Moreover,
these models allow for obtaining control over the generated content and produc-
ing images free from copyright. Nonetheless, when integrating an illustration
inside a design, the designer often wants just the subject of interest to be super-
imposed on an existing background (possibly patterned or consisting of another
image).

Large-scale image generationmodels have beenwidely adopted and deeply im-
pacted visual arts. Still, layered image generation has not been extensively tack-
led, mainly because of the lack of training data. While RGB image generation
can leverage open datasets of billions of samples [321], RGBA image datasets
are of limited size [307, 405, 353], the biggest being the recently proposedMAG-
ICK [55]which contains only 150k elements. These datasets are commonly used
to train matting models to estimate the alpha channel of a given image [416,
353, 405, 155, 415]. Another solution to obtain RGBA images consists in di-
rectly predicting all four channels at once by fine-tuning a pre-trained generative
model [422]. However, these solutions are costly for the required training re-
sources.

To overcome these limitations, in this work, we proposeAlfie, a pipeline to ob-
tain high-quality, prompt-driven illustrations to be seamlessly integrated into any
design or document with limited to no editing effort by the user (see Fig. 10.1).
We exploit a pre-trained Diffusion Transformer model [271, 67], i.e. the freely-
available PixArt-Σ [66], and modify its diffusion process in two ways. First, we
mask and combine two latents (one for the subject and one for the background)
in order to force the generation of the subject in the center of the canvas andwith
no sharp crops so that these can be realistic in a design or document. Second, we
use the informative cross- and self-attentionmaps [358, 78] computed during the
generation process to extract the foreground regions and estimate the alpha chan-
nel values. We opt for a Diffusion Transformer for the greater flexibility of such
models in generating images with different sizes and aspect ratios compared to
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standard U-Net-based diffusion models. This arguably makes them a more suit-
able starting point for the task at hand. Moreover, they are currently state-of-the-
art both in generation quality and computational requirements [271, 67, 87, 66].
PixArt-Σ [66] (our baseline model) is composed of 0.6B parameters, compared
to the 2.6B of Stable Diffusion XL [281]. We quantitatively and qualitatively as-
sess the capability of our approach to generate subjects that are fully contained
within the image and its capability to adhere to the prompt. We analyze the cross-
and self-attention maps computed during the generation process, exploring var-
ious alternatives for estimating the α (transparency) channel. Furthermore, we
present a user study, which shows that users mostly prefer our method over gen-
erating and then matting (63% of the time). Finally, we demonstrate the versa-
tility of our generated illustrations by integrating them into a scene composition
pipeline, achieving results of similar quality to those obtained by using illustra-
tions fromAdobe Stock. To facilitate further research on this task, we release the
code of our approach and the evaluation setup†.

10.2 Preliminaries

DiffusionModels. Bydiffusionmodels [333, 149, 338, 334]we refer to a class
of generativeprobabilisticmodels trained to transformGaussiannoisexT∼N (0, I)
into samples belonging to a certain data distributionx0∼q inT steps. This is ob-
tained by learning to approximate the data distribution q. To this end, during the
so-defined forward process, Gaussian noise is injected into the data to transform
the data distribution into the marginal distribution, i.e.

q(xt|x0) = N (xt; αtx0, σ2t I),

where the parameters (αt, σt) define a differentiable noise schedule ensuring that
q(xt)≈N (0, I). Then, the diffusion models framework entails a reverse process
in which the model is trained to denoise xT∼q(xt|x0). To this end, x0 is pre-
dicted iteratively by estimating xt−1 starting from xt. The most common ap-
proach, proposed in [149], entails using a parameterization based on the predic-

†https://github.com/aimagelab/Alfie
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tion of the noise ε for sampling: both xt and xt−1 are parametrized as a combi-
nation of x0 and ε, scheduled according to the noise schedule. As a result, the
model is trained to estimate the noise ε by optimizing

Eq(x0)[∥εθ(xt, t)− ε∥22].

LatentDiffusionModels. Whenworking with high-resolution image data,
training diffusion models in the pixel space is very computationally heavy. To
face this issue, latent diffusion models [308, 281] have been introduced. These
modelsworkwith latent vectors of an autoencoder (e.g. a VQ-VAE [375] or aVQ-
GAN [109]) and thus are more efÏcient than models working in the pixel-space
in terms of GFlops [308, 281, 271, 67]. Here, we rely on the pre-trained, latent
Diffusion Transformer model PixArt-Σ [66].

Conditional Generation. The generation process of diffusion models can
be conditioned on a guidance signal. Themost popular diffusionmodels to date
are text-to-image models that can be conditioned on a natural language prompt,
embeddedby the text encoderof apre-trainedmultimodalmodel (e.g.CLIP [297]
or T5 [299]) in a vector e. The conditioning is achieved by performing cross-
attentionwith e inside the noise estimation network. Note that, in this work, we
use as backbone a diffusionmodel trainedwith theClassifier-FreeGuidance [151]
conditioning strategy, in which the noise prediction ε̂θ is obtained by combining
the conditional prediction εθ(xt, e, t)with theunconditional prediction εθ(xt, ∅, t),
where ∅ is the embedding vector of the null prompt, with weight s as

ε̂θ(xt, e, t) = εθ(xt, ∅, t) + s(εθ(xt, e, t)− εθ(xt, ∅, t)).

Diffusion Transformers. Diffusion models originally featured a U-Net-
likemodel as a noise estimator, combining convolutions and attention. The semi-
nalwork [271] proposes to replace theU-Netwith amulti-blockDiffusionTrans-
formermodel (DiT) to achieve better performance and scalability. The noise esti-
mation Transformer takes as input a sequence of tokens obtained from squared
patches of the latent vectors added to a positional embedding. At each block
of the Transformer, the generation is conditioned on the timestep and the class.
After the last block, the tokens are decoded and rearranged into the final image
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Σ

α

Figure 10.2: Schematic representation of our fully-automated prompt-guided pipeline to obtain
RGBA illustrations. The core element is a diffusionmodel, for which we devise an inference-time
adaptation strategy aimed at making the generated images illustration-like. Then, we process the
generation attention maps to estimate the α channel.

spatial dimension. Subsequent works [67, 66] adapt the class-guided Diffusion
Transformer to work with text guidance. In this work, we exploit the recently-
proposed PixArt-Σ Diffusion Transformer [66], which is directly conditioned
on the textual prompt.

10.3 Inference-Time Illustration Generation

We propose a fully automated pipeline to obtain a high-quality RGBA illustra-
tion from a textual prompt. We argue that such illustration should have the fol-
lowing characteristics:
1. Contain the subjects specified in the prompt;
2. Be fully contained in the canvas without crops;
3. Have a precise α channel.
In our proposed inference-timemethod, we tackle all three aspects. In particular,
we exploit the generative power of a pre-trained DiT (1), altering its inference-
time behavior so that it always generates entire subjects (2) and extracting and
cleaning an α channel estimate (3). Our approach is summarized in Fig. 10.2.
We denote the RGB image as x̂ ∈ R

h×w×3, with values in range [−1, 1]. The
transparency channel is denoted as α ∈ R

h×w×1, with values in range [0, 1]. The
complete RGBA image is obtained by concatenating the RGB image with its α
channel and has shape h×w×4.
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In particular, we propose to obtain the α channel by exploiting the relevant
foreground subject’s cross-attentionmaps and the pixels’ self-attentionmap rela-
tive to the foreground subject. The rationale is that the cross-attention map will
have higher values for the pixels of the subject than those of the background, pro-
viding a coarse localization of the subject. On the other hand, the self-attention
values will help render the texture and appearance of the foreground subject. In
fact, when a foregroundpixel is relative to anobject of solidmaterial, itwill attend
mainly to neighboring pixels of the same object, resulting in a cohesive appear-
ance. In this case, all the self-attention weights for the pixels of that object will be
high. Conversely, the appearance of foreground pixels of objects in a translucent,
see-through material (e.g., water, fire, glass) will also depend on the background.
Therefore, that pixel will attend to both the pixels of the translucent object and
the background. As a result, the self-attention weights for the pixels of that ob-
ject will be lower than in the case of solid objects. This behavior is in line with
what the α channel represents. For this reason, we propose to use the cross- and
self-attentionmaps to define the α channel of our generated RGBA illustrations.

Centering the Subject. Diffusion models are usually trained on billions of
images [321] and learn to generate all kinds of styles, from natural to artworks.
While some works analyze the disentanglement capability of such models [396],
recentworks argue that the lowquality of the captions inmost large-scale datasets
negatively affects the generation capabilities and train on LLaVA [220]-refined
captions [67, 66]. Still, complete disentangling has yet to be achieved and the
models have difÏculties with generating meta-descriptions or combinations of
subjects and styles not seen in the training data. Note that by meta-descriptions,
we define indications on the characteristics of the image, such as the background
color or the fact that the full subject should be contained.

When generating illustrations, it is important that the subjects are wholly con-
tained within the image canvas and are not cut or cropped. To achieve this, we
chose to employ a method inspired by [23, 30], where we jointly generate the
illustration (described by the textual prompt) and a uniform background, and
we blend them together at each denoising step. Formally, to generate an image
x0 with the text prompt e, we first define a squared maskm, covering the inner

177



1010101010101010101010

10. ALFIE: RGBA IMAGE GENERATIONWITH LIMITEDRESOURCES

area of the canvas. Then, we start from the Gaussian noise xt at the timestep
t ∈ [0,T] and duplicate it into a foreground latent xt,fg and a background latent
xt,bg, assigning a background textual prompt ebg to the respective latent. After
the denoising step, we merge the obtained predictions into

xt−1 = xt−1,fg ·m+ xt−1,bg · (1−m).

This process constrains the illustration subjects to be generated inside the mask
while ensuring that they are not cropped. After the denoising chain, the image is
obtained from the final latent x0 by using the decoder x̂ = D(x0).

Isolating the Subject. During each forward process generation step t, each
layer l performs cross-attention between the latent zt,l and the encoded prompt
e to guide the subject creation and self-attention to correlate image features. Fol-
lowingDAAM[358] andDAAM-I2I [78],we extract the cross- and self-attention
maps. Formally, for a given t and l, the cross-attention mapAt,l

C ∈ [0, 1]h×w×N

will represent the relation between each pixel and each of theN prompt tokens,
while the self-attention map At,l

S ∈ [0, 1]hw×h×w will represent the relation be-
tween each pixel to all the other latent pixels:

At,l
C := softmax

(

Qzt,lK
T
e
/
√
d
)

,

At,l
S := softmax

(

Qzt,lK
T
zt,l

/
√
d
)

,

where d is the feature size of the layer l.
Note that byperforming subject-centering andclassifier-free guidance,wehave

a batch size of four, respectively representing the latent for the null (θ) and text
prompts (e) for the background and the subject. We discard all the attention
maps except those corresponding to the prompt-guided subject latent. We re-
serve further investigationon integrating thebackgroundandnull-prompt guided
attention maps for future work. Since diffusion models define the coarse image
layout during the first steps of the denoising chain and later define the details,
we keep the maps of the last ten out of thirty timesteps to obtain more precise
localization. Finally, we average across timesteps, layers, and attention heads to
obtain the global mapsAC ∈ [0, 1]h×w×N andAS ∈ [0, 1]hw×h×w.

Once the final RGB image x0 is obtained, we isolate the cross-attentionmaps
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Figure 10.3: Cross-attention map analysis of the prompt A photo of a bullmastiff with a jacket.
Left to right: maps of the three prompt nouns, candidate region mask computed w/ and w/o the
generic noun photo, and foreground extraction results.

of the noise estimator relative to the nouns in the input prompt e. The list of
nouns n = [n1, ...,nN] is obtained by analyzing the prompt with the stan-
dard tokenizer from the NLTK library [45] and excluding generic, uninforma-
tive nouns such as image, photo, and picture. We release the complete list of ex-
cluded nouns in the provided repository. Empirically, we found that the cross-
attentionmaps associatedwith these nouns refer to generic areas of the image and
not always to the subject, hindering the final quality. This is in line with what is
done in [181, 358], where the authors performed analyses on the cross-attention
maps of text-to-image convolutional-attentive diffusionmodels and avoided spu-
rious correlations between text tokens and feature space by removing this type of
nouns. To showcase the effect of the generic nouns exclusion, in Fig. 10.3 we vi-
sualize the attentionmaps of different nouns and the effect on the obtained illus-
tration of excluding generic nouns for the prompt A photo of a bullmastiff with
a jacket. As we can see, the attention maps related to meaningful object nouns
(e.g., dog, jacket) have high activation values in the spatial locations aligned with
the specified subjects. In contrast, the attention map of the generic noun photo
has high activation values also in border regions. In the second-last column, we
display the mask of the candidate foreground regions that we use to obtain the
guidance masks for a foreground extraction algorithm, namely GrabCut[313].
In particular, we average the maps of each subject and normalize the values be-
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tween 0 and 1, obtaining the foreground cross-attention map CAfg and quantiz-
ing it into a mask. For foreground extraction, this mask has four values: back-
ground (black), probable background (light gray), probable foreground (white),
and sure foreground (dark gray). As we can see, this mask is much cleaner when
not considering generic, non-descriptive nouns, and the final illustration is of
higher quality. In summary, as also shown in [358, 144] for U-Net-based diffu-
sion models, cross-attention maps associated with prompt subjects contain high
activation values in the foreground regions. We argue that the attention maps of
a Transformer-based model exhibit the same behavior. Therefore, we use them
to compute the candidate foreground pixels.

Then, we extract the subject information from the self-attention maps. In-
spired byDAAM-I2I [78], we use the foregroundmap CAfg tomerge all the fore-
ground pixels self-attention maps by performing a weighted average, where the
weights are the activation values of the foregroundmaps, normalized in the range
[0, 1]. This map, denoted as FF (CAfg)

, provides us with the attention scores of
each foreground pixel with respect to the other foreground pixels. As explained
before, we want to combine the different aspects captured by cross- and self-
attention and use both for our coarse α channel estimation, which is given by
the normalized sum of the two maps, i.e.,

α̂ = CAfg + FF (CAfg)
.

Obtaining the RGBA Illustration. Once the reverse diffusion process is
over, we obtain an image containing the desired subject with no sharp croppings
and an estimation of the coarse transparency mask α̂. At this point, we need to
remove the background to obtain the final illustration. To this end, we exploit
the candidate foreground map CAfg obtained with the cross-attention maps of
the noise estimation Transformer. Specifically, we quantize it into four values to
obtain amapwhose values indicatewhether the corresponding pixel is in the sure
background, the probable background, the probable foreground, or the sure fore-
ground. We use the so-obtained mask as input to the perceptual GrabCut [313]
algorithm, which performs graph optimization by combining color and border
information to remove the background from the generated image. We use this
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algorithm’s output foreground mask to clean α̂, zeroing the values outside the
subject and obtaining our transparency channel α.

As a side note, we remark that one could alter the intensity of the α channel,
i.e. augmenting or reducing the opacity of the generated illustration in a seman-
tically meaningful way, by simply introducing a hyperparameter k to obtain

α̂′ = min(1, (1+ k)α̂),

which the user can tune depending on their needs. We set it to 0.5 in all experi-
ments, leaving further exploration for future work.

10.4 Experiments and Results

ImplementationDetails. In our experiments, we use the pre-trainedPixArt-
Σ-512 [66] from HuggingFace [383]. PixArt-Σ is based on DiT [271] and com-
prises 28 self- and cross-attention layers, eachwith 16 attention heads. We use the
Euler Discrete scheduler [182] with 30 denoising steps. The subject-centering
mask has a border of 64 in the pixel space on all image sides. For the attention
map quantization into a 4-valuedmap, we use the percentiles 0.8, 0.3, and 0.1, re-
spectively: for sure foreground, probable foreground, and probable background.

Evaluation Setup. For quantitative evaluation, we collect 3000 of the multi-
sentence prompts used to train PixArt-Σ [67, 66] and consider only the first sen-
tence of the prompt, which is the one describing the general visual content of
the image. These have been obtained by running the LLaVAMultimodal Large
Language Model [221] on images from the SAM dataset [189]‡.

We quantitatively evaluate how reliably the pipeline generates illustrations of
subjects wholly contained within the image, without crops or cuts. To do so, we
consider the image canvas’s left, right, top, and bottomborders and, for each one,
a margin of 4 pixels. If all the pixels in the margin area have a value greater than
0.8, we consider that border empty. We choose this threshold value because we
aim to keep the background uniform and light rather than perfectly white. Then,
we compute the percentage of generated images having each of the borders empty

‡We release the list of prompts at https://github.com/aimagelab/Alfie.
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(denoted as empty-{l, r, t, b}, respectively), as well as the aggregate percentage of
images having all four borders empty (denoted as empty-a). Moreover, we con-
sider theCLIP score [146] (denoted asCLIP-S) to quantify howmuch the gener-
atedRGB images still respect the original prompt. Regarding the RGBA images,
we remark that we do not evaluate in terms of the FID andKID scores, which are
commonly adopted in image generation evaluation. This is because these scores
need a large reference set (ground truthRGBA images) possibly compatible with
the prompts fed to our model and with the characteristics that we enforce in our
images. To the best of our knowledge, such a set with the required characteristics
is not available.

Moreover, in line with RGBA image generation works [422], we perform a
user study to compare the perceived quality of our illustrations compared to the
best-performing alternative method. For a fair comparison, we employ the state-
of-the-artViT-B-basedViTMatte [415] andperformmatting over our generation
results. This matting method requires an input trimap for sure foreground, un-
sure regions, and sure background. We provide it by quantizing the same map
CAfg that we obtain in our pipeline with the percentiles 0.8 and 0.3 for sure fore-
ground and unsure regions, respectively. We consider the values under 0.3 as
sure background. We also provide qualitative results showcasing the effects of
centering, α estimation, and comparison with matting.

Considered Variants and Baselines. As baselines, we consider the base
PixArt-Σ [66] with the same prompts as we use for our pipeline and a version to
which we always append the phrase on a white background to the input prompt
(we refer to this as PixArt-Σ+sufÏx). As for the variants of our approach, we
isolate the role of each component by considering the subject centering (which
we refer to as PixArt-Σ+centering) and different methods for obtaining the α
channel, namely: the normalized cross-attention heatmap CAfg, the normalized
self-attention heatmapFF (CAfg)

, the normalized combination of cross- and self-
attention α̂, and the GrabCut-cleaned α (which we refer to as Alfie).

Runtime. We run all experiments on a 24GB Nvidia RTX 4090 GPU with
half precision. Generating an image with the base model (PixArt-Σ [66]) takes
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∼15GBofVRAMand∼3.15 seconds, increased to∼4.13 seconds and∼16.7GB
of VRAM when we perform the centering. Cleaning the estimate transparency
channel α̂with GrabCut [313] requires additional∼0.36 seconds.

10.4.1 Results

Centering. We consider the background generation statistics and report it
in Tab. 10.1. We can observe that the PixArt-Σ+sufÏx variant is not entirely re-
liable, as it leads to∼53% probability of generating the image inside the canvas.
Conversely, our approach provides a much higher probability of generating the
whole subject, consistently reachingmore than 95%. In Tab. 10.1, we also report
the CLIP-S between the generated images and the textual prompt. As we can see,
the base model obtains the highest value, our reference score, as the generated
images are fully based on the textual prompt, and the generation process is un-
constrained. On the other hand, our target images have implicit characteristics
that are not part of the textual caption but rather represent meta-descriptions,
e.g., whole-object generation. As expected, the second-best CLIP-S is obtained
by the base model with the sufÏx. In fact, this baseline sometimes (almost half
of the times) ignores the sufÏx, and thus, it is less penalized. While respecting
the desired characteristics defined in Section 10.3, our generated images achieve
CLIP-S values very close to the reference ones. Thus, we can conclude that our
inference-time adaptation strategy guides the generation toward the desired char-
acteristics while maintaining adherence to the textual prompt. In Fig. 10.4, we
showcase the impact of this constraint on the generated images. While the simple
appending of the sufÏx cannot always guarantee whole-subject generation, our
method consistently steers the generation towards a correct result and enforces
this meta-description on the image.

α Channel Estimation. In Fig. 10.5, we show alternative α estimations ob-
tained using different combinations and processing of the attentionmaps. As we
can see, the normalized cross-attention map CAfg provides coarse localization of
the foreground subjects with uniform transparency values. The normalized self-
attentionmapFF (CAfg)

ismore spatially precise andhas a broader range of values,
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Figure 10.4: Qualitative comparison on the effect of our constrained whole-subject generation
compared to meta-descriptions in the input prompt.

empty-a empty-l empty-r empty-t empty-b CLIP-S
PixArt-Σ 3.33 4.33 4.13 8.53 6.06 31.29
PixArt-Σ + sufÏx 53.10 62.63 62.10 92.53 84.50 30.79
PixArt-Σ + centering 96.50 99.27 99.03 99.53 98.00 30.08

Table 10.1: Quantitative comparison of our approach variants in terms of average probabilitywith
which the subjects are generated in the center of the image with no sharp croppings and adherence
to the prompt.

reflecting howmuch the objects appearance depends on a localized or sparse im-
age region. By combining the two, the resultingmap α̂ gives a balance between ab-
solute and relative transparency values. Finally, using Grabcut [313] for cleanup
ensures precise border localization, leading to the best overall results.

Comparison with Matting. We compare our method against matting by
considering the generatedRGB images with the foreground cross-attentionmap
CAfg and using it to compute the input trimap forViTMatte [415]. We run a user
study with ten individuals and 100 images randomly sampled from our dataset
and ask them “Which of the following RGBA illustrations do you prefer?”. We
find that users indicated the images from ourmethod∼63% of the time, demon-
strating that we are slightly better than state-of-the-art matting methods while
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Figure 10.5: Qualitative comparison on different α estimates. Combining self- and cross-
attention maps provides the best balance of spatial localization and transparency values, and their
cleanup using GrabCut [313] (Alfie) further increases border precision.

requiring no costs for training. In Fig. 10.6, we provide samples obtained by us-
ing the twomethods. As we can see, our method provides reasonable α channels,
comparable to or better than matting, mainly because using the attention maps
reduces prediction errors, discarded image parts, and preserved background areas.

Compositional Artwork Generation. We use the images generated by
our method as input for Collage Diffusion [319]. This method allows composi-
tional scene generation by taking sequences of layers as input, which define the
spatial arrangement and attributes of objects in the scene. The authors combine
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Figure 10.6: Qualitative comparison of our method against ViTMatte [415]. Without training
an additional network, we produce reasonable transparency channels.

SDEdit [244], cross-attention manipulation [28], textual inversion [119], and a
proposed extension of ControlNet [423] to find a balance between harmoniza-
tion (of the input subjects and the scene) and fidelity (of the produced collage
w.r.t. the different original subjects). The pipeline runs on Stable Diffusion v2-1-
base [308]. In Fig. 10.7, we show the results on the pipeline with the same input
background and three different subjects: an RGBA illustration obtained from
Adobe Stock, an image obtained with the base PixArt-Σ model, and an image
obtained with Alfie. The outputs of Collage Diffusion showcase that the qual-
ity obtained by using our method is similar to that achieved with a commercial
RGBA illustration. Conversely, when the input is the base PixArt-Σ squared il-
lustration, the pipeline tries to incorporate it into the scene by rendering it as a
big painting, a plausible but unacceptable result.
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Figure 10.7: Results of Collage Diffusion [319] with different input foreground images. Top to
bottom: a commercial RGBA image, an image generated by the baseline PixArt-Σ [66], and an
RGBA illustration obtained with our approach. With our generated illustration, the output is
comparable to that obtained with the commercial image, differently from the pipeline run with
the image from the baseline model. To generate the background and the foreground, we use the
prompts A steppe landscape and A green dragon, combined for the composite scene into A green
dragon in a steppe landscape.
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10.5 Conclusions

In this work, we have tackled the task of generating illustrations for visual con-
tent, artworks, and visually-rich documents. We have devised a fully automated,
prompt-guided pipeline for obtaining high-quality RGBA images that can be
used by users or integrated into scene compositions with good results at zero ad-
ditional training cost. As themain component of our pipeline, we have exploited
the recently proposed Diffusion Transformer paradigm and explored inference-
time adaptation strategies for these models. We have quantitatively and qualita-
tively validated the effectiveness of the proposed approach, which can serve as a
starting point for the community to continue working on the tackled task. We
hope that the promising results obtained can encourage the research towards the
development of similar low-cost strategies for such models.
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11
Literature Survey

This part of the thesis focuses on editing approaches for visually-rich doc-
uments,withparticular emphasis ongenerative image editing andmulti-
instance manipulation. Editing naturally sits at the intersection of the

two previous parts of this thesis: it requires understanding capabilities to localize
the regions of interest and interpret what needs to be modified, as well as genera-
tion capabilities to render the desired changes while preserving the surrounding
context. We review the state of the art in generative image editing, with partic-
ular focus on the challenges of multi-instance editing and the main paradigms
proposed to address them.

11.1 Generative EditingModels

Generative ImageEditing. State-of-the-art editing has consolidated around
Autoregressive models [365, 208, 135, 361] and Diffusion Transformers [222,
394, 357, 386, 194], with Rectified Flow Matching (Rectified Flow Matching
(RFM)) [218] emerging as a dominant framework for efÏcient, straight-path sam-
pling [368]. The conditioning signal is generally multimodal, comprising guid-
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ance [431], text instructions [108], and context images [72, 194, 394]. However,
these techniques rely on globally conditioned velocity fields and struggle with
local, fine-grained localization. Recent works address this via attention regular-
ization [330, 421] or constrained cross-token interactions [89, 157], but primar-
ily target single-region or global edits and often fail to maintain coherence when
applied to multiple disjoint regions simultaneously. While some methods inves-
tigate region-aware generation [73, 106] and causal masking [140] to inject spa-
tial control, most RFM editors [194, 108] still rely on globally conditioned veloc-
ity fields, causing attribute leakage between regions during multi-instance edit-
ing [255, 436].

To address the challenges of multi-instance editing, current approaches pri-
marily cluster into three categories: scaling inference time (multi-turn), scaling
the architecture (multi-branch), or regularizing the internal generation process.

Multi-Turn. State-of-the-art editing models are trained to reduce visual drift
and show promise in iterative editing workflows [194, 394], where edits are per-
formed sequentially. While serving as a functional baseline, multi-turn editing
differs fundamentally from concurrent editing. Technically, visual degradation
accumulates as the number of iterations exceeds a few cycles (around six [194]),
and inference time scales linearly with the number of instructions, making this
approach infeasible as instance edit counts increase. Methodologically, the final
result is path-dependent, especially with overlapping regions.

Multi-Branch. To enforce disentanglement, some approaches split the gen-
eration process into multiple parallel branches, typically one per edit or region.
MultiDiffusion [30], the seminal method in this paradigm, binds multiple gen-
eration paths by merging independent denoising steps into a least-squares opti-
mal solution. LoMOE [62] adopts this framework to apply localized influence
on theN target regions using foreground masks, while other approaches further
refine this by using regional branches [73], performing independent inversion
searches [411] or grouping edit “aspects” into specialized branches [157]. Finally,
LayerEdit [117] takes this paradigm to its extreme by decomposing the scene into
N+ 2 independent layers. While multiple generation paths allow instance isola-
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tion, these methods suffer from severe scaling bottlenecks in time and memory
usage. Moreover, computational overhead is worsened by the latent optimiza-
tion often required: LayerEdit and LoMOE rely on iterative gradient descent
and perform a backward pass overN parallel branches. Furthermore, thesemeth-
ods rely on heuristic reassembly to smooth visual boundaries, which often fails
to maintain global coherence in dense, overlapping scenes.

Regularization. Another class ofmethods focuses on end-to-end, single-pass
editing by regularizing the internal generation process. One prominent direc-
tion involves inference-time optimization: MDE-Edit [437] performs gradient
descent on the latents at each denoising step tominimize specialized losses. While
these methods maintain a single-pass memory footprint, they rely on aggregat-
ing O(N) loss terms, introducing significant computational overhead and nu-
merical instability during backpropagation, particularly when handlingmultiple
instances of varying spatial scales, where large-scale objects can dominate the gra-
dient signal and suppress smaller targets. Other approaches perform fine-tuning
or train additional modules to target quantity perception [209] or personaliza-
tion [241].

Conditional Flow Matching. Rectified Flow Matching (RFM) [218] of-
fers efÏcient inference and exact invertibility, serving as a powerful alternative to
diffusion. Recent theoretical advances have further optimized these dynamics
via optimal transport paths [368] and guidance mechanisms [431]. While other
works investigate region-aware generation [73, 106] and causal masking [140] to
inject spatial control, most RFM editors [194, 108] still rely on globally condi-
tioned velocity fields. This global conditioning causes attribute leakage between
regions during multi-instance editing [436], a limitation we address via Instance-
Disentangled Attention (IDAttn).

Beyond generic image editing, the multi-instance setting becomes especially
demanding in visually rich documents such as posters and infographics, where
many small textual regions must be modified without disturbing the global lay-
out, background appearance, or visual hierarchy. In these settings, the challenge
is not only semantic faithfulness, but also edit locality, text readability, and scal-
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ability with the number of edited regions. Unlike object-centric natural images,
these domains also admit large-scale annotation through text detection andOCR
pipelines, making them a practical and revealing testbed for whether an editing
model can truly disentangle concurrent instructions. This document-centric per-
spective motivates the benchmark introduced in Chapter 12.
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12
Shifting the Breaking Point of Flow

Matching for Multi-Instance Editing

Flowmatching models have recently emerged as an efÏcient alternative to
diffusion, especially for text-guided image generation and editing, offer-
ing faster inference through continuous-time dynamics. However, exist-

ing flow-based editors predominantly support global or single-instruction edits
and struggle with multi-instance scenarios, where multiple parts of a reference
input must be edited independently without semantic interference. We identify
this limitation as a consequence of globally conditioned velocity fields and joint
attentionmechanisms,which entangle concurrent edits. To address this issue, we
introduce IDAttn (Instance-Disentangled Attention), a mechanism that parti-
tions joint attention operations, enforcing binding between instance-specific tex-
tual instructions and spatial regions during velocity field estimation. We evaluate
our approach on both natural image editing and a newly introduced benchmark

This Chapter is related to the publication “C. Zaccagnino∗, F. Quattrini∗ et al., Shifting the
Breaking Point of FlowMatching forMulti-Instance Editing, ICML 2026” [9]. ∗Equal contribu-
tion. See the list of Publications on page 315 for more details.
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of text-dense infographics with region-level editing instructions. Experimental
results demonstrate that our approach promotes edit disentanglement and local-
ity while preserving global output coherence, enabling single-pass, instance-level
editing. We release our dataset and code *.

12.1 Introduction

High-fidelity text-guided image editing has traditionally relied on diffusionmod-
els with U-Net architectures [333, 149, 338] for global and localized edits. These
models iteratively denoise a sample in latent or pixel space, enabling a wide range
of operations such as attribute modification, object insertion or removal, and in-
painting. In particular, given an input image and a text condition, editing capabil-
ities are achieved with techniques such as masked denoising, cross-attention ma-
nipulation, and inversion, enabling object-level control and compositional edit-
ing [145, 250, 25, 125, 86]. Despite these successes, most works and benchmarks
focus on single or at most few-instance edits in the natural image domain [411,
241, 117, 62], offering limited support for multi-instance editing. This task re-
quires the model to yield edits disentanglement, i.e. multiple edits should be in-
dependently controllable and combinable, edits locality, i.e. non-edited regions
should remain unchanged, and global coherence, i.e. the whole image should still
be visually coherent. Moreover, when dealing with an increasingly high number
of editsN, computational constraints of some methods increasingly bottleneck
inference pipelines.

Recently, image generation community is shifting towardsMultimodalDiffu-
sionTransformers (MMDiTs) [108] trainedwithRectified FlowMatching [218].
Compared to diffusing stochastic processes, this framework offers higher visual
quality and faster inference by modeling generation as an Ordinary Differential
Equation (ODE) and learning to predict velocity fields vθ over straight paths be-
tween data and noise distribution. The MMDiT architecture iteratively refines
image tokens from the random noise distribution into data, conditioned on a
textual prompt. To allow self- and cross-modality interaction, joint attention op-

*https://github.com/aimagelab/IDAttn
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erates on concatenated text and image tokens. For editing, the condition image is
concatenated to the noisy image tokens and processed through the same blocks
as the noisy image [357, 194, 394]. In this setting, the attention operator jointly
processes prompt, noisy latents, and context image tokens. While this approach
allows great global visual quality, allowing all tokens to interact with all other
tokens causes inevitable semantic leakage asN increases.

Formally, Flow matching learns a single global velocity field vθ governing the
evolution of all pixels or latents simultaneously. Conditioning is typically in-
jected as a global signal, vθ(x, t | c), without explicit mechanisms to enforce
instance-level separation. As a consequence, when multiple semantic instruc-
tions {cn}Nn=1 are applied simultaneously, their effects may interfere within the
shared vector field, leading to semantic entanglement and unintended edits. This
phenomenon, referred to as attribute leakage [302, 65, 255], stems mainly from
semantic interference in the prompt encoding and from the vanilla joint atten-
tion mechanism, which permits disjoint concepts to interact.

To address this, we enforce instance independence architecturally by intro-
ducing Instance-Disentangled Attention (IDAttn), a mechanism that parti-
tions the joint attention operations within theMMDiT blocks [108] of the flow
matching-based FLUX.1Kontextmodel [194]. By partitioning the attention, we
enforce locality constraints without disrupting the global flow matching objec-
tive. Moreover, we can perform disentangled multi-edits in a single pass, greatly
improving computational performance.

We propose to consider both natural image editing and text image editing on
Infographic images. In fact, current natural image multi-instance editing bench-
marks [62] suffer from low-dimensionality and a low number of edits for each
sample, with tens of images and just a few edits requested for each image. To
address this, we chose to evaluate models on infographic text replacement. This
domain has many practical applications and is particularly challenging. Partic-
ularly, infographics are text-dense and aesthetically-pleasing information visual-
izations. Therefore, uncontrolled edits of a single instance can severely alter the
semantics of the whole image. Moreover, this domain facilitates semi-automatic
high-quality annotation. Therefore, we curate a benchmark consisting of two
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sets of infographic images, pairedwith paragraph-level text region localization an-
notations and editing instructions in the form of Change ‘SRC’ in ‘TGT’, where
SRC is the original text (generally in English), and TGT is the desired text in an-
other language. Our proposed benchmark contains infographic images of no-
table complexity, both in terms of the number of edits and the small area of the
edited regions, opening up many challenges. The benchmark will be made avail-
able to the community for fostering the exploration of multi-instance editing in
this complex setting. Experimental analysis on these two domains demonstrates
the effectiveness and efÏciency of our approach.

12.2 Proposed Approach

In this work, we devise an approach to address the problem of multi-instance
editing under localized, potentially conflicting conditioning signals. The task
translates into obtaining a conditional velocity field that transforms a source dis-
tribution (noise) into a target edited sample x1, subject to a set of localized in-
structions {(sn, bn)}Nn=1, where sn is a text prompt and bn is the localization in-
formation (e.g. a bounding box) for the n-th instance. Without explicit struc-
tural constraints, the current generative models struggle to disentangle simulta-
neous, conflicting edits. This phenomenon, often referred to as attribute leak-
age, stems from the entangled nature of the cross-attentionmechanism [302, 65].
Standard attention operations allow semantic tokens associated with one subject
(e.g. “red”) to attend to spatial regions corresponding to another (e.g. “car”), caus-
ing concepts to bleed across boundaries [255]. While previous works have at-
tempted tomitigate this via inference-time attention guidance [145], these meth-
ods often require costly iterative optimization. Our approach also works at infer-
ence time and addresses the root cause: the architectural permission for disjoint
concepts to interact.
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12.2.1 Preliminaries

ConditionalFlowMatching. We focusonconditional rectifiedflowmatch-
ing [218, 368] as the generative framework. Specifically, let x1 ∼ pdata denote a
target data sample and x0 ∼ p0 a source sample drawn from a simple base dis-
tribution (e.g. Gaussian noise). Flow matching learns a time-dependent velocity
field conditioned on signals C

vθ : Rd × [0, 1]× C → R
d

such that the induced ODE
dxt
dt

= vθ(xt, t | c)
transports x0 to x1, conditioned on the external information c. In the conditional
rectified flow formulation [223], the training objective minimizes the expected
flowmatching error over time t ∈ [0, 1], i.e.

LCFM = Et,x1,x0
[

∥vθ(xt, t | c)− (x1 − x0)∥2
]

, (12.1)

where xt = (1−t)x0+tx1. At inference time, samples are generatedby integrating
the learned ODE between 0 and 1.

JointAttention. State-of-the-art conditional generativemodels basedonflow
matching [108, 194] employ anMMDiT as the parameterization of vθ. MMDiT
performs only self-attention operations on a sequence of tokens obtained by con-
catenating embeddings from multiple modalities. We denote the input tokens
with Z, and with Q, K, V the query, key, and value matrices linearly projected
from Z through learnable matrices. Specifically, let Z = Ztext ∥ Zlatent ∥ Zcontext

denote the joint token sequence, where: (i)Ztext encodes textual instructions, (ii)
Zlatent encodes the evolving conditional flow matching latent representation xt,
(iii) Zcontext encodes auxiliary conditioning signals (e.g. a reference image, depth
maps, or segmentation mask cues). Each attention layer within MMDiT ap-
plies joint attention [108], where queries, keys, and values are computed inde-
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pendently for each modality and concatenated:

Q = Qtext ∥ Qlatent ∥ Qcontext,

K = Ktext ∥ Klatent ∥ Kcontext,

V = Vtext ∥ Vlatent ∥ Vcontext.

The attention output is then given by

Attn(Q,K,V) = softmax
(

QK⊤

√
d

)

V. (12.2)

12.2.2 Instance-Disentangled Attention

We introduce IDAttn (Instance-Disentangled Attention), an architectural inter-
vention that enforces structured conditional dependencieswithin joint attention,
enabling independent control of multiple instances within each single flow field
estimation step.

Token Space Partitioning. First, consider N instances to be edited within
the same sample, e.g. regions of a reference input image that the model should
modify based on some textual prompt. Our approach entails logically partition-
ing the joint token sequence Z into the following sets, according to both modal-
ity and instance association information (e.g. bounding boxes bn in the case of
image editing). Note that the localization information bn can also be provided as
a segmentation mask rather than a bounding box; this is particularly useful for
irregular shapes, as masks avoid including excessive background in the instance’s
region.

• Tg: Global prompt tokens, i.e. text tokens Ztext relative to style, overall
scene description, or a null prompt.

• Tn: Local prompt tokens, i.e. text tokens Ztext specifically describing the
target content for instance n.

• Lu: Latent tokens that do not need to be edited i.e. latent tokens Zlatent

not pertaining any instance (e.g. relative to the background).
• Ln: Local latent tokens, i.e. latent tokensZlatent corresponding to the n-th
instance.

200



12121212121212121212121212

12.2. PROPOSED APPROACH

• Cu: Context tokens that do not need to be edited, i.e. auxiliary condition-
ing tokens Zcontext relative to no specific instance.

• Cn: Local context tokens, i.e. auxiliary conditioning tokens Zcontext rela-
tive to instance n.

Note that, whenmultiple instances overlap (e.g. when localizing them via bound-
ing boxes in the case of image editing), their respective tokens end up inmultiple
partitions.

DisentanglementAttentionMasks. We govern the information flow via
an additive attention maskM ∈ R

|Z|×|Z|, which we combine with the standard
joint attention matrix. The attention operation for queryQ, keyK, and valueV
in Equation (12.2) becomes:

IDAttn(Q,K,V,M) = softmax
(

QK⊤

√
d

+M
)

V, (12.3)

whereMij ∈ {0,−∞}. We define two distinct masking regimes to control the
entanglement of the latent space: one for instance disentanglement (Mdis), and
the other for context-aware harmonization (Mhar). Please refer to Fig. 12.1 for a
pictorial representation of the defined masks.

Disentanglement Regime. This regime enforces instance isolation. For any
two distinct instances n,m (where n ̸= m), the mask is defined as:

Mdis
ij =



























0 Zi ∈ Tg ∪ Lu ∪ Cu ∧ Zj /∈
N
∪

n=1
Pn

0 Zi,Zj ∈ Pn ∪ Ln ∪ Cn ∀n ∈ [1,N]

−∞ otherwise.

(12.4)

In other words, this mask lets the global prompt tokens Tg attend to all the
image tokens (Lu ∪ {Ln}Nn=1) and auxiliary context tokens (Cu ∪ {Cn}Nn=1); the
image tokens Lu, and context tokens Cu relative to the background can attend
to the global promptTg and to all the image tokens (Lu ∪{Ln}Nn=1) and context
tokens (Cu ∪ {Cn}Nn=1); the prompt tokens, image tokens, and context tokens
relative to the same instance n (i.e.Tn,Ln, andCn) can only attend to each other.
As a result, instance-specific conditioning tokens can influence only their corre-
sponding image latents, while global tokens remain self-consistent.
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For multi-instance image editing, the main effect of this masking strategy is
enabling attention within the token subset corresponding to the region within
bn and its textual editing prompt sn, while preventing cross-instance interference
between regions and editing prompts being ignored by the model. Moreover, by
letting the global prompt and the background visual tokens attend to both each
other and the instances’ tokens, this masking allows maintaining visual consis-
tency.

Harmonization Regime. To preserve global coherence, we relax the con-
straints defined in Mdis by allowing the image and the auxiliary context tokens
relative to each instance (Ln, andCn) attend to also all the other image and con-
text tokens (Lu ∪ {Ln}Nn=1, andCu ∪ {Cn}Nn=1), further enforcing global coher-
ence. In other words, the mask in this regime is defined as:

Mhar
ij =



































0 Zi,Zj /∈
N
∪

n=1
Pn

0
Zj ∈ Pn ∪ Ln ∪ Cn∧
Zi ∈ Pn ∀n ∈ [1,N]

−∞ otherwise.

(12.5)

Masks Application Strategy. To obtain the edited sample, within each
refinement step, we apply Mhar in the early and late layers of the velocity field
estimation Transformer (denoted as Learly and Llate, respectively), and Mdis in
the central layers (Lmid). The resulting instance-disentangled flowmatching pro-
cess is described in Appendix E.1. This design is motivated by empirical and the-
oretical analyses of Transformer representations [398, 70, 419], which suggest
that early layers focus on coarse feature extraction,middle layers encode semantic
bindings, and late layers refine and globally harmonize the output. Similar layer-
wise intervention strategies have proven effective in controlled generation [436].
Following [436], we set the cut-off between Learly and Lmid at layer 10, and be-
tween Lmid and Llate at layer 47, using this same configuration across all experi-
ments without any tuning.
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-∞

Figure 12.1: Logic visualization of the proposed joint attention masks.

12.2.3 EfficientMulti-Prompt Independent Encoding

Effectivemulti-instance editing requires ensuring that textual instructions for dif-
ferent instances remain semantically isolated. Standard approaches typically con-
catenate all instructions into a single long prompt. However, this allows the text
encoder’s self-attention mechanism to mix unrelated concepts before they even
reach the generative model [65, 302]. Existing solutions generally fall into the
following two categories. (i) Post-encoding single prompt masking [399], i.e. en-
coding a single prompt and enforcing spatial constraints by masking parts of the
encoded prompt within the attention layers of the generative architecture. This
approach is efÏcient in terms of token usage, but instance-level disentanglement
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is not guaranteed and often worsens as the prompt complexity increases. (ii)
Multi-prompt independent encoding [436], i.e. dividing theprompt into instance-
specific subprompts before encoding, each of which is padded or truncated to a
fixed length. This enforces instance-level separation by construction, but its com-
putational cost scales linearly with the number of instances.

We propose amulti-prompt encoding strategy that ensures semantic isolation
by construction while maintaining a sequence length proportional to the seman-
tic content, thereby optimizing the computational cost of the subsequent atten-
tion operations. First, we decompose the input prompt into a global component
sg (in practice, we use a null prompt) and independent instance-specific compo-
nents {sn}Nn=1. Then, we encode these components separately to obtain variable-
length embeddings, and concatenate them to construct the final conditioning se-
quence. In our FLUX.1 Kontext implementation, the instance-specific prompt
tokens are encoded independently, while the latent and context partitions are
obtained by mapping each annotated box to the corresponding token regions of
the VAE representation. As global prompt Tg we use a null prompt made up
of 200 padding tokens, which we call a utility prompt: it is the only prompt that
interacts withLu andCu in the layers usingMdis, so it is needed tomake sure the
model preserves the background effectively.

12.2.4 Domain-Specific Fine-Tuning

All of the modifications proposed so far can be applied at inference time on top
of any pre-trained model, but state-of-the-art flow matching models for image
generation and editing are typically trained on natural images with long prompts
actingon relatively large areas. As a result, theymayunderutilize fine-grained con-
ditioning signals corresponding to small spatial regions or short textual instruc-
tions. The core contribution of this work — IDAttn masking combined with
multi-prompt independent encoding— is an inference-time strategy that can be
applied on topof anypre-trainedMMDiT-basedmodelwithout additional train-
ing. It consistently improves over the base backbone on both natural images and
infographics. As an optional extension, we further explore lightweight domain
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adaptation for the particularly challenging infographic setting, where the back-
bone is significantly out-of-domain (images withmany small, text-dense regions).
We perform Low-Rank Adaptation [327] with rank r = 32 on all layers of the
MMDiT equipped with our masking strategy, minimizing the conditional flow
matching lossLCFM defined in Equation (12.1) with multi-prompt independent
encoding as the text input. This fine-tuning trains only 0.90% of themodel’s pa-
rameters, incurringmodest computational overhead, but gives themodel a better
understanding of complex text-heavy editing prompts in this domain.

12.3 Infographics Editing Benchmark

While recent benchmarks have explored object-level and region-based image edit-
ing, none explicitly address scenarios requiring a large number of fine-grained
edits to be applied simultaneously within a single image. Current multi-instance
benchmarks remain limited in both the number of editable regions per image and
overall scale [62, 411], arguably due to the cost of accurate annotation in natural
images. As a result, they fail to stress-test the ability of editing models to main-
tain edit disentanglement and locality as the number of concurrent instructions
increases. In this respect, we argue that infographics constitute a particularly suit-
able domain for studying this setting, due to the high density of visual and textual
elements within a coherent layout that characterizes these images. In this work,
we focus on textual elements, which constitute a demanding and practically rele-
vant testbed for evaluating multi-instance image editing methods. In fact, since
infographics often contain a large number of text boxes (N≫ 5), when attempt-
ing end-to-end editing of all boxes in one go, or inmulti-turn, existing image edit-
ing models tend to produce inconsistent or collapsed edits and to ignore most of
the editing prompts. Moreover, text boxes are usually small relative to the full
image, implying that the model must modify high-frequency, localized details.
Nonetheless, this setting allows for scalable data collection. In fact, text regions
can be automatically detected and annotated with standard Text Detection and
Optical Character Recognition (OCR) pipelines, making it feasible to construct
large datasets efÏciently. Therefore, in this work, we devise a large collection of
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densely-annotated infographic text editing samples. This will be made publicly
available to favor reproducibility and exploration of the task at hand.

Formally, let Iref ∈ R
H×W×3 denote the high-resolution input infographic

image and consider a set ofN bounding boxes B = {bn = (xn, yn,wn, hn)}Nn=1,
each enclosing a text element, and a set of corresponding editing instructions
S = {sn}Nn=1, e.g. Change ‘Hello’ to ‘Bonjour’. In real scenarios, these latter two
inputs can either be provided by a user or by auxiliary modules for text detec-
tion, recognition, and translation. The task entails generating an edited image
Iedit such that each text element within bn is replaced according to sn while main-
taining visual coherence of Iref and text style within each local edit. We devise the
following subsets of increasing level of difÏculty.

Crello Edit. To obtain the most manageable subset, we start from the layer-
wise annotated graphic designs of Crello [409]. These are mostly images with
English text. Crello comes with precise annotations of each text box, which we
translate into four languages (French, German, Italian, and Spanish) by using
Seed-X [74]. Then, we re-render the text layer of the original sample so that it
contains the translated text, by using the same font metadata accompanying it.
In this way, we obtain a paired editing dataset featuring samples where the ref-
erence image contains English text and the target image contains text in another
language, which can be used for supervised training. To reduce artifacts, we only
re-render text boxes where the length of the translated text is up to 25% longer
than the original one, and inspect the samples for visual quality. The obtained
set contains 1512 samples that can be used in the training phase and 4367 samples
used for test, accompanied by metadata to obtain 1 to 25 editing instructions on
boxes whose area is on average 4.23±5.49% of the entire image.

InfoEdit. To explore a more challenging and realistic infographic editing sce-
nario, we start from the images collected by the authors of [438] and retain only
the real, professionally-made, and open-source English infographics. We con-
sider images whose total area is at least of 10242px and further refine the selec-
tion via visual inspection. Then, we run LayoutParser [328] to detect the text
elements and PaddleOCR [88] to transcribe them. Finally, we aggregate the lines
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into paragraphs when relevant. Also in this case, we resort to Seed-X [74] to ob-
tain the translations of the text elements into French, German, Italian, and Span-
ish, and obtain the located editing prompts from those. The resulting dataset
contains 4960 samples, where images are pairedwith 1 to 285 editing instructions
relative to boxes whose area is on average 0.62±1.64% of the entire image.

12.4 Experimental Analysis

Considered Datasets. We evaluate our approach on multi-instance editing
of both natural images and infographics. For the former case, we resort to the
recently-proposed LoMOE-Bench [62], featuring 80 images paired with 2 to 7
editing instructions. For the latter, we use the Crello Edit and InfoEdit test sets
featured in our proposed Infographic Editing Benchmark (Section 12.3).

CompetitorsandBaselines. Toassess thebenefits of ourproposed approach
formulti-instance image editing, we apply it to the State-of-the-Art FLUX.1Kon-
text RFM-based generative model [194] and compare its performance against
the following variants, ofÏcially proposed by the respective authors: (i) we apply
FLUX.1 Kontext end-to-end by prompting it with all the text editing prompts in
one go (FLUX); (ii) we apply it in amulti-turn scenario, wherewe provide it with
one editing prompt at a time (FLUX μT). Moreover, for natural image editing,
we consider also LoMOE [62] and LayerEdit [117] and an additional variant of
FLUX.1 Kontext, described in [194] that entails drawing boxes over the editing
instances as visual cues, and referring to them by color in the prompt (FLUX w/
v.c.). As for infographics text editing, we include a FLUX.1 Kontext-based base-
line that we design for ensuring instance disentanglement and isolation. We use
the model for editing each text box separately, and we stitch the box back on the
original image, after having run theViTEraser [272] inpaintingmodel for remov-
ing the original text (FLUX st.). Moreover, we consider Calligrapher [235],
which is a finetuned version of FLUX-Fill [194] for text image editing. Since it
can handle one editing instruction at a time, we use it in a multi-turn scenario
(Calligrapher μT) and in the same box editing and re-stitching pipeline as for
FLUX.1 Kontext (referred to asCalligrapher st.).
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Considered Scores. Here we mention the scores we use to evaluate the per-
formance of our approach and the competitors.

Formulti-instance text content editing in the infographics benchmarkdatasets,
we use the following scores:

• We compute the average Character Error Rate (CER) obtained by Pad-
dleOCR over all edited text boxes. This score directly quantifies the cor-
rectness of the rendered text with respect to the editing prompt, thereby
evaluating adherence to the requested textual content. Because of the pro-
grammatically generated nature of the Crello Edit subset, we first gener-
ate ground-truth renderings of images containing the target text and com-
pute CER on these. We then subtract this ground-truth CER from the
one computed on the samples generated by the evaluated methods and
refer to the score thus obtained as ΔCER, which we only report for the
Crello Edit subset, as it is the only programmatically generated dataset in
our benchmark.

• We report theMAE andMSE differences between each edited infographic
and its reference image, restricted to pixels outside the specified text-box
regions. These metrics, dubbedMAEB andMSEB, penalize unintended
changes to the original image.

• As customary for assessing the realism of the edited images compared to
theoriginal distribution,we report Fréchet InceptionDistance (FID) [147]
between the edited infographics and the corresponding reference images.

• We introduceAttempt Rate (AR%) in order to evaluate the models’ abil-
ity to attempt to performedits instead of ignoring prompts. This is quanti-
fied as the percentage of target bounding boxes where theMean Absolute
Error (MAE) between the original and the edited image (both images as
RGB, with each channel represented by an integer in the range [0, 255])
crop exceeds a fixed threshold (set to 10.0). This score effectively serves
as a ”sanity check” to distinguish between failed edits (where the model
modifies the region but produces poor quality) and ignored instructions
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(where themodel simply reconstructs the original content). As withmany
heuristic approaches, we acknowledge that this score has some limitations,
but empirically serves its purpose to distinguish areas where significant ed-
its were applied and those in which they were not. A sensitivity analysis
varying the threshold across values{5, 10, 15, 20, 25} confirms thatmodel
rankings remain stable (standard deviation ≈ 5–8% on Crello Edit and
InfoEdit, where the higher number of edits per image ensures statistical
significance), validating the choice of 10.0 as the default threshold.

For LoMOE-Bench [62], we use the scores proposed by its authors, computed
on the entire image unless otherwise specified, i.e.:

• Target CLIP Score (Tgt C) [146]. To evaluate the semantic fidelity of
the edits, we measure the alignment between the edited image and the tar-
get text prompt. Following the LoMOE benchmark protocol, this is com-
puted as the cosine similarity between their feature embeddings extracted
by a pre-trained CLIP ViT-B/16 model. A higher score indicates visual
content accurately reflecting the requested text description.

• Structural Distance (SD). To assess the preservation of the scene’s geo-
metric layout, we compute the Structural Distance between the original
input image and the edited output image. Following the ofÏcial imple-
mentation of LoMOE-Bench [62], this is calculated as theMean Squared
Error (MSE) between the self-similarity maps of the keys extracted from
the last layer of a DINO-trained ViT-B/8 model. This score effectively
captures high-level structural correspondence between the source and the
edit, ensuring the preservation of object poses and scene composition.

• Image Reward (IR) [403] andHuman Preference Score (HPS) [397].
Following the evaluation protocol proposed in LoMOE-Bench [62], we
employ both IR and HPS to quantify perceptual quality. Unlike stan-
dard metrics that focus on semantic alignment or pixel-level fidelity, these
models are trained on human preference data, serving as robust proxies for
visual realism and aesthetic appeal in editing tasks.
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• BackgroundLPIPS (LPIPSB) [425] andBackground SSIM (SSIMB) [388].
To verify that the editing process remains localized and does not introduce
unintended artifacts in the surrounding scene, we compute LPIPS and
SSIM exclusively on the background regions (masked using the inverted
edit mask). Background LPIPS utilizes deep features (AlexNet) to mea-
sureperceptual deviations,whileBackgroundSSIMassesses pixel-level struc-
tural consistency between the original and edited images.

Moreover, we useFID andAR%, and introduce theLocalized CLIP Score (Loc
C)To compute it, we isolate each target object by masking the surrounding con-
text with awhite background and extracting a square crop centered on its bound-
ing box (scaled by a factor of 1.2). We thenmeasure the cosine similarity between
the CLIP embedding of this isolated view and the corresponding local editing
prompt, averaging the scores across all instances.

We conduct auser studyon40users, asking them to answer 108binary choice
questions on the three datasets, comparing our approach, FLUX-K and FLUX-K
μT. Specifically, we request to pick the best output between two displayed images
from two randommodels and samples, based on the given source image and edit
instruction. Additionally, we promptGemini 3 Flash in an LLM-as-a-judge set-
ting on the same set of questions. We report results for both these evaluations in
terms of Elo score.

12.4.1 Results

In Tab. 12.1, we report an ablation study, performed on LoMOE-Bench, on the
effect of applying the proposed masks at different stages of the MMDiT. CLIP
scores and LPIPSB indicate that our proposal, balancing harmonization in the
early and late layers with disentanglement in the middle layers, better adheres to
the prompt and preserves the background. Moreover, Tab. 12.2 contains an abla-
tion analysis on the effect of IDAttn and the efÏcient prompt encoding strategy.
While the former improves all the scores, efÏcient prompt encoding slightly low-
ers them. However, the main benefit of this strategy is in terms of efÏciency, and
is the only feasible optionwhen editing imageswith tens or hundreds of instances
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Learly Lmid Llate Tgt C↑ SD↓ IR↑ HPS↑ LPIPSB ↓ SSIMB ↑ Loc C↑ AR [%]↑
Mdis Mdis Mdis 25.51 0.068 0.566 0.276 0.108 0.910 29.14 94.27
Mdis Mhar Mhar 25.01 0.069 0.145 0.270 0.099 0.928 28.53 82.29
Mdis Mdis Mhar 25.63 0.070 0.598 0.275 0.100 0.927 29.21 91.15
Mdis Mhar Mdis 25.03 0.076 0.161 0.272 0.097 0.927 28.62 80.21
Mhar Mhar Mdis 25.11 0.073 0.205 0.272 0.101 0.922 28.63 83.33
Mhar Mdis Mdis 25.59 0.072 0.602 0.275 0.103 0.916 29.23 93.23
Mhar Mdis Mhar 25.67 0.064 0.278 0.657 0.091 0.926 29.26 92.19
Mhar Mhar Mhar 25.05 0.073 0.188 0.270 0.103 0.924 28.54 80.21

Table 12.1: Ablation study on layer scheduling on LoMOE-Bench.

EfÏcient
prompt enc. IDAttn Tgt C↑ SD↓ IR↑ HPS↑ LPIPSB ↓ SSIMB ↑ Loc C↑ AR% ↑

25.22 0.080 0.270 0.247 0.126 0.908 27.93 86.46
✓ 25.16 0.079 0.270 0.287 0.129 0.903 27.90 86.46

✓ 25.67 0.064 0.278 0.657 0.091 0.926 29.26 92.19
✓ ✓ 25.60 0.073 0.277 0.574 0.099 0.919 29.08 89.06

Table 12.2: Ablation study on prompt encoding and application of IDAttn on LoMOE-Bench.

(see Fig. 12.3).

A quantitative comparison of the considered models on LoMOE-Bench is re-
ported in Tab. 12.3. We observe that the end-to-end FLUXbaseline has the poor-
est performance, improved by the multi-turn variant. This indicates that, even
with 2-7 edits, FLUX is unable to follow all of the prompts, but is comparatively
better at following all of the individual prompts. The addition of visual cues in
the form of bounding boxes superimposed on the image does not help in this re-
gard. On the other hand, our approach exhibits solid performance, often ranking
best or second-best.

The quantitative results on the Infographics datasets are reported in Tab. 12.4.
We can see how the single-pass FLUX baseline shows high text rendering error
and cannot follow the majority of the editing instructions, with just 40% AR%

on InfoEdit. On the other hand, our approach, and its finetuned version (ft), per-
forms better on most scores, with a notable improvement in terms of CER and
AR% indicating how the model is attempting many more edits which are, on av-
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Tgt C↑ SD↓ IR↑ HPS↑ LPIPSB ↓ SSIMB ↑ Loc C↑ AR% ↑
LoMOE 26.00 0.067 0.266 0.546 0.090 0.834 29.40 98.96
LayerEdit 25.61 0.071 0.252 0.186 0.147 0.864 29.07 100.00

FLUX 24.71 0.078 0.266 -0.059 0.206 0.830 27.58 94.79
FLUX μT 25.71 0.074 0.282 0.550 0.150 0.873 28.27 94.27
FLUX w/ v.c. 24.49 0.072 0.267 0.265 0.170 0.893 27.60 92.71

Ours 25.60 0.073 0.277 0.574 0.099 0.919 29.08 89.06

Table 12.3: Quantitative results on LoMOE-Bench.

Crello Edit InfoEdit
FID↓ MAEB ↓ MSEB ↓ CER↓ ΔCER↓ AR [%]↑ FID↓ MAEB↓ MSEB↓ CER↓ AR [%]↑

Calligrapher μT 10.15 3.82 8.58 0.73 0.29 51.21 113.23 40.34 69.80 0.92 99.98
Calligrapher st. 14.40 2.06 8.46 0.69 0.24 99.47 13.37 39.09 70.72 0.82 99.31

FLUX 10.06 61.83 91.73 0.65 0.20 68.72 4.36 30.20 64.26 0.77 39.94
FLUX μT 12.10 62.13 91.32 0.63 0.19 90.44 65.73 35.17 66.76 0.90 99.81
FLUX st. 15.69 61.33 90.90 0.59 0.15 73.49 10.48 29.46 62.67 0.66 63.25

Ours 9.45 61.72 91.58 0.61 0.16 52.00 2.41 3.41 15.33 0.64 52.61
Ours + ft 10.85 61.35 90.86 0.52 0.07 92.16 2.80 3.22 13.41 0.56 80.90

Table 12.4: Quantitative results on the Infographic Editing Benchmark.

erage, more correct. Moreover, the lower background scores indicate the absence
of artifacts in those regions. Interestingly, these scores are comparable with those
of FLUX st, which does not have background artifacts by design. Note that, by
design, the stitchingmodels also have a higherAR%, as each edit is performed sep-
arately and stitched upon the inpainted background, resulting in a false-positive.

To further evaluate visual style fidelity on the edited regions, we compute the
HWD[1], SSIM, andFIDscores restricted to theboxes that eachmodel attempted
to edit. HWD and SSIM require paired ground-truth edited images, so they are
reported only for Crello Edit; FID is reported for both datasets. The results are
shown in Tab. 12.5. Our fine-tuned variant achieves the best performance across
allmetrics, confirming that LoRAadaptation improves text-rendering style qual-
ity without degrading background reconstruction.

AlthoughHWDwas originally designed for handwritten style fidelity, we also
use it here to quantify the consistency of rendered text appearance across edited
infographic boxes, capturing stroke character, spacing, and overall writing-like
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Crello Edit InfoEdit
HWD↓ SSIM↑ FID↓ FID↓

Calligrapher μT 0.69 0.30 41.35 183.21
Calligrapher st. 0.69 0.33 25.65 28.90

FLUX 0.43 0.40 13.10 29.52
FLUX μT 0.28 0.45 13.12 109.72
FLUX st. 0.39 0.41 11.62 17.25

Ours 0.37 0.39 13.56 21.28
Ours + ft 0.20 0.56 7.82 7.10

Table 12.5: Style fidelity scores computed on the boxes attempted by each model. HWD and
SSIM are computed onCrello Edit only (paired ground-truth available); FID is computed on both
datasets.

visual similarity in a feature space specialized for text style.
Additionally, we analyze how editing capabilities scale when increasing the

number of edits in Fig. 12.2. We group samples in our Infographics benchmark
bynumber of edits, with up to 20 randomly selected samples per group, and com-
pute the average CER and AR%. We can see that our model scales better even on
samples with tens of editing instances, while other methods ignore the editing
instructions and commit more text rendering mistakes.

The results of our user study and the LLM-as-Judge evaluation are reported
in Tab. 12.6. We observe that both the users and Gemini strongly favor our
method, with the FLUX end-to-end baseline being the second-best. Noting the
strong correlation between the automated LLM-as-a-judge results and the user
study, we report results of an extended LLM-as-a-judge evaluation with more
evaluated baselines and samples inAppendix E.4. This extended evaluation is im-
portant because some competitors, especially LoMOE, attain strongCLIP-based
scores while being judged less favorably by both users and Gemini, suggesting
thatCLIP-stylemetrics can overestimate the perceptual quality ofmulti-instance
edits.

Finally, in Fig. 12.4, we present qualitative results on samples from the three
datasets. In the first image, which has 6 editing instructions, the end-to-end
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FLUX μT

Figure 12.2: CER and ARw.r.t. the number of edits.
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Figure 12.3: Inference time comparison w.r.t. the number of edits.

FLUX baseline ignores half the prompts and incorrectly edits an area (where
the wordAND appears) despite the editing instruction entailing rewritingAND
there. The multi-turn and stitching variants attempt all edits but make several
mistakes, while our approach offers a good balance between editing quantity and
quality. On the sample from InfoEdit, the FLUX only attempts one edit in the
large title area with some rendering mistakes. Due to the high number of iter-
ations, FLUX μT severely degrades image quality. FLUX st. fares somewhat
better by attempting all edits with higher success, but introduces many artifacts
and character errors. Ourmethod is capable of editing almost all of the instances,
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FLUX μT

Figure 12.4: Qualitative results on Crello Edit, InfoEdit and LoMOE-Bench. The leftmost
column is the source image, the second one is the source image with overlayed bounding boxes
indicating areas inwhich to perform editing operations, and the other columns contain qualitative
results on that same sample. For readability, we list the prompts for these samples inAppendix E.5.

introducingminor artifacts, and only missing a few characters for one of the text
rewriting prompts. OnLoMOE-Bench, FLUXperforms the requested edits but
renders slightly unrealistic hats with no shadows. The multi-turn variant intro-
duces artifacts and extra textures, which are even more evident for the variant
exploiting visual cues (it draws colored rectangles, disrupting visual coherence
and fidelity to the source image). Our approach successfully performs all of the
requested edits. The prompts used to generate these samples are listed in Ap-
pendix E.5, for readability, and more qualitative results for all three datasets are
shown in Appendix E.6.
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LoMOE-Bench Infographics
Users Gemini Users Gemini

FLUX 1331 1319 1102 1109
FLUX μT 680 695 1095 1096
Ours 1589 1585 1404 1394

Table 12.6: Elo scores of our approach on natural images and Infographics with a User Study and
LLM-as-a-judge.

12.5 Conclusion

In this work, we have explored the challenges ofmulti-instance editingwithin the
framework of FlowMatching andMMDiTs. We have identified that the reliance
on global velocity fields and joint attention mechanisms can lead to semantic en-
tanglement when multiple instructions are processed concurrently. To address
this, we have proposed IDAttn, a modification that seeks to localize attention
operations by associating specific textual tokens with their corresponding spa-
tial regions. Moreover, we have devised a multi-prompt encoding strategy that
makes inference more efÏcient. Our experimental results on natural images and
our devised benchmark of challenging infographic text editing suggest that our
approach can helpmitigate attribute leakage and improve prompt following abil-
ity while maintaining global coherence. Furthermore, by performing edits in
a single inference pass, the method offers a more efÏcient alternative to multi-
step or iterative editing pipelines as the number of instances increases. Finally, it
is worth noting that, while our implementation was integrated into the FLUX
architecture, the concept of attention partitioning applies straightforwardly to
other Transformer-based flowmodels, particularly those based onMMDiT.

Limitations. Likepriormulti-instance editing approaches [62, 117], ourmethod
relies on external inputs to localize instances (i.e. bounding boxes or segmenta-
tionmasks), and is thereforenot end-to-end. Devising an approach that jointly lo-
calizes and edits instances remains an interesting future direction, which could be
addressed, for example, by orchestrating agentic pipelines that combine prompt-
able detection or segmentation for natural images, and text detection with OCR
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for infographics, with an MMDiT-based editor such as ours. Our method is ro-
bust to imprecise localization (e.g. boxes that are too tight or too broad), but can
failwhen theprovidedboxes are entirely incorrect. Artifacts arising fromthehard
attentionmask boundaries aremitigated by the harmonization regime applied in
the early and late layers, which blends instance-level features back into a globally
coherent representation.
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13
Conclusions

This dissertation has presented a comprehensive body of work address-
ing the analysis, generation, and editing of Visually Rich Documents
(VRD). We pursued this goal by exploring novel architectures, train-

ing strategies, and evaluation protocols tailored to the unique challenges of struc-
tured layouts, severely degradedhistoricalmanuscripts, and complexmulti-modal
interactions. The contributions spanned three main themes corresponding to
the parts of this thesis: (i) analyzing and understanding VRD, from 3D tomo-
graphic scans to low-resource languages; (ii) generating realistic handwritten and
graphical content with increased control and zero-shot style adaptation; and (iii)
editing multi-instance compositions while maintaining global structural coher-
ence. In the following, we summarize the main findings by answering the inter-
connected research objectives posed at the beginning of this journey, and outline
possible directions for future research.

13.1 Summary of Contributions

Recall that we began this thesis by identifying a set of interconnected research
objectives in Chapter 1. These can be distilled into the following key questions:
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• Q1: How can we effectively analyze and parse complex documents, partic-
ularly in scenarios characterized by severe degradation, complex layouts,
or limited annotated data?

• Q2:Howcanwedesign generativemodels for handwriting that seamlessly
adapt to unseen styles zero-shot, and how can we systematically evaluate
their true style fidelity?

• Q3: How can we adapt powerful generative paradigms, such as diffusion
models, to synthesize visually rich graphical content with diverse struc-
tures, variable aspect ratios, and transparency?

• Q4: How can we achieve disentangled, multi-instance control for fine-
grained document editing, preventing unintended attribute leakage across
different regions?

Through the research work presented in this thesis, we answered these ques-
tions with our main contributions, detailed below.

DocumentAnalysis inDegradedandLow-ResourceScenarios (Q1).
We demonstrated that frequency-domain processing offers a powerful mecha-
nism for document restoration. By proposing FourBi for 2Dbinarization (Chap-
ter 3), we showed that capturing long-range dependencies via Fast FourierConvo-
lutions is crucial for handling complex, severe degradation patterns. As a further
proof of the generality of this spectral approach, we extended it to the volumetric
domainwith vFFC, demonstrating preliminary applicability to 3D tomographic
ink detection on carbonized ancient scrolls. Moreover, to parse multi-page docu-
ments effectively, we introduced μgat (Chapter 4), proving that incorporating
global cross-page context via cross-attention significantly reduces character er-
ror rates in structured historical and academic publications. Finally, to address
the profound data scarcity in ancient scripts, we introduced the SCAM dataset
(Chapter 5) for SahidicCopticmanuscripts, establishing a newbaseline andhigh-
lighting the architectural strategies necessary for effective low-resourceHandwrit-
tenTextRecognition (HTR).These experiments also revealed that standardChar-
acterErrorRateunderestimates recognitiondifÏculty on continuous scriptswith
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no word boundaries, motivating the joint use of Sentence Error Rate as a more
faithful measure of practical transcription quality.

Zero-ShotGenerationandEvaluationofStyledHandwriting (Q2).
We devised novel architectures for Styled Handwritten Text Generation (HTG)
that adapt to unseen writing styles without costly per-style fine-tuning. We in-
troduced Emuru and Eruku (Chapter 8), two autoregressive Transformer frame-
works. Emuru bridges textual content with visual appearance using continuous
latent representations with a fully-synthetic training strategy, a robust vision au-
toencoder, and automatic prediction of generation termination. Eruku leverages
CFG, a better training recipe, and a combination of continuous and discrete to-
ken prediction to remove the dependency on style image transcriptions. Both
models can generate arbitrary-length text with strong zero-shot generalization
to diverse, real-world scripts. Crucially, recognizing the limitations of generic
metrics like FID,which easily entangle background artifacts with calligraphic fea-
tures and whose square-crop approximation discards the rightmost part of text
images, we proposed the Handwriting Distance (HWD) (Chapter 7). HWD
computes distributional distances in the feature space of a handwriting-specific
backbone, resulting in an evaluation protocol that is demonstrably more robust,
numerically stable, and aligned with human judgment. This contribution ex-
poses a flaw that affected all priorHTG evaluation, not just themodels proposed
in this thesis. Notably, HWD was subsequently adopted as an evaluation score
within the IDAttn infographic editing experiments, demonstrating that evalua-
tion tools developed in the generation part of this thesis directly inform the edit-
ing part. Supplementary analyses further indicate that this autoregressive frame-
work can be extended beyond Latin scripts with suitable synthetic pretraining
data, and that reducing or removing reliance on noisy style-text transcriptions is
crucial for robust deployment in realistic settings.

Controllable Generation of Graphical Content (Q3). Moving be-
yond text synthesis, we tackled the structural constraints inherent in generating
graphical documents. We proposed theMerge-Attend-Diffuse (MAD) operator
(Chapter 9), a training-free attention synchronization mechanism that coordi-
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nates multiple diffusion views, enabling the generation of structurally coherent,
artifact-free panoramas of arbitrary aspect ratios. Additionally, to address chal-
lenges of modern graphic design and printing workflows, we introduced Alfie
(Chapter 10). By precisely modulating the attention maps and Classifier-Free
Guidancewithinpre-trainedDiffusionTransformers,Alfie enables the automated
generation of detailed RGBA illustrations with native transparency, without re-
quiring any expensive architectural retraining or specialized matting models.

Disentangled Multi-Instance Document Editing (Q4). Finally, we
addressed simultaneous multi-instance editing within complex layouts (Chap-
ter 12). We introduced IDAttn (Instance-Disentangled Attention), an approach
that prevents semantic interference and attribute leakage whenmodifyingmulti-
ple localized regions in flow matching models. Combined with our newly intro-
duced Infographic Editing Benchmark (comprising Crello Edit and InfoEdit),
IDAttn demonstrated superior disentanglement and precise local text editing ca-
pabilities, setting the first baseline for concurrent multi-instance editing at info-
graphic scale. Crucially, by operating in a single inference pass, IDAttn also ad-
dresses the scalability bottleneck thatmakes sequential ormulti-branchmethods
impractical when tens or hundreds of instances must be edited simultaneously.
This ensures thatmodifications respect both the semanticmeaning and the visual
style of individual document elements without inducing any unintended global
changes across the structured composition.

13.2 Open Challenges and Future Directions

While this thesis has advanced the state of the art in VRD processing, the contri-
butions presented here open several avenues for future research.

Unifying Understanding and Generation. A recurring theme across
this thesis is the interplay between understanding and generation ofVRD.While
our works have addressed these capabilities through specialized models, future
research could explore unified architectures that jointly perform document un-
derstanding and generation within a single framework. Recent advances in large
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multimodal models suggest that such unification is increasingly feasible, poten-
tially leading to more versatile and capable document processing systems.

Scaling toDiverseDocumentTypes. Our contributions have focused on
specific document types, including historical manuscripts, academic papers, and
infographics. An important direction for future work is to extend these meth-
ods to a broader range of visually rich documents, such as forms, invoices, and
complexmulti-modal layouts. Thiswould require developingmore generalizable
models and richer datasets that capture the diversity of real-world documents.

Advancing Low-Resource and Historical Document Processing.
The work on SCAM and on theHerculaneum papyri highlights the potential of
computationalmethods for preserving and accessing cultural heritage. Future re-
search could investigate the combination of state-of-the-art recognition models
with generative data augmentation techniques, such as styled handwritten text
generation, to improve HTR performance in low-resource settings. In particu-
lar, the generation of synthetic training data in the style of rare scripts could help
bridge the data scarcity gap that currently limits the applicability of deep learning
to endangered and extinct languages. A concrete next step would be to use syn-
thetic rare-script generation as an additional data source for low-resource HTR
settings such as SCAM, where annotation scarcity remains a primary bottleneck.

Improving Controllability and Editability. The methods proposed
in this thesis for controllable generation (MAD, Alfie) and editing (IDAttn) rep-
resent steps towards more fine-grained user control over generative models. Fu-
ture work could focus on developing richer conditioning mechanisms, such as
natural language instructions, spatial constraints, or interactive feedback loops,
allowing users to iteratively refine generated content. Additionally, extending
multi-instance editing to handle more complex relationships between edited re-
gions, such as preserving visual harmony and stylistic consistency across concur-
rent modifications, remains an open challenge.

EvaluationMethodology. TheHWDscore demonstrated the importance
of domain-specific evaluationmetrics. As generativemodels continue todiversify
across document types and modalities, the development of tailored evaluation
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protocols that align with human perception and task-specific requirements will
become increasingly important. A recurring observation in this thesis is that stan-
dardmetrics systematically fail in specialized settings: FID entangles background
and calligraphic style in HTG, standard CER underestimates difÏculty in scrip-
tio continua HTR, and heuristic pixel-level scores cannot always distinguish at-
tempted edits from ignored instructions in multi-instance editing. Future work
could formalize this pattern into a unified framework for benchmark design in
Document AI, extending the HWD paradigm to layout generation, document
design synthesis, and multi-modal editing tasks.

13.3 Final Remarks

This thesis has addressed the full lifecycle of Visually RichDocument processing,
and a number of its results stand as concrete demonstrations ofwhat is nowpossi-
ble. Viewed as awhole, the dissertation progresses from recovering difÏcult visual
evidence, to structuring and recognizing it, to controlling generation, and finally
to composing precise edits in dense document-centric settings. A model trained
on spectral convolutions can detect ink in multi-resolution 2D documents and
in 3D tomographic scans of 2000-year-old carbonized scrolls that have been phys-
ically inaccessible for centuries. A generative model trained entirely on synthetic
data can reproduce the handwriting style of a writer it has never seen, in a lan-
guage it has never encountered, automatically adapting the output resolution de-
pending on the textual content and the style. An attention-partitioning mecha-
nism applied at inference time, requiring no architectural changes and nomanda-
tory retraining, can simultaneously apply dozens of independent edits to a com-
plex infographic without instances interfering with each other.

Each of these results reflects a broader lesson: that the unique challenges of Vi-
sually Rich Documents, namely structured layouts, rare scripts, heterogeneous
degradation, and compositional complexity, are not obstacles but design con-
straints that lead to better-principled and more general methods. The evalua-
tion tools, datasets, and benchmarks introduced alongside themodels are, in this
sense, contributions of equal importance: they define what good performance
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means.
We hope that themethodologies, datasets, and benchmarks introduced in this

thesis serve as stepping stones for future researchers, helping make Document
AI more capable and accessible, and that the problems identified here, from low-
resource ancient scripts to dense multi-instance infographic editing, continue to
challenge and inspire the community.

13.3.1 Publications and Achievements

The majority of the works presented in this thesis have been published in presti-
gious international conferences and workshops:

1. Document Image Binarization (Chapter 3): published as an oral presenta-
tion at ICDAR 2024 [4]. The companion work on volumetric Fast Fourier
Convolutions for ink detection on the Herculaneum papyri appeared as an
oral presentation at the 4th ICCVWorkshop on e-Heritage 2023 [2].

2. Multi-page Document Parsing (Chapter 4): published at the AI4DH: Ar-
tificial Intelligence for Digital Humanities workshop at ECCV 2024 [8].

3. Sahidic Coptic Ancient Manuscripts dataset (Chapter 5): submitted to
ICDAR 2026, under review [7].

4. HandwrittenTextGeneration evaluation (Chapter 7): published atBMVC
2024 [1].

5. Autoregressive styled text image generation (Chapter 8): Emuruwaspub-
lished at CVPR 2025 [6] and Eruku at WACV 2026 [10].

6. Semantically coherent panorama generation (Chapter 9): published at
ECCV 2024 [5].

7. Automatic RGBA image generation (Chapter 10): published at the AI for
VisualArtsWorkshopatECCV2024, receiving anoral spotlightpresentation
(Top-4) [3].

8. Multi-instance Infographic Editing (Chapter 12): accepted at ICML2026 [9].
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13.4 Ph.D. Activities

In this final section, I present a list of the main activities I carried out during my
Ph.D. program in Information and Communication Technologies (ICT).

13.4.1 Exchange Periods

15 September 2024 - 14 March 2025: Applied Scientist Intern at Amazon
in the “Computer Vision North America - CVNA” team, supervised by Dr.
Bojan Pepik and Dr. Michael Opitz.

13.4.2 Research Collaborations

International Collaborations: Joint research with Google and ETHZürich
on autoregressive generation and image editing.

13.4.3 ParticipationstoNationalandInternationalProjects

ITSERR PhD Student: My research activity within the ITSERR project
(Italian Strengthening of the ESFRIRIRESILIENCE) focused on developing
multimodal AImodels for the analysis and generation of historical documents.

13.4.4 Conference Attendances

02 - 06 october 2023 IEEE/CVF International Conference on Computer
Vision (ICCV), 2023, Paris, France.

29 September - 4 October 2024: European Conference on Computer Vi-
sion (ECCV), 2024,Milan, Italy.

30 August - 4 September 2024 IAPR International Conference on Docu-
ment Analysis and Recognition (ICDAR), 2024, Athens, Greece.

11 - 15 June 2025 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 2025,Nashville, US.
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13.4.5 Seminars andWorkshops

17 - 18 July 2023: 1st ITSERR in-house training meeting at Fondazione per
le Scienze Religiose (FSCIRE), Bologna, Italy;

09 - 10 June 2024: 2nd ITSERR in-house training meeting at DISMI (Uni-
MoRe),Reggio Emilia, Italy;

10 - 11 April 2025: 6th ITSERR in-house training meeting at ISTI - CNR,
Pisa, Italy;

11 - 12 September 2025: 8th ITSERR in-house training meeting at the Uni-
versity of Palermo, Palermo, Italy.

13.4.6 Schools

4 - 8 September 2023: Attendance and completion of the “International
Summer School onMachine Vision - VISMAC 2023” summer school.

7 - 13 July 2024: Attendance and completion of the “International Com-
puter Vision Summer School - ICVSS 2024” summer school.

18 - 22 September 2023: Attendance and completion (Best Project Award)
of the “ELLIS Summer School on Large-Scale AI for Research and Industry”
summer school.

13.4.7 Conference Service

Outstanding Reviewer.

British Machine Vision Conference (BMVC), 2024,Glasgow, UK ;

IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2025,Nashville, US.

Reviewer.

British Machine Vision Conference (BMVC), 2023, Aberdeen, UK ;
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IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2024, Seattle, US;

European Conference on Computer Vision (ECCV), 2024,Milan, Italy;

British Machine Vision Conference (BMVC), 2025, ShefÏeld, UK ;

IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2026,Denver, US;

International Conference on Document Analysis and Recognition (IC-
DAR), 2026,Vienna, Austria;

European Conference on Computer Vision (ECCV), 2026,Malmö, Swe-
den.

Workshop Organizer.

Automatically Domain-Adapted and Personalized Document Analysis
(ADAPDA)at20th InternationalConferenceonDocumentAnalysis andRecog-
nition (ICDAR), 2026,Vienna, Austria.

13.4.8 Master Thesis Co-advising

CarmineZaccagnino, “ImprovingDocumentParsing forHistoricalDocuments
withMulti-Page Context”, 2024.
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A
HWD: ANovel Evaluation Score for
Styled Handwritten Text Generation

A.1 AdditionalResultsontheSensitivitytoHand-
writing

In this section,we report the results on the sensitivity of theHWDand theFID to
the handwriting style obtained on the Norhand [236] and BanglaWriting [253]
multi-author datasets. We consider half of the samples for each featuredwriter as
references and the other half as if they were the output of a perfect Styled HTG
model. Then, we compare the distributions of the HWD and the FID values
computed on text images of multiple matching and non-matching authors pairs.

The obtained distributions are reported in Figure A.1.

A.2 FurtherComparisonBetweenHTGApproaches

In Table A.1, we report some qualitative examples of images generated by two
HTGapproachesbeing scoredwithbothFIDandHWD.These showthatHWD
better separates cases in which HTG models perform one better than the other,
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Figure A.1: Distributions of different scores used to evaluateHTGmodels when applied on same-
author (green) or different-author (red) subsets. The overlap area is in dark red.

Reference VATr HWT
HWD FID HWD FID

0.84 128.4 1.09 128.7

0.70 111.7 0.93 111.9

0.60 86.6 0.92 86.7

Table A.1: Qualitatives, FID, and HWD of HTGmodels.

compared to the FID, which has similar values both for good cases and failure
cases.

A.3 AlternativeMetric Distances forHWD

In Table A.2 we report the results obtained on the IAM dataset when using Ma-
halanobis and the Hamming distances in the final step of the HWD computa-
tion. It emerges that the Euclidean distance works best for HWD, leading to the
smaller Overlap and EER.
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Distance Overlap EER

Mahalanobis 7.4 3.6
Hamming 4.3 2.1
Euclidean 0.7 0.3

Table A.2: Ablation results when changing the distance metric at the final step of HWD.

A.4 AdditionalResultsontheSensitivitytothe
Number of Samples

In this section, we report further results on the numerical stability of the pro-
posed HWD, compared to the FID and two baseline scores, namely the FID w/
Euclidean (obtained by computing the Euclidean distance on the Inception-v3
features) andHWDw/Fréchet (obtainedby computing theFréchet distance on
the VGG16). In particular, we use the images from the considered single-author
datasets (ICFHR14 [317], Saint Gall [113], Leopardi [58], Rodrigo [326], Wash-
ington [114], and LAM [59]). The results are expressed as mean and range be-
tween the 25th and 75th percentiles of the values obtained over multiple runs by
varying the number of samples. These are reported in FigureA.2. For the plots in
each row, we consider the whole indicated dataset as the set of reference images
and compute the score when comparing it with a variable number of samples
from the other datasets and from the dataset itself for reference.
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Figure A.2: Comparison between FID and HWDwith varying number of samples on different
single-author datasets. The lines denote the mean, and the transparent bands represent the range
between the 25th and 75th percentiles, obtained with 10 calculation runs.
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B
Zero-Shot Styled Text Image Generation

with Emuru

B.1 FurtherDetails about theTrainingDataset

The proposed synthetic dataset* comprises RGB images that feature text lines
superimposed on diverse background patterns (Fig. B.2). The process to create
a text image is divided into two macro-steps: Text Content Sampling and Text
Line Rendering.

TextContent Sampling. First, we formed the text lines to render in the sam-
ples of the dataset. To this end, we consider the following English corpora avail-
able on the NLTK† library: abc, brown, genesis, inaugural, state_union,
and webtext. To ensure a balanced character distribution and to address the
learning of rare characters, we employ a rarity-based weighting strategy. Specifi-
cally, each word in the corpora is assigned a weight, allowing for weighted sam-
pling from the resulting distribution. The weight of each word is computed
based on the frequency of unigrams and bigrams contained within it. This ap-

*https://huggingface.co/datasets/blowing-up-groundhogs/font-square-v2
†https://www.nltk.org/
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B.1. FURTHERDETAILS ABOUT THE TRAININGDATASET

proach prioritizes words that include infrequent character patterns, enabling the
HTG model to learn from the long-tail distribution of characters more effec-
tively. ThePython implementationof the algorithm for computing theweight of
each word is reported in Listing B.1. The function word_weight(word) calcu-
lates a score for each word based on the unigram and bigram frequencies, stored
in u_counts and b_counts, respectively. These counts represent the frequen-
cies of unigrams and bigrams across the entire corpus. The resultingwordweight
is the average of the unigram and bigram-based scores. In Fig. B.1, we show the
character’s distribution with the custom weights per word and the naive sam-
pling (original). Each bar of the distribution represents a character in our charset
(which contains 157 characters) in this order: [ , e, a, n, s, i, r, t, o, l, A, ., m, c,
d, u, 0, S, h, E, p, M, g, C, R, 1, I, -, D, b, T, 2, N, 3, O, y, P, B, L, ', F, k, f, H, 4, 5, G,
U, v, 7, 8, ", 6, 9, V, K, x, w, Y, ), ä, W, ,, *, z, :, J, (, X, !, j, /, _, é, >, Z, ?, Q, ;, $,
å, ], ö, q, %, <, [, á, ã, #, ¡, &, }, +, ü, â, ó, Ą, ê, =, {, ô, \, í, è, », ╜, É, ú, @, À, à, ,̀
ç, ù, ~, ¨, ´, §, ˝, µ, ", Ă, č, °, Â, ®, ŕ, —, ¢, Ä, û, Ó, ", ƒ, Ť, ^, ï, ˘, |, î, ë, ¦, Ś, õ, Ö,
Á, º, Å, ť, Ł, Ü, ß, ż, ñ, ĺ, ď].

Note that, our current Emuru is trained on a dataset derived from fonts cov-
ering primarily Latin characters, there is nothing in the approach itself that pro-
hibits extension to non-Latin scripts. Specifically, to extend Emuru to non-Latin
scripts, its VAE should be re-trained on a similarly-built synthetic dataset of non-
Latin strings, renderedwith fonts that support the desired characters. Given that
there are a number of such fonts available online, we argue that there is no obvi-
ous method or model limitation as to why the results of Emuru would not trans-
late also to non-Latin scripts.

Text Line Rendering. Once we sample a sentence, we select a font from a
list of 100,000 fonts and render the text image on awhite background, obtaining
ÎT. Then, we sample a background ÎB from a set of images depicting reasonable
supports for writings (e.g. paper-like textures, wood, walls), a transparency value
α ∈ [0.5, 1] and process ÎT and ÎB in parallel. To obtain IT (Fig. B.2, center), we
use the following random transforms: Rotation, Warping, Gaussian Blur, Dila-
tion, and Color Jitter (with probabilities respectively set to 0.5, 1.0, 0.5, 0.1, and
0.5) and apply the transparency α. To obtain IB (Fig. B.2, right), we use the fol-
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d e f word_we i gh t ( word ) :
# Compute t h e s c o r e
# b a s e d on t h e un i g r am s
u _ s c o r e = 0
f o r c i n word :

u _ s c o r e += u_coun t s [ c ]
u _ s c o r e /= l e n ( word )

# Compute t h e s c o r e
# b a s e d on t h e b i g r am s
b i g r am s = p a i r w i s e ( f ’ { word } ’ )
b i g r am s = l i s t ( b i g r am s )
b _ s c o r e = 0
f o r b i n b i g r am s :

b _ s c o r e += b_coun t s [ ’ ’ . j o i n ( b ) ]
b _ s c o r e /= l e n ( b i g r am s )

# Av e r a g e t h e two s c o r e s
r e t u r n ( u _ s c o r e + b _ s c o r e ) / 2

Listing B.1: Python code for computing the words weight, needed for the character frequency
balancing procedure adopted to obtain the text in our synthetic training dataset.
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Figure B.1: Characters frequency in text from the original corpora used to generate the synthetic
training dataset, and from the balanced version of the corpora.

lowing random transforms: Dilation, Color Jitter, andRandom Inversion of the
values (with probabilities respectively set to 0.1, 0.5, 0.2). The image I (Fig. B.2,
left) is the result of superimposing IT on IB.

B.2 Details about the Considered Datasets

In this section, we give further details about the datasets we use for evaluation.

IAM. The IAM Handwriting Database is a collection of greyscale document
scans written in English by multiple writers. The dataset features free-layout
modern English text lines from the Lancaster-Oslo/Bergen (LOB) corpus. The
number of pages per writer varies significantly, ranging from 1 to 10. The dataset
comes with both line-level and word-level segmentation information. TheHTG
community commonly used this dataset for training and evaluation of the pro-
posed approaches and has adopted a split defined in [178], in which the samples
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Figure B.2: Exemplar sample images I from the synthetic dataset used for training Emuru (left).
These samples consist of a rendered greyscale text image IT (center) superimposed to RGB paper-
like background images IB (right).

from 339 writers are used for training, and those from 161 other writers are used
for test. In this work, we adopt the same split. However, while most of the com-
petitors are trained on IAM (and, therefore, see the test set as in-distribution sam-
ples), we never use any training data from it to train our model (therefore, test
samples are out-of-distribution for us).

CVL. The CVL Database is a collection of RGB scans of English and German
manuscripts written with ink on white paper by 310 writers. In this work, we
consider the line-level annotation of the dataset andperform the evaluation on its
test set, which contains lines from 283 different authors. We include this dataset
since it is mostly in the same language as the commonly-adopted IAM, but the
handwriting styles are out-of-distribution with respect to IAM.

RIMES.TheRIMESDatabase is a collectionofbinary images of customer service-
themed letters in French, written by multiple authors. For our experiments, we
consider the lines in the ofÏcial test split of the dataset, which have been written
by 100 authors. We include this dataset as a more challenging collection of out-
of-distribution generation cases. In fact, both the language and the styles differ
from those in IAM.
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Karaoke.‡ To assess the capabilities of Emuru and the existing handwriting
style imitation approaches, we devise a dataset of text lines images obtained by
rendering song lyrics with 100 publicly available fonts§, 50 calligraphy, and 50
typewritten, on awhite background. This dataset, especially its typewritten split,
serves as a challenging test to measure the performance of HTG models when
dealing with significantly out-of-distribution, font-like styles.

B.3 Details about the Considered Scores

Measuring the performance of styled HTG models is a challenging task per se.
Early works on HTG simply employ the Fréchet Inception Distance (FID) to
measure the realism of the generated images, and sometimes theCER tomeasure
their readability. Recent works [263, 379][1] have highlighted the limitations of
such scores (especially the FID) and thus proposed to assess the performance of
HTG models both by using multiple scores or introducing novel, task-specific
scores. In linewith theseworks, for our evaluation, we adopt the following scores
(some of which have been reported in Chapter 8).

Fréchet Inception Distance (FID). The FID is widely employed in HTG
literature and captures the realism/similarity between the distribution of the real
images and the generated ones. In the context of HTG, it somehow captures the
texture-wise style similarity. Note that in most HTGworks, the reported FID is
computed only on the initial square crop of the real and generated images. In this
work, we compute it on non-overlapping crops obtained from the entire images.

Kernel Inception Distance (KID). Similar to the FID, also the KID cap-
tures the realism of the generated images by comparing their distribution to the
real images distribution. Despite being less used in image generation evaluation,
it is more numerically stable than the FID.

Binarized FID (BFID). To reduce the impact of the texture (both of the strokes
and the background) on the similarity between generated and real images, we in-

‡https://huggingface.co/datasets/blowing-up-groundhogs/karaoke, https:
//open.spotify.com/playlist/5GTPvzVNedUIkYkV7xOtgI

§https://fonts.google.com/
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troduce this variant of the FID score by computing it on binarized images. Intu-
itively this measure should capture mostly the perceptual handwriting style and
disregard color or textures.

Binarized KID (BKID). Similar to the BFID, this score is obtained by comput-
ing the KID on the binarized reference and generated images.

Absolute Character Error Rate Difference (ΔCER). We consider the
State-of-the-Art TrOCR-Base model, which can handle both handwritten and
typewritten images and compute its CER on the reference and generated images
to capture their readability while taking into consideration the style. Intuitively,
we want the generated images to be as readable as the reference ones (which sug-
gest that they actually contain text) but not significantly more, which could be
that the HTGmodel has collapsed to a very readable style that does not necessar-
ily resemble the reference.

Handwriting Distance (HWD). The HWD is a perceptual score that has
been recently proposed specifically for HTG and captures the similarity in terms
of calligraphic style between the real and generated images pairs. For this reason,
we include it in our evaluation setup.

Absolute Intra Learned Perceptual Image Patch Similarity Dif-
ference (ΔI-LPIPS). To measure the style preservation over long generated im-
ages, we split each image into non-overlapping crops and compute the Learned
Perceptual Image Patch Similarity (LPIPS) (which is based on the similarity of
feature maps) between all possible combinations of crops of the same image. We
repeat this process for both the real and the generated image separately and then
compute the absolute difference between these values. We want its value on the
generated images to be similar to what is obtained on the real ones (to ensure
mimicking the degree of variability of the reference style) and not significantly
lower, which could indicate mode collapse to a repeated stroke.
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B.4 Analysis on the Style Input Length

Asmentioned in Section 6.2, existingHTGmethods have a variety of settings for
the style reference image, ranging from single words to entire paragraphs. These
approaches offer different advantages depending on the use case, with somemod-
els demonstrating some adaptability to a style from minimal input and others
leveragingmore context for improved style fidelity. We argue that anHTGmodel
should be flexible to the number of input words available, handling both data-
scarce scenarios with limited reference samples and situations with more style
images available. To deepen the analysis on this aspect, we evaluate the perfor-
mance of Emuru when generating IAM lines given increasingly longer reference
style images, whichwebuild starting from theword-level annotations of the IAM
dataset. Note that the IAM dataset contains all the information needed to deter-
minewhich sequence of words appears within each line andwhere to cut the line
image to obtain a new line image with the desired width. Therefore, to generate
the set of style samples within a specific width range, we exploit the IAM infor-
mation of the bounding boxes around the words inside the lines. Specifically, we
group images whose width is in a range of ±25px around average width values
that vary from aminimumof 125px to amaximumof 1025pxwith steps of 50px.
In Fig. B.3, we report the results of this analysis. As expected, the performance
improves with increasing input length, showing that our model is flexible to dif-
ferent scenarios and more applicable to real-world handwriting generation tasks.

B.5 Analysis on the Styled Output Length

To assess the optimal output text length manageable by Emuru, we perform ex-
periments by increasing the number of output characters to render in the styles
from the Karaoke dataset. We report FID and CER scores in Fig. B.4, represent-
ing style fidelity and text readability. We observe that the model performs best
when generating text lines between 25 and 75 characters, which aligns with the
training sequence length. Outside this range, Emuru exhibits performance degra-
dation in both style fidelity and text readability. Note that someworkarounds for
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improving the quality of generated long sequences can be applied, as mentioned
in the following. In Fig. B.5, we report qualitative results of image generation
with Emuru for increasingly longer text lines. In the top part of the figure, we
feed Emuru with the reference style image and the entire text line to be gener-
ated all at once. As we can see, the model maintains style consistency across long
outputs but struggles to correctly render all the words as their number increases.
This discrepancy between the input and the output text is reflected in the ΔCER
score, as observed in the quantitative analysis in Section 8.1.2. To improve this
aspect, in the bottom part of Fig. B.5, we also show a simple yet effective solu-
tion for generating longer lines with increased text fidelity. Specifically, we let
Emuru iteratively generate one word at a time by using the previously generated
line as a style reference. This incremental approach improves the alignment of
the output image with the input text with a computational overhead of 29.5%
(2.24s), mainly due to the additional 10 padding embeddings that the model has
to generate as a stop signal after each new word generation.
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Figure B.3: Emuru FID scores for IAM line generation using style inputs of varying length (in
blue), compared to those generated with the original input style (in red). The length of the style
input is expressed as the average pixel width of the style samples, with standard deviations repre-
sented by semi-transparent circles behind the data points. Additionally, the average number of
words in each style sample is indicated, where an “average word” corresponds to approximately
125 pixels in width.
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Figure B.4: Emuru FID andCERwhen generating increasingly longer lines in unseen styles from
the Karaoke dataset, separated into calligraphy and typewritten styles. We express the generated
lines length in terms of the number of characters contained.
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B.6. DETAILED COMPARISON BETWEENVAES

B.6 Detailed Comparison Between VAEs

In this section we expand the analysis on the performance of Emuru VAE on
multiple datasets reported in Section 8.1.2. As the performance of the autoregres-
sive Transformer in Emuru is tied to the quality of the latent vectors it has been
trained on, this detailed analysis helps determine a soft bound on the reconstruc-
tion quality. In Tab. B.1, we report the results of the reconstruction performance
comparison on different datasets, which we compute on images reconstructed
with different VAEs: Emuru VAE, SD1.5 VAE (used by DiffPen and OneDM),
and SD3 VAE (the current State-of-the-Art in image reconstruction). As we can
see, Emuru VAE consistently gives the best or second-best BFID and BKID due
to its ability to closely capture and reproduce the handwritten style. Looking at
FID and KID, in some datasets the performance is a bit lower with respect to the
alternatives considered, likely due to the fact that EmuruVAE is trained to recon-
struct text on a clean background (and not the original input image). Moreover,
the ΔI-LPIPS is consistently better, which indicates that the images reproduced
by our VAE have a consistent style in all their parts. In general, we can observe
either better or comparable performance to the other considered VAEs. The tai-
lored training of our VAE allows us to obtain these results with a much more
lightweight model and a more compressed latent space (∼16% of the parameters
of the other VAEs and 1 latent channel instead of 4 and 16, respectively for SD1.5
VAE and SD3 VAE).

B.7 Multi-stage Training Ablation

In Tab.B.2,we report a detailed analysis of theperformanceobtainedwithEmuru
across different training stages. As explained in Section 8.1.1, we train Emuru
with the MSE loss in two stages: pretraining with text lines containing 4 to 7
words (Pretraining in Tab. B.2) and fine-tuning on text lines containing 1 to 32
words (+Var. len. ft in Tab. B.2). Predictably, there is a significant performance
improvement across all metrics and datasets, which contain variable-length text
lines. These results indicate the benefit of the two-stage training approach. Dur-
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ing the first stage, the autoregressive Transformer learns to correlate the text in-
put to the VAE embeddings extracted from the reference style image in a simpler
setup. Then, in the second stage, the model learns to deal with variable-length
inputs and can also focus on understanding when to stop generating. In fact,
although the pertaining stage is longer, the samples used in this stage have simi-
lar text length and reference image width, and thus, batches of such samples are
more informative since they contain less padding. On the other hand, the im-
ages used in the variable length fine-tuning stage need to be padded more to be
batched, which makes this stage less efÏcient. Nonetheless, thanks to pertaining,
few iterations are sufÏcient to achieve good performance.

B.8 Additional Quantitative Results

In Tabs. B.3 to B.5, we report the performance of Emuru compared to State-of-
the-Art HTG solutions on the considered datasets, expressed in terms of all the
scores in the extended set of considered scores, as described in Section B.3.

B.9 Additional Qualitative Results

In Figs. B.6 to B.11, we report additional qualitative results comparing Emuru,
the GAN-based VATr++, and the Diffusion Model-based DiffPen when gener-
ating images from the considered datasets. For each sample, we report the input
style image used for guiding the generation and another reference image in the
same style. We let the models generate the same text as in the reference to better
observe the style imitation capabilities of the models.
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IAM words
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

SD1.5 VAE 21.15 2.42 20.72 1.65 0.01 0.92 2.34
SD3 VAE 15.28 2.09 13.62 1.35 0.01 0.84 2.72
Emuru VAE 27.74 2.60 23.41 1.32 0.08 0.64 0.02

IAM lines
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

SD1.5 VAE 15.87 1.64 16.47 1.27 0.01 0.68 74.04
SD3 VAE 9.80 1.77 9.66 1.53 0.00 0.59 82.95
Emuru VAE 16.74 1.11 13.76 0.53 0.01 0.76 6.24

CVL
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

SD1.5 VAE 83.33 34.82 101.89 34.74 0.01 0.63 45.74
SD3 VAE 70.84 8.77 84.68 9.30 0.00 0.57 52.81
Emuru VAE 11.25 1.10 9.77 0.53 0.05 0.79 5.28

RIMES
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

SD1.5 VAE 20.35 2.77 19.57 2.14 0.02 0.79 0.50
SD3 VAE 19.07 5.10 17.65 4.95 0.03 0.90 3.52
Emuru VAE 47.79 2.62 44.27 1.45 0.01 1.24 39.72

Karaoke Typewritten
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

SD1.5 VAE 12.28 0.87 9.54 0.31 0.01 0.55 20.60
SD3 VAE 5.29 1.13 2.89 0.50 0.01 0.65 32.76
Emuru VAE 6.55 0.75 3.92 0.09 0.01 0.56 7.43

Karaoke Calligraphy
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

SD1.5 VAE 23.38 1.63 24.65 1.16 0.00 1.04 9.37
SD3 VAE 11.09 2.80 9.58 2.37 0.00 0.87 13.84
Emuru VAE 5.28 1.55 2.98 0.51 0.00 1.13 10.63

Table B.1: Comparison between the VAE featured in Emuru and other VAEs used in popular
Diffusion Models when reproducing the images in the test set of different HTG datasets. Note
that none of these VAEs has been trained on the considered datasets. KID, BKID, and ΔI-LPIPS
are multiplied by 103 and the best performance is in bold for readability.

251



B.9. ADDITIONAL QUALITATIVE RESULTS

IAM words
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

Pretraining 85.15 53.28 83.53 52.54 0.56 3.51 0.39
+ Var. len. ft 63.61 37.73 62.34 37.22 0.19 3.03 0.16

IAM lines
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

Pretraining 44.90 42.36 28.19 29.75 0.83 2.70 11.39
+ Var. len. ft 13.89 6.19 11.30 5.36 0.14 1.87 38.27

CVL
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

Pretraining 77.23 70.52 69.28 54.47 0.87 2.52 6.69
+ Var. len. ft 14.39 10.77 12.34 10.54 0.13 1.82 0.75

RIMES
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

Pretraining 100.34 75.90 76.32 56.07 0.69 2.96 87.25
+ Var. len. ft 26.93 13.36 21.19 9.40 0.25 2.18 47.96

Karaoke Typewritten
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

Pretraining 47.06 39.28 22.76 14.69 0.67 2.03 45.52
+ Var. len. ft 9.85 4.33 5.60 1.24 0.11 1.28 5.07

Karaoke Calligraphy
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

Pretraining 37.26 29.65 18.54 16.81 0.54 2.99 4.90
+ Var. len. ft 13.87 7.99 9.24 5.37 0.13 2.24 0.73

Table B.2: Ablation analysis on the multi-stage training strategy for the autoregressive Trans-
former (‘ft’ stands for ‘fine-tuning’). The scores are computed on all the considered datasets. KID,
BKID, and ΔI-LPIPS are multiplied by 103 and the best performance is in bold for readability.
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IAM words
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

TS-GAN 129.57 86.45 141.08 92.48 0.28 4.22 1.15
HiGAN+ 50.19 21.92 43.39 14.21 0.20 3.12 0.17
HWT 27.83 15.09 19.64 11.95 0.15 2.01 0.06
VATr 30.26 15.81 22.31 13.37 0.00 2.19 0.56
VATr++ 31.91 17.15 23.05 15.20 0.07 2.54 0.55
One-DM 27.54 10.73 21.39 6.72 0.10 2.28 0.00
DiffPen 15.54 6.06 11.55 3.93 0.06 1.78 0.53
Emuru 63.61 37.73 62.34 37.22 0.19 3.03 0.16

IAM lines
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

TS-GAN 44.17 19.45 45.42 18.17 0.02 3.21 25.66
HiGAN+ 74.41 34.18 77.27 31.24 0.00 3.25 63.43
HWT 44.72 30.26 43.49 31.14 0.33 2.97 34.31
VATr 35.32 27.97 33.61 27.81 0.02 2.37 28.17
VATr++ 34.00 21.67 29.68 19.04 0.03 2.38 35.86
One-DM 43.89 21.54 44.48 20.94 0.13 2.83 78.42
DiffPen 12.89 6.87 9.73 4.98 0.03 2.13 3.27
Emuru 13.89 6.19 1.30 5.36 0.14 1.87 38.27

Table B.3: Comparison on the word-level and line-level IAM datasets between Emuru and State-
of-the-Art approaches trained on IAM. KID, BKID, and ΔI-LPIPS are multiplied by 103 and the
best performance is in bold for readability.
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CVL
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

TS-GAN 42.12 31.97 43.15 32.44 0.13 3.07 2.02
HiGAN+ 78.44 39.47 80.39 36.50 0.12 3.07 53.91
HWT 31.22 16.73 26.14 14.44 0.38 2.59 10.23
VATr 34.40 24.64 32.21 25.01 0.06 2.36 8.77
VATr++ 35.53 19.87 34.15 16.08 0.12 2.18 13.30
One-DM 60.45 26.58 64.13 26.76 0.06 2.66 88.94
DiffPen 40.40 17.50 38.21 18.30 0.01 2.99 51.58
Emuru 14.39 10.77 12.34 10.54 0.13 1.82 0.75

RIMES
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

TS-GAN 109.04 36.39 132.90 41.64 0.12 3.26 93.87
HiGAN+ 160.57 47.38 183.82 46.23 0.14 3.39 48.48
HWT 118.21 35.26 128.66 35.60 0.45 3.36 1.89
VATr 113.76 30.21 114.21 27.88 0.07 3.09 7.88
VATr++ 110.04 35.61 104.05 31.90 0.10 2.83 26.84
One-DM 121.18 36.07 121.67 34.68 0.20 3.36 86.49
DiffPen 89.79 18.25 94.78 18.49 0.04 2.58 78.41
Emuru 26.93 13.36 21.19 9.40 0.25 2.18 47.96

Table B.4: Comparison on the line-level CVL and RIMES datasets between Emuru and State-of-
the-Art approaches trained on IAM.KID, BKID, andΔI-LPIPS aremultiplied by 103 and the best
performance is in bold for readability.
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Karaoke Handwritten
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

TS-GAN 60.30 12.68 64.80 6.75 0.05 4.59 75.30
HiGAN+ 125.75 69.41 136.75 72.14 0.04 4.90 49.49
HWT 62.69 43.03 59.35 43.98 0.34 4.50 33.89
VATr 72.22 47.66 67.70 46.23 0.04 3.89 60.46
VATr++ 67.16 46.53 58.57 42.59 0.01 3.96 84.57
One-DM 59.73 38.30 56.55 37.93 0.24 4.31 47.65
DiffPen 34.19 25.78 28.91 24.03 0.16 4.18 33.33
Emuru 13.87 7.99 9.24 5.37 0.13 2.24 0.73

Karaoke Typewritten
FID↓ BFID↓ KID↓ BKID↓ ΔCER↓ HWD↓ ΔI-LPIPS↓

TS-GAN 141.41 75.78 157.33 80.14 0.02 4.70 235.45
HiGAN+ 135.34 63.39 146.34 65.81 0.03 5.19 85.45
HWT 72.78 37.40 62.77 31.51 0.39 4.57 138.76
VATr 80.38 41.02 70.46 37.26 0.04 4.14 115.80
VATr++ 76.03 41.69 63.17 36.50 0.01 4.15 89.74
One-DM 70.75 44.06 60.90 42.78 0.25 4.80 119.63
DiffPen 78.07 61.16 67.17 61.05 0.14 4.71 187.68
Emuru 9.85 4.33 5.60 1.24 0.11 1.28 5.07

Table B.5: Comparison on the line-level Karaoke dataset, separating calligraphy and typewrit-
ten styles, between Emuru and State-of-the-Art approaches trained on IAM. KID, BKID, and
ΔI-LPIPS are multiplied by 103 and the best performance is in bold for readability.
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B.9. ADDITIONAL QUALITATIVE RESULTS

Figure B.6: Further qualitative results on IAMwords.

Figure B.7: Further qualitative results on IAM lines.
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Figure B.8: Further qualitative results on CVL lines.

Figure B.9: Further qualitative results on RIMES lines.
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Figure B.10: Further qualitative results on Karaoke Calligraphy.

B.10 Editing Application

Due to our Emuru VAE, there can be a difference in ink color between the ref-
erence image, Istyle, and the Emuru-generated one, Iout. However, this difference
can be easily recovered. Note that, once passed through the VAE, both Istyle and
Iout have a perfectly white background. Therefore, the background can be easily
removed fromboth images via standard chroma keying onwhite. Then, the aver-
age color of the ink pixels can be computed from the reference image and directly
applied to the ink pixels in the generated image (see Fig. B.12).
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Figure B.11: Further qualitative results on Karaoke Typewritten.

Figure B.12: Thanks to the characteristics of theVAE, ink color can be easily corrected onEmuru-
generated images to look more similar to the color in the reference image.
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C
Improving Autoregressive HTGwith

Eruku

In this document, we report additional analyses on style text independence and
the effect of the training strategies adopted in the second phase of training. More-
over, we report results that include color correction of the output.

C.1 Style Text Reliance Analysis

When compared to Emuru [6], Eruku does not need style text input. A possi-
ble workaround to use Eruku with a style sample with no known ground-truth
textual transcription is to use an OCR model to obtain it. We test both Emuru
and Eruku with style text input obtained from running TrOCR-Base [205] as
an OCRmodel and comparing them against each other when using the T∗

s text
generated byTrOCR, against Eruku ranwith no style text input and against a ver-
sion of Eruku which has never been trained with style text dropout. The results
are displayed in Tab. C.1.

Eruku is (except for FID) better than Emuru even when using the ground
truth textTs. When usingT∗

s , Eruku is able to maintain very lowΔCharacter Er-
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ror Rate (CER), whereas Emuru tends to collapse and/or generate incorrect text
more often. Bothmanage tomaintain style consistency. Erukuwith no style text
gets even better ΔCER scores, but compromises in a significant way on style ad-
herence, as indicated by the highHWD score. The version of Eruku trainedwith
no style text dropout and style text fromOCR suffers, just like Emuru, from sig-
nificantly increased ΔCER from the reliance on this noisy style text. Emuru is
incapable of running with no style text input.

C.2 Ablation on Second Stage Training

In the second stage of pretraining, as described in Section 8.2.2, two variations
are made to the way the model trains: it is trained on the dataset of images with
longer context described in Section 8.2.2, and it is trained to randomly drop style
text conditioning with a probability of pdrop = 0.1. We investigate the effects of
each of those by running training for the same amount of iterations as the full
Eruku second stage of training, but with just one strategy or the other. We then
compare those runs on IAM lines to the full second stage of training and to the
result of just the first stage of training.

The results, shown inTab. C.2, highlight how long-context training improves
ΔCERsignificantly. Style text dropout instead, in addition to allowing themodel
to generate unconditionally as shown in Section 8.2.3, also improves style image
adherence, as indicated by the improvement in HWD. The model using both
strategies (Eruku) combines the advantages of both and reaches the best HWD
values andmuch-improvedΔCERvalues when compared to themodel resulting
from the first stage of training.

C.3 Results Including Color Correction

Since it relies on the same Variational Autoencoder (VAE) as Emuru, Eruku gen-
erates images with a white background and usually very dark text strokes. This
allows the simple color correction strategy proposed in [6] for Emuru to be appli-
cable also for Eruku. The strategy uses the VAE’s background removal abilities
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HWD↓ ΔCER↓ FID↓ BFID↓
Eruku w/ Ts 1.70 0.06 16.40 4.88
Emuru w/ Ts 1.87 0.14 13.89 6.19

Eruku w/ T∗
s 1.73 0.06 16.59 5.07

Eruku pdrop = 0 w/ T∗
s 1.72 0.53 15.81 7.68

Emuru w/ T∗
s 1.79 0.42 14.09 6.23

Eruku w/o Ts 2.51 0.04 20.44 9.63
Emuru w/o Ts - - - -

Table C.1: Emuru and Eruku results on IAM lines when fed with the actual Ts or a Ts obtained
by running TrOCR on the style image Is (dubbed T∗

s ). As a reference, we report the results of the
generation without Ts.

longer input pdrop = 0.1 HWD↓ ΔCER↓ FID↓ BFID↓
7 7 1.81 0.40 14.20 3.38
✓ 7 1.92 0.04 19.45 5.50
7 ✓ 1.75 0.40 13.49 4.45
✓ ✓ 1.70 0.06 16.40 4.88

Table C.2: Ablation analysis on the effect of the second training phase inputs and strategy in terms
of performance on IAM Lines.

to isolate the mask containing the text within the style image, then computes the
average of the color values among the foreground ink pixels and applies that to
those of the generated image. The effect of such color correction post-processing
can be observed quantitatively in Tab. C.3 (especially in terms of FID).

HWD↓ ΔCER↓ FID↓ BFID↓
Eruku 1.70 0.06 16.40 4.88
Emuru 1.87 0.14 13.89 6.19
Eruku w/ c.c. 1.68 0.04 12.21 4.54
Emuru w/ c.c. 1.85 0.14 11.40 6.20

Table C.3: Emuru and Eruku results on IAM lines in the standard setting and when the color
correction strategy (c.c.) is applied as post-processing.
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D
Merging and Splitting Diffusion Paths for

Semantically Coherent Panoramas

In this document, we report additional results of our proposed MAD approach
for inference-time adaptation of diffusionmodels for generating long images. We
explore the effect of changing the application stage and varying the number of ap-
plication steps, present more detailed information regarding the user study, and
offer further comparisons with SD-L. Additionally, we report other qualitative
results, also at different aspect ratios, and further discuss the limitations.

D.1 Effect of the Application Stage

In Tabs. D.1 and D.2, we report a quantitative analysis of the effects of applying
MAD at different stages in the noise prediction model of the considered LDM
and LCM. We observe that when MAD is applied only in the bottleneck (Mid
blocks), FID, KID, and mGIQA values are comparable to those obtained with
the baseline inwhichMAD is never applied and the perceptual coherence is lower
than in the other settings. On the other hand, I-LPIPIS, I-StyleL, and mCLIP
get better whenMAD is applied more (i.e. in all blocks) and in later stages of the
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U-Net (i.e. in the upsampling blocks). The same trend can be observed from the
LDM qualitatives in Fig. D.2.

Table D.1: Quantitative results on the generation of images withMAD applied at different stages
of the LDM noise prediction model to generate 512×3072 images.

mCLIP↑ I-LPIPS↓ I-StyleL↓ FID↓ KID↓ mGIQA↑
(×10−3) (×10−3) (×10−3)

No MAD (Baseline) 31.65±2.17 0.64±0.10 2.65±2.33 34.51±13.92 9.19±4.51 27.59±6.83
MAD in Mid Block 31.66±2.16 0.64±0.10 2.19±1.17 34.80±13.80 9.35±3.91 28.04±7.23
MAD in Down Blocks 31.83±2.21 0.62±0.10 1.98±1.03 40.46±16.58 16.40±8.83 28.11±7.42
MAD in Up Blocks 32.09±2.20 0.53±0.10 1.19±0.86 60.84±24.65 43.56±19.82 28.60±7.51
MAD in All Blocks 32.15±2.25 0.53±0.10 1.43±1.04 61.76±23.73 43.31±17.41 28.10±7.84

Table D.2: Quantitative results on the generation of images withMAD applied at different stages
of the LCM noise prediction model to generate 512×3072 images.

mCLIP↑ I-LPIPS↓ I-StyleL↓ FID↓ KID↓ mGIQA↑
(×10−3) (×10−3) (×10−3)

No MAD (Baseline) 31.36±1.83 0.55±0.05 0.90±0.35 31.35±15.42 13.27±10.05 35.44±12.38
MAD in Mid Block 31.44±1.79 0.55±0.05 0.87±0.33 29.35±15.62 13.85±11.27 35.49±12.22
MAD in Down Blocks 31.44±1.78 0.55±0.05 0.84±0.32 29.01±14.83 13.35±11.02 35.38±12.46
MAD in Up Blocks 31.46±1.84 0.51±0.05 0.71±0.26 40.22±20.99 28.98±17.43 35.45±13.08
MAD in All Blocks 31.48±1.87 0.52±0.05 0.71±0.26 38.77±19.85 27.41±16.19 35.23±13.15

D.2 Effect of the Number of Application Steps

We report a quantitative analysis (Tab. D.3) and a more exhaustive qualitative
analysis (Fig. D.1) on the effect of the number of inference timesteps in which
the proposed MAD operator is applied (defined by the hyperparameter τ). In
this experiment, we use the considered LDM run for 50 reverse process steps and
apply MAD at each timestep from the first one up to a certain threshold. As we
can see, 15 steps lead to a good trade-off between variety and uniformity.

D.3 Details of the User Study

Here, we report further details on the user study conducted to assess human pref-
erence between images generated with our approach or with two other State-of-
the-Art ones (namely, MultiDiffusion [30] and SyncDiffusion [198]). For each
approach, we generated 60 images for each of the six prompts used for the quan-
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Table D.3: Results on the generation of 512×3072 images withMAD applied for different num-
bers of timesteps from the beginning of the reverse diffusion process in the LDM.

mCLIP↑ I-LPIPS↓ I-StyleL↓ FID↓ KID↓ mGIQA↑
(×10−3) (×10−3) (×10−3)

τ=0 31.65±2.17 0.64±0.10 2.65±2.33 34.51±13.92 9.19±4.51 27.59±6.83
τ=5 31.86±2.22 0.59±0.10 2.07±1.31 38.10±13.71 13.75±4.00 28.32±7.64
τ=10 31.95±2.24 0.57±0.10 2.00±1.34 42.60±14.94 19.38±5.56 28.36±7.83
τ=15 32.03±2.29 0.56±0.10 1.90±1.32 48.52±17.14 27.15±9.10 28.32±7.76
τ=20 32.09±2.29 0.54±0.10 1.68±1.19 54.31±19.92 34.43±12.54 28.23±7.90
τ=25 32.15±2.25 0.53±0.10 1.43±1.04 61.76±23.73 43.31±17.41 28.10±7.84
τ=30 32.16±2.17 0.52±0.10 1.22±0.90 70.29±28.24 54.40±23.19 27.94±7.73
τ=35 32.18±2.08 0.51±0.10 1.02±0.73 78.50±32.94 65.06±29.94 27.82±7.65
τ=40 32.16±1.95 0.50±0.10 0.88±0.61 86.20±37.23 76.15±37.73 27.59±7.61
τ=45 32.14±1.83 0.50±0.10 0.78±0.53 92.69±40.76 84.13±44.13 27.35±7.50
τ=50 32.14±1.72 0.49±0.10 0.71±0.47 98.01±43.64 91.51±49.95 27.05±7.28

titative evaluation (for a total of 360 images per method). We then formed pairs
of images with matching prompts and presented 60 random pairs to the users
(plus 6 additional pairs as a vigilance task), asking them to select the image that
they found to be “the most coherent, and that conforms the most to the prompt”.
As mentioned in the main chapter, 139 out of 201 participants passed the vigi-
lance task and provided a total of 7807 preference answers. In Fig. D.3, we plot
the overall and the per-prompt results. As we can see, our method is consistently
preferred over the competitors.

D.4 Further comparisonwith Direct Inference

Here, we report further comparison on the variability between the generated
images using MAD and SD-L. In particular, for each one of the six evaluation
prompts, we exploit the same network used for computing the FID, KID, and
mGIQA (an Inception-v3 trained on Imagenet) to extract features from square
images generated with SD and embed them using t-SNE [376]. Then, we gen-
erate 512×5120 images with SD-L and MAD and embed all the squared crops
using openTSNE [216, 282]. In Fig. D.4, we report the embeddings, showing
that images generated by MAD have more variability with respect to the images
generated by the vanilla SD. Thus, MAD has increased inter-image variability
compared to SD-L. For each prompt, we plot the SD embeddings using grey cir-
cles, theMAD embeddings using red dots, and the SD-L embeddings using blue
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dots. Darker areas indicate an overlap between the embeddings of MAD and
SD-L images.

D.5 Combinationwith Attention Scaling

To adapt Stable Diffusion to the generation of larger images, a recent work has
proposed to re-scale the attention operations in the U-Net [170] (which we refer
to asAttn-S).We evaluate this approach both in combinationwith amethod that
generates the whole image directly and MAD (we refer to this combination as
MAD-L+Attn-S). To this end, we consider the generation of 512×3072 images.
The result of generation with LDMs and Latent Consistency Models (LCMs)
are reported in Tab. D.4 and Tab. D.5, respectively. It can be noticed that the
combination with the Attn-S has limited to no benefit in terms of generation
performance. This can be explained by looking at the small differences in terms
of qualitative results, reported in Figs. D.5 and D.6.

Table D.4: Quantitative comparison on 512×3072 panorama generation using the LDM. I-
StyleL, KID, and mGIQA values are scaled by 103. For MAD, τ=15.

mCLIP ↑ I-LPIPS ↓ I-StyleL ↓ FID ↓ KID ↓ mGIQA ↑

Standard Prompts

SD-L 32.01±1.67 0.50±0.11 0.58±0.40 87.64±30.25 76.83±30.52 27.72±7.83
SD-L+Attn-S 32.02±1.66 0.52±0.11 0.73±0.47 80.16±27.11 67.54±26.00 27.89±7.67

MAD 32.03±2.29 0.56±0.10 1.90±1.32 48.52±17.14 27.15±9.10 28.32±7.76
MAD+Attn-S 32.17±2.20 0.53±0.11 1.19±0.75 64.08±28.19 47.33±23.77 28.30±0.75

GPT1k Prompts

SD-L 31.89 0.52 0.73 68.03 6.61 12.58
SD-L+Attn-S 32.03 0.53 0.87 65.08 5.47 12.68

MAD 32.47 0.58 3.89 54.44 1.28 13.03
MAD+Attn-S 32.40 0.57 2.94 55.58 1.82 13.09
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TableD.5: Quantitative comparisonon512×3072panorama generationwith theLCMfor differ-
ent numbers of inference steps. I-StyleL, KID, andmGIQA are scaled by 103. ForMAD, τ=1/1/2
for 1/2/4 inference steps, respectively.

mCLIP ↑ I-LPIPS ↓ I-StyleL ↓ FID ↓ KID ↓ mGIQA ↑

1 Inference Step

LCD-L 29.50±1.48 0.40±0.08 0.21±0.18 67.54±15.53 66.86±21.22 32.21±4.50
LCD-L+Attn-S 29.77±1.43 0.41±0.08 0.33±0.33 77.50±14.72 79.76±20.96 31.13±4.15

MAD 29.01±1.66 0.40±0.07 0.37±0.28 72.43±23.75 75.47±33.24 32.23±4.95
MAD+Attn-S 29.36±1.46 0.41±0.07 0.51±0.42 80.53±24.19 86.79±36.77 31.28±4.75

2 Inference Steps

LCD-L 30.77±2.09 0.47±0.06 0.56±0.29 49.98±25.20 44.29±26.88 35.45±11.94
LCD-L+Attn-S 31.11±1.95 0.49±0.06 0.66±0.32 56.37±28.61 54.55±33.00 34.94±12.09

MAD 30.97±2.15 0.50±0.06 0.85±0.34 35.69±17.88 23.74±15.82 35.32±11.49
MAD+Attn-S 31.16±2.07 0.50±0.06 0.81±0.31 36.84±18.15 25.83±16.26 35.68±11.60

4 Inference Steps

LCD-L 31.30±1.63 0.50±0.06 0.58±0.24 55.52±32.82 51.71±37.79 35.44±12.94
LCD-L+Attn-S 31.60±1.57 0.51±0.06 0.72±0.27 59.25±32.32 57.57±37.91 34.92±13.27

MAD 31.48±1.87 0.52±0.05 0.71±0.26 38.77±19.85 27.41±16.19 35.23±13.15
MAD+Attn-S 31.64±1.87 0.51±0.06 0.68±0.23 38.68±19.10 26.49±14.77 35.45±13.27
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Figure D.1: Long images generated by the con-
sidered LDM with MAD applied up to differ-
ent numbers of inference steps for the prompt
A herd ofMustang horses crossing a river at sun-
set. When τ is too low, the view interactions are
not enough to produce a globally coherent im-
age. As τ increases, the image becomes more
and more coherent, with maximal uniformity
whenMAD is applied at every timestep.
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Figure D.2: Long images generated by the
considered LDM with MAD applied in differ-
ent blocks of the noise prediction model, with
τ=15 for the prompt A herd of Mustang horses
crossing a river at sunset.

Figure D.3: User study per-prompt results of
MAD, SyncDiffusion, andMultiDiffusion.
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Figure D.4: Comparison on the distribution coverage of panoramas generated by MAD (red)
and SD-L (blue) with respect to square images generated by SD (gray). Darker areas indicate an
overlap between the embeddings of MAD and SD-L images.
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Figure D.5: Effect of attention scaling (AS) on
LDMs used directly and withMAD.
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Figure D.6: Effect of attention scaling (AS) on
LCMs used directly and withMAD.
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D.6. FURTHERRESULTS ATDIFFERENT ASPECT RATIOS

FigureD.7: Qualitative comparisonswithMDandSyncDon the generationof horizontal images
at different aspect ratios with the LDM model and the prompt A photo of the seaside with some
boats in a starry night. These images are 512×1024 (top-left), 512×4096 (top-right), 512×2048
(bottom-left), and 512×3072 (bottom-right).

D.6 FurtherResults atDifferent AspectRatios

We report a qualitative comparison with the State-of-the-Art approaches (Multi-
Diffusion [30] and SyncDiffusion [198]) on the generation of images with differ-
ent aspect ratios. In particular, we consider the generation of horizontal images
with the LDM (Fig. D.7) and with the LCM (Fig. D.8) and of vertical images
with the same models (Fig. D.9 and Fig. D.10, respectively).

D.7 Further Qualitative Results

We report some randomly picked qualitative results on the GPT1k prompts and
the six prompts used for the quantitative analysis of the LDM in Figs. D.11, D.12
and D.15 to D.20 and of the LCM in Figs. D.13, D.14 and D.21 to D.26. More-
over, in Figs. D.27 to D.30, we report more qualitative results, both horizontal
and vertical, on different GPT1k prompts for the LDM and LCM, respectively.
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Figure D.8: Qualitative comparisons with respect to a baseline on the generation of horizontal
images at different aspect ratios with the LCMmodel and the prompt Top-view of a squared long
pizza. The images are 512×1024 (top-left), 512×4096 (top-right), 512×2048 (bottom-left), and
512×3072 (bottom-right).

D.8 Further Discussion of the Limitations

Approaches forpanorama image generation that adaptdiffusionmodels pretrained
on squared images, including ours, can be limited by the performance and the
image distribution learned by the base model. This results in generated images
whose quality depends on the backbone, as showcased in Fig. D.31. Moreover,
inference-time panorama generation approaches struggle with scenes or objects
that do not fit well with the specified aspect ratio and prompts where the base
model itself doesnotproduce good-quality results. Weprovide examples inFigs.D.32
and D.33. As we can see, the prompt A gothic cathedral nave (Fig. D.33) does
not fit well with the horizontal aspect ratio. However, when asked to generate a
vertical image, the results improve. Moreover, the prompt A fancy living room,
which entails a usually small indoor space, is rendered at an inferior quality when
the desired output width is too large.
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D.8. FURTHERDISCUSSIONOF THE LIMITATIONS

Figure D.9: Qualitative comparisons withMD and SyncD on the generation of vertical images at
different aspect ratioswith the LDMmodel and the promptTop view of a long roadwith theManet
style. The images are 1024×512 (top-left), 2048×512 (top-right), 4096×512 (bottom-left), and
3072×512 (bottom-right).
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Figure D.10: Qualitative comparisons with respect to a baseline on the generation of vertical
images at different aspect ratios with the LCMmodel and the prompt Stairs on a mountain with
a temple on top. The images are 1024×512 (top-left), 2048×512 (top-right), 4096×512 (bottom-
left), and 3072×512 (bottom-right).
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Figure D.11: Qualitative comparisons with respect to SD-L, MD, and SyncD for the prompt A
group of elephants grazing on the Savannah at sunset from GPT1k, using the LDMmodel.
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Figure D.12: Qualitative comparisons with respect to SD-L, MD, and SyncD for the prompt A
line of beach chairs facing the ocean from GPT1k, using the LDMmodel.
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Figure D.13: Qualitative comparisons with respect to LCD-L, MD, and SyncD for the prompt
A tranquil desert oasis from GPT1k, using the LCMmodel.
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Figure D.14: Qualitative comparisons with respect to LCD-L and a baseline for the prompt A
snowstorm blanketing a small village from GPT1k, using the LCMmodel.
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Figure D.15: Qualitative comparisons with respect to MD and SyncD for the prompt A photo of
a city skyline at night, using the LDMmodel.
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Figure D.16: Qualitative comparisons with respect to MD and SyncD for the prompt A photo of
a mountain range at twilight, using the LDMmodel.
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Figure D.17: Qualitative comparisons with respect to MD and SyncD for the prompt A photo of
a forest with a misty fog, using the LDMmodel.
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Figure D.18: Qualitative comparisons with respect to MD and SyncD for the prompt A photo of
a snowy mountain peak with skiers, using the LDMmodel.
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Figure D.19: Qualitative comparisons with respect to MD and SyncD for the prompt A cartoon
panorama of spring summer beautiful nature, using the LDMmodel.
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Figure D.20: Qualitative comparisons with respect toMD and SyncD for the promptA natural
landscape in anime style illustration, using the LDMmodel.
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Figure D.21: Qualitative comparisons with respect to a baseline for the prompt A photo of a city
skyline at night, using the LCMmodel.

FigureD.22: Qualitative comparisonswith respect to a baseline for the promptAphoto of amoun-
tain range at twilight, using the LCMmodel.

285



D.8. FURTHERDISCUSSIONOF THE LIMITATIONS

Figure D.23: Qualitative comparisons with respect to a baseline for the promptA photo of a forest
with a misty fog, using the LCMmodel.

FigureD.24: Qualitative comparisonswith respect to a baseline for the promptAphoto of a snowy
mountain peak with skiers, using the LCMmodel.
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Figure D.25: Qualitative comparisons with respect to a baseline for the prompt A cartoon
panorama of spring summer beautiful nature, using the LCMmodel.

Figure D.26: Qualitative comparisons with respect to a baseline for the prompt A natural land-
scape in anime style illustration, using the LCMmodel.
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Colorful houses facades during night with Van Gogh style

Northern Lights at the North Pole

Top view of a magma river

Blossoming fruit trees in an orchard

A rose garden at dawn

A table with fruit

A medieval tapestry of a battle

Hieroglyphics

Figure D.27: Horizontal panorama images with various prompts and the LDMmodel.
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A blooming lavender field, with the sun setting on the horizon, creating a peaceful and colorful landscape

A pink panorama at sunset with mountains and a river

A cove with a sandy beach and clear, calm sea under a sunset sky

A serene sunrise over a misty lake, with soft colors reflecting on the water’s surface

Raging waves crashing against a rocky coast, under gray and stormy skies

Majestic icebergs floating in the Arctic Ocean, under a bright polar sun

Gentle rolling hills covered in vibrant wildflowers, under a clear blue sky

The park of a royal palace

Figure D.28: Horizontal panorama images with various prompts and the LCMmodel.

289



D.8. FURTHERDISCUSSIONOF THE LIMITATIONS
A
ca
ctu

s

A
m
on
as
ter

yo
n
a
cli
ffs
id
e,
ov
er
lo
ok
in
ga

m
ou
nt
ai
no
us
va
lle
y

G
re
at
W
al
lo
fC

hi
na

M
ou
nt
ai
n
sta

irs

An
old

pa
pe
rf
ul
lo
fh

an
dw

ri
tte
n
tex

t

To
pv

iew
of
a
str
ai
gh
tr
oa
d
in

th
ed

ese
rt

Figure D.29: Vertical panorama images with various prompts and the LDMmodel.
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Figure D.30: Vertical panorama images with various prompts and the LCMmodel.
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Figure D.31: Images generated with MAD applied to different LDM backbones and resolution
512×3072. For SDXL1.0 [281], the resolution is 1024×6144.
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Figure D.32: Qualitative comparison between SD-L, SD-L+AttnS, MD, SyncD, and MAD on
the generation of imageswith a prompt that does not fitwell into all the specified aspect ratios (top:
512×3072, bottom-left: 512×2048, bottom-right: 512×1024). We use the LDM as backbone,
the same seed, and the prompt A fancy living room.
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Figure D.33: Horizontal and vertical images generated with the same seed and for the prompt A
gothic cathedral nave using differentmethods applied on the LDMmodel: direct inference (SD-L),
Attention Scaling (SD-L+AS), MD, SyncD, andMAD.
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E
Shifting the Breaking Point of Flow

Matching for Multi-Instance Editing

E.1 Masking Application Strategy

In Algorithm 1 we share the full algorithm of our multi-instance editingmethod.
In particular, it shows how andwhere standard rectified flow inference is adapted
to implement Instance-Disentangled Attention.

E.2 Implementation Details

We implement and analyze our proposed approachon the FLUX.1Kontext [194]
image editing framework. It uses a custom VAE as an image encoder, and a cus-
tomMMDiT [108] as a generative model.

The instance prompt tokens {Tn}Nn=1 are obtained by encoding the instance
text instructions {sn}Nn=1 using its finetuned T5 [299] text encoder, where the
effective tokens are those obtained until the eos token is generated. The entire
Zcontext sequence is obtained by encoding the input image with FLUX’s custom
VAE, whereas the Zlatent is initialized to Gaussian noise. The instance tokens
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Algorithm 1 Flow Matching-based Editing with Instance-Disentangled Atten-
tion
Require: Initial latent x0 ∼ p0; Conditioning Ztext,Zcontext; Partitions
{Tg,Tn,Lu,Ln,Cu,Cn}Nn=1; Steps T

Ensure: Edited sample x1
1: # Construct masks using definitions in Equation (12.4) and Equation (12.5)

2: Mdis,Mhar ← ConstructMasks({T,L,C})
3: Initialize x← x0, Δt← 1/T
4: for k = 0 to T− 1 do
5: t← k · Δt
6: Zlatent ← ImageEncoder(x)
7: Z← Ztext ∥ Zlatent ∥ Zcontext

8: h← Embed(Z, t)
9: for ℓ = 1 to L do
10: if ℓ ∈ Learly ∪ Llate then
11: M←Mhar

12: else
13: M←Mdis

14: h← TransformerBlock(h,mask = M)
15: vθ ← OutputHead(h)
16: x← x+ vθ · Δt
17: return x

{Ln}Nn=1 and {Cn}Nn=1 are obtained from Zlatent and Zcontext, respectively, by
converting the {bn}Nn=1 bounding boxes to masks. Specifically, the instance la-
tent and context tokens retain the place they have within the context image’s to-
ken sequence Zcontext as encoded by the VAEs, and the mask acts on those areas
of the sequence.

As global prompt Tg we use a null promptmade up of 200 padding tokens,
which we call a utility prompt: it is the only prompt that interacts with Lu and
Cu in the layers usingMdis, so it is needed to make sure the model preserves the
background effectively.
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E.3 AttentionMaskingImplementationAnalysis

Here we report a detailed analysis of the attention masking approach when ap-
plied to FLUX.1 Kontext as described in Section E.2. In particular, considering
the way the inputs are encoded by the Flux VAE, and our efÏcient text encoding
scheme on top of T5, we discuss the attention mask values as they appear when
running the model on an image from our benchmark datasets.

In this section we use the following definitions for simplicity of notation and
as adirect reference toour specific implementationonFLUX.1Kontext formulti-
instance image editing:

T := Ztext = Tg ∥ T1 ∥ ... ∥ TN

L := Zlatent = Lu ∥ L1 ∥ ... ∥ LN

C := Zcontext = Cu ∥ C1 ∥ ... ∥ CN

In Fig. E.1 and Fig. E.2 we respectively show the Mdis and Mhar attention
masks constructed for a sample fromLoMOE-Bench, where each pixel is a query-
key combination in the attention matrix, each row in the image is a different
query, each column is a key, so by looking at a row we can see to which tokens of
the sequence each query attends to.

In Fig. E.1 we can see, from top to bottom, the relatively largeTg (200px high)
being allowed to attend to everything, except for the thin strip where the keys
of the two instance prompts T1 and T2 are placed within the sequence. Below
that, the horizontal strip corresponding to those two instance prompts should
be analyzed in detail: the first 12 rows of pixels are those of the queries derived
from T1, which do not attend to the global prompt, attend to the 12 columns
of pixels referring to T1’s keys. This interactions among tokens in T is shown
within Fig. E.1 in the zoomed-in section on the right calledA: Prompt-to-Prompt
mask.

Proceeding along the T1 row, the queries are allowed to attend also to the re-
gionswithin the latentL and the contextC that fallwithin theboundingboxes as-
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A: Prompt-to-Prompt mask

C: Latent-to-Prompt mask

D: Prompt-to-Latent mask

B: Latent-to-Latent mask

Figure E.1: Detailed representation and analysis of the construction ofMdis when using FLUX
Kontext as a baseline on a sample from LoMOE-Bench. We use the color black to indicate areas
which are blocked from attending each other and the color grey to indicate areas where attention
is allowed.

sociatedwith the first instance prompt: this is the upper row of rectangles within
D:Prompt-to-Latentmask. They look like isolated regions, because the tokens are
encoded in raster order, and the box is not as wide as the entire image, but much
smaller. The next 11 rows of pixels are those controlling attention masking for
the second prompt, for which the same considerations apply, but in reference to
a different instance.

The areas corresponding to the L and C tokens are exactly the same as each
other because the positions of the bounding boxes within the latents and within
the context are the same for this task. In C: Latent-to-Prompt mask the interac-
tion between the queries of the latent and the keys of the prompt is highlighted:
the tokens attending to the global prompt and all of the latents and context to-
kens are those corresponding to the background Lu and Cu, whereas those cor-
responding to the latent instances Ln and context instances Cn only attend to
their correspondingPn,Ln andCn, as shown in particular in B: Latent-to-Latent
mask.

Mhar, shown in Fig. E.2, is a relaxation ofMdis allowing all instance tokensL
and context tokensC to attend to all instance and context tokens.
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Figure E.2: Representation ofMhar when running FLUXKontext as a baseline on a sample from
LoMOE-Bench. We use the color black to indicate areas which are blocked from attending each
other and the color grey to indicate areas where attention is allowed.

E.4 Extended LLM-as-a-judge Evaluation

We repeat the same experiments performed on the LLM-as-a-judge setting based
on Gemini 3 Flash described in Section 12.4 on an extended set of questions in-
cluding all binary comparisons of 6 models on 37 images from LoMOE-Bench
and 119 images from the infographic datasets andwe report the results in Fig. E.3.
In this extendedvalidationourmodel obtains thehighest score, particularly on in-
fographics and we find out the following: (i) on LoMOE-Bench LoMOE under-
performswhencompared to the scores proposed in [62] and reported inTab. 12.3:
the Elo score computed from the LLM-as-a-judge evaluation only ranks it higher
than the FLUXKontext baselinewith visual cues, whereas the end-to-end FLUX
Kontext baseline gets ranked as second-best, with a score that is close toourmethod,
but significantly higher than all others; (ii) on infographics, Calligrapher inpartic-
ular severelyunderperformswhencompared to theothermodels, andourmethod
leads by a significant margin over all competitors and baselines.

Especially on LoMOE-Bench, this underlines a lack of reliable scores to mea-
sure this task in a consistent way: on that dataset, LoMOE appears from the
scores to be among the best models. The generation quality, though, is low, so

299



E.5. PROMPTS FORQUALITATIVE RESULTS IN THEMAIN CHAPTER

μT
FLUX μT FLUX μT

Figure E.3: Elo score of LLM-as-a-judge on the image benchmark (LOMOE) and the Infograph-
ics (Crello and Infodet). We use the abbreviation Call. for the Calligrapher baselines.

the LLM-as-a-judge model prefers FLUX-based models, which generate images
that look much better. This is qualitatively evident by looking at samples like
those in Fig. E.4, but is not captured by CLIP score, for example.

Figure E.4: Further qualitative comparison on LoMOE-Bench.

E.5 Prompts forQualitativeResults in theMain
Chapter

Theprompts for thequalitative results arepresentedhere in the formatInstance
ID. Source -> Target, which are passed to all FLUXKontext-based models
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as Replace Source with Target instead. For other approaches, we follow
their standard pipelines, including prompt generation. The prompts for the sam-
ples shown in Fig. 12.4 are as follows.

For the Crello Edit sample:
1. FOR YOU -> POUR TOI

2. JUST -> SEULEMENT

3. AND -> AND

4. with care -> avec précaution

5. WITH LOVE -> AVEC AMour

6. MADE -> FABRIQUÉ

For the InfoEdit sample:
1. Who's Getting The Most Sleep?. -> Chi sta dormendo di

più?

2. Netherlands -> Paesi Bassi

3. 5.22 -> 5.22

4. New Zealand -> Nuova Zelanda.

5. 4.00 -> 4.00

6. France -> Francia

7. 3.19 -> 3.19

8. Australia -> Australia

9. 1.30 -> 1.30

10. -1.73 -> -1,73

11. Canada -> Canada

12. -3.16 -> -3.16

13. United Arab Emirates -> Emirati Arabi Uniti.

14. -6.12 -> -6.12

15. United Kingdom -> Regno Unito.

16. Italy -> Italia.

17. -7.32 -> -7.32

18. -7.88 -> -7.88

19. United States -> Stati Uniti
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20. -8.51 -> -8.51

21. China -> Cina

22. -9.85 -> -9,85

23. Switzerland -> Svizzera

24. -12.50 -> -12,50

25. -18.26 -> -18,26

26. Germany -> Germania

27. -25.88 -> -25,88

28. Brazil -> Brasile

29. -29.49 -> -29,49

30. Japan -> Giappone

31. -36.23 -> -36,23

32. Singapore -> Singapore

33. Latest available data:2016 -> Ultimi dati disponibili:

2016

34. Source: Science Advances -> Fonte: Science Advances.

35. statista -> Statista.

36. Minutes above and below eight hours of sleep in selected

countries -> Minuti sopra e sotto le otto ore di sonno in

paesi selezionati.

For the LoMOE-Bench sample:
1. a gnome with a red hat -> a gnome with a green hat

2. a gnome with a red hat -> a gnome with a blue hat

3. white and red cotton balls -> yellow cotton balls

E.6 Additional Qualitative Results

In this appendix, we report further qualitative results for all three datasets.
The prompts for the Crello Edit qualitatives in Fig. E.5 are as follows.

For the sample in the first row:
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1. DON’T MISS THE UPDATES! -> NE MANQUEZ PAS LES MISES À

JOUR !

2. PHOTOS -> PHOTOS

3. STUNNING -> ÉTONNANT

4. THIS ACCOUNT CONTAINS -> CE COMPTE CONTIENT

For the sample in the second row:
1. not visible -> Non visibile.

2. Some things are -> Alcune cose sono

3. from the shore -> dalla riva

For the sample in the third row:
1. GO AT ALL? -> TU PEUX Y ALLER ?

2. WHY -> POUQUOI ?

3. www.greendaleshop.com -> www.greendaleshop.com

4. All the way -> Tout du long.

5. GOING -> PARTIR.

6. Aren’t -> N'est-ce pas ?

7. IF YOU -> SI VOUS

The prompts for the InfoEdit qualitatives in Fig. E.6 are as follows.

For the sample in the first row:
1. China -> La Chine.

2. $229.29 -> 229,29 $

3. Thailand -> La Thaïlande

4. $215.77 -> 215,77 $

5. $186.52 -> 186,52 $

6. Singapore -> Singapour

7. $181.85 -> 181,85 $

8. Greece -> La Grèce.

9. $164.26 -> 164,26 $

10. France -> La France.
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FLUX μT

Figure E.5: Qualitative results on theCrello Edit dataset.

11. $155.94 -> 155,94 $

12. Germany -> L'Allemagne.

13. $154.77 -> 154,77 $

14. Turkey -> La Turquie.

15. $150.09 -> 150,09 $

16. United Kingdom -> Royaume-Uni

17. $148.60 -> 148,60 $

18. United States -> États-Unis.

19. $135.00 -> 135,00 $

20. Source:Cosmetify -> Source : Cosmetify.

21. statistaS -> StatistaS.

22. Where Posh Perfume Has A Prohibitive Price Tag -> Où le

parfum Posh a un prix prohibitif.
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23. Average cost of Chanel No 5 in selected countries in

2021 (in U.S. dollars) -> Coût moyen de Chanel N°5 dans

certains pays en 2021 (en dollars américains)

24. United Arab Emirates -> Émirats arabes unis.

For the sample in the second row:
1. by State -> Par État.

2. Savings needed for a comfortable retirement (USD) ->

Épargne nécessaire pour une retraite confortable (en USD)

3. $0 -> 0 $

4. $200K -> 200 000 dollars.

5. $400K -> 400 000 dollars.

6. $600K -> 600 000 dollars.

7. $800K -> 800 000 dollars.

8. $1.0M -> 1,0 million de dollars.

9. $1.2M -> 1,2 million de dollars.

10. Difference -> La différence.

11. Hawaii -> Hawaï.

12. $423K -> 423 000 dollars.

13. New York -> New York.

14. $396K -> 396 000 dollars.

15. California -> Californie

16. $396K -> 396 000 dollars.

17. New Jersey -> New Jersey.

18. $365K -> 365 000 dollars.

19. Maryland -> Maryland

20. $364K -> 364 000 dollars.

21. Arizona -> L'Arizona.

22. $356K -> 356 000 dollars.

23. Massachusetts -> Le Massachusetts.

24. $355K -> 355 000 dollars.

25. Connecticut -> Le Connecticut.

305



E.6. ADDITIONAL QUALITATIVE RESULTS

26. $343K -> 343 000 dollars.

27. Illinois -> L'Illinois.

28. $342K -> 342 000 dollars.

29. South Carolina -> La Caroline du Sud.

30. $334K -> 334 000 dollars.

31. Florida -> La Floride.

32. $330K -> 330 000 dollars.

33. Mississippi -> Le Mississippi.

34. $328K -> 328 000 dollars.

35. Rhode Island -> Rhode Island.

36. $327K -> 327 000 dollars.

37. Tennessee -> Le Tennessee.

38. $327K -> 327 000 dollars.

39. New Mexico -> Le Nouveau-Mexique.

40. $326K -> 326 000 dollars.

41. Louisiana -> Louisiane.

42. $322K -> 322 000 dollars.

43. Georgia -> Géorgie.

44. $320K -> 320 000 dollars.

45. Nevada -> Nevada.

46. $320K -> 320 000 dollars.

47. Maine -> Le Maine.

48. $319K -> 319 000 dollars.

49. Alabama -> L'Alabama.

50. $317K -> 317 000 dollars.

51. Delaware -> Delaware.

52. $316K -> 316 000 dollars.

53. How Much Men & Women Need to Save to Retire Comfortably

-> Combien les hommes et les femmes doivent-ils épargner

pour prendre une retraite confortable

54. Visualizing how life expectancy differences and local

living costs affect the retirement savings men and women
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Figure E.6: Qualitative results on the InfoEdit dataset.

need around the U.S., using Census data and MiT's Living

Wage Calculator. -> Visualiser comment les différences

d'espèrance de vie et les coûts de la vie locaux affectent

l'èpargne-retraite dont les hommes et les femmes ont besoin

aux États-Unis, en utilisant les données du recensement et

le calculateur de salaire de subsistence de MiT.

Thepromptsused to generate theLoMOE-Benchqualitative results inFig. E.7
are as follows.

For the sample in the first row:
1. a barstool with a black cushion -> a barstool with a

green cushion

2. a barstool with a black cushion -> a barstool with a blue

cushion

3. a barstool with a black cushion -> a barstool with a blue

cushion

4. a barstool with a black cushion -> a barstool with a

green cushion

5. a wooden basket -> a steel basket with fruits
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For the sample in the second row:
1. a cotton ball -> a violet coloured cotton ball

2. a cotton ball -> an indigo coloured cotton ball

3. a cotton ball -> a blue coloured cotton ball

4. a cotton ball -> a dark green coloured cotton ball

5. a cotton ball -> a light yellow coloured cotton ball

6. a cotton ball -> an orange coloured cotton ball

7. a cotton ball -> a red coloured cotton ball

For the sample in the third row:
1. a red flag -> a pink flag

2. a red flag -> a purple flag

3. a red flag -> a blue flag

4. a red flag -> an orange flag

For the sample in the fourth row:
1. a zebra -> a horse

2. a horse -> a golden fire horse

3. a mule -> a zebra
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Figure E.7: Qualitative results on the LoMOE-Bench.
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F
Color Palettes

The visual design of figures, diagrams, and plots throughout this thesis follows
color palettes derived from a curated selection of artworks. Each palette was sam-
pled directly from the source image and discretized into a set of representative
colors. This appendix documents the source artworks and their corresponding
palettes, one per chapter. Artworks are reproduced in reduced format solely for
illustrative purposes (Art. 70, L. 633/1941).

F.1 µgat— AlexanderMosaic, c. 100 BCE

The palette used in Chapter 4 was derived from theAlexanderMosaic, a Roman
floor mosaic discovered in the House of the Faun, Pompeii, dating to approx-
imately 100 BCE. The work depicts the Battle of Issus between Alexander the
Great andDarius III, and is nowpreserved at theMuseoArcheologicoNazionale
di Napoli.
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F.1. µGAT—ALEXANDERMOSAIC, C. 100 BCE

Figure F.1: AlexanderMosaic (c. 100 BCE), attributed to Philoxenus of Eretria. Originally from
the House of the Faun, Pompeii; now at the Museo Archeologico Nazionale di Napoli, Naples.
Public domain. Reproduced for illustrative purposes (Art. 70, L. 633/1941).
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F.2. SCAM—REST ON THE FLIGHT INTO EGYPT, LUC-OLIVIERMERSON, 1879

F.2 SCAM— Rest on the Flight into Egypt, Luc-
OlivierMerson, 1879

The palette used in Chapter 5 was derived from Rest on the Flight into Egypt
(1879) by Luc-Olivier Merson, now at the Museum of Fine Arts, Boston. The
work depicts the Holy Family sheltering at the base of the Great Sphinx of Giza,
bathed in cold moonlight against a vast desert night.

Figure F.2: Luc-OlivierMerson,Rest on the Flight into Egypt (1879). Oil on canvas, 72.4× 128.3
cm. Museum of Fine Arts, Boston. Public domain. Reproduced for illustrative purposes (Art. 70,
L. 633/1941).
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F.3. IDATTN—LE SACREDENAPOLÉON, JACQUES-LOUIS DAVID, 1807

F.3 IDAttn—LeSacredeNapoléon, Jacques-Louis
David, 1807

The palette used in Chapter 12 was derived from Le Sacre de Napoléon (1807)
by Jacques-Louis David, one of the largest and most elaborate paintings in the
MuséeduLouvre, Paris. Theworkdepicts the coronation ceremonyofNapoleon
Bonaparte at Notre-Dame de Paris on 2 December 1804.

Figure F.3: Jacques-Louis David, Le Sacre de Napoléon (1807). Oil on canvas, 610 × 931
cm. Musée du Louvre, Paris. Public domain. Reproduced for illustrative purposes (Art. 70, L.
633/1941).
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Glossary

AdamW Adam with Weight Decay, an extension of the Adam optimizer that
decouples weight decay from the gradient update. 29, 48, 129

AI branchof computer science that developsmachines and softwarewithhuman-
like intelligence. 173

BLSTM Bidirectional Long Short-Term Memory, a type of recurrent neural
network that processes sequences in both forward and backward direc-
tions. 74, 82

BN Batch Normalization, a technique to standardize the inputs to a layer for
each mini-batch. 24, 25

CER Character Error Rate, a common metric for evaluating the performance
of text recognition systems. 81, 83, 84, 86, 261, 262

CFG Classifier-Free Guidance, a technique to control the generation process
of diffusion or autoregressive models by mixing conditional and uncon-
ditional scores. 93, 120, 136, 139–141, 144–148, 150, 223

CNN convolutional neural network. 12, 14, 17, 23, 74, 82

Computer Vision scientific field that deals with how computers can gain high-
level understanding from digital images or videos. 13, 14, 21, 22, 42, 119,
120

CRNN Convolutional Recurrent Neural Network, a neural network architec-
ture combining convolutional and recurrent layers for sequence recogni-
tion tasks. 82, 85, 87, 88
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CTC Connectionist Temporal Classification, a loss function used for training
recurrentneural networks on sequencedatawithout requiringpre-segmented
alignments. 18, 74, 82, 83, 87, 88

DDR Digital Document Restoration, the process of recovering content from
severely damaged documents using digital imaging and computer vision
techniques. 13, 14, 40, 42, 54

Deep Learning a subfield of machine learning concerned with algorithms in-
spired by the structure and function of the brain called artificial neural
networks. 17, 74

DFT Discrete Fourier Transform, a mathematical transform that decomposes a
sequence of values into components of different frequencies. 14, 15

DIBCO Document ImageBinarizationContest, a periodic competitionprovid-
ing benchmark datasets for document enhancement. 29, 30, 34

Document Analysis the process of automatically extracting information from
document images, involving layout analysis, character recognition, and se-
mantic understanding. 21–23, 42, 119, 120

Document Parsing the task of extracting a structured representation of a doc-
ument in markup language from its image. 55, 56, 58

DQA DocumentQuestion Answering, the task of answering questions about a
document given its image. 16, 58

DRD Distance Reciprocal Distortion, a measure of visual distortion in binary
document images. 30–33, 35–37

FFC Fast Fourier Convolution, an operator that performs convolutions in the
spectral domain to achieve a global receptive field. 6, 12–15, 21, 22, 24–28,
30–33, 36, 39, 40, 42–44, 54, 365
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FFT Fast Fourier Transform, an algorithm that computes the discrete Fourier
transform of a sequence, or its inverse. 14, 26, 43, 44, 365

FID Fréchet Inception Distance, a score for evaluating the quality of generative
models by comparing distributions of features extracted by an Inception
network. 79, 86, 96, 98, 104–109, 111–116, 127, 131, 143, 144, 212, 213,
233–236, 242–244, 246, 247, 249, 261, 263, 265–269

FM F-Measure, the harmonic mean of precision and recall. 30–33, 35–37

GAN Generative Adversarial Network, a class of machine learning frameworks
where two neural networks contest with each other in a game. 12, 23, 34,
91, 92, 95, 114, 119, 128, 132, 144, 250

HTG Handwritten Text Generation, the task of producing realistic images of
arbitrary handwritten text in a desired style. 3, 6, 7, 94–99, 103–109, 111–
115, 117, 119–123, 126–128, 130, 133, 136, 142–144, 146, 223, 233, 234,
238, 240, 242–244, 250, 251

HTR Handwritten Text Recognition, the task of converting images of hand-
written text into machine-encoded text. 2, 6, 17–19, 73–76, 81–83, 88,
104, 125, 129, 132, 137, 146, 222, 225

HWD HandwritingDistance, a tailored evaluation score for styled handwritten
text generation. 79, 80, 86, 98, 100, 103–109, 111–117, 127, 130, 143–146,
212, 213, 233–236, 243, 262

IAM a large dataset of handwritten English text, widely used for training and
evaluating handwriting recognition and generation systems. 18, 262, 263

IRFFT Inverse Real Fast Fourier Transform, used to convert frequency domain
signals back into the spatial domain. 27

ISOS-BTD Irish Script on Screen Bleed-Through Database. 30, 35, 37, 38
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KID Kernel InceptionDistance, ametric thatmeasures thedissimilarity between
two probability distributions of images. 79, 265–269

LCM LatentConsistencyModel, a diffusionmodel distilled for fast high-quality
image generation. 154, 265, 266, 268, 269, 272–274, 276, 278, 285–287,
289, 290

LDM Latent Diffusion Model, a diffusion model that operates in the latent
space of a powerful pretrained autoencoder. 92, 154, 265–268, 270, 272,
273, 275, 277, 279–284, 288, 290–293

LPIPS Learned Perceptual Image Patch Similarity, a perceptual distance metric
based on deep features. 243, 249, 251–255

LSTM long short-termmemory. 17, 82

MAD Merge-Attend-Diffuse, a joint diffusion operator that merges latent fea-
tures frommultiple views, processes themwith attention layers, and splits
them back to enforce semantic coherence. 167, 168, 265–272, 277, 278,
291–293

micro-CT X-raymicro-computed tomography, anon-invasive imaging technique
that generates 3D volumetric representations of objects. 13, 14, 41, 48

MMDiT Multimodal Diffusion Transformer, a transformer-based architecture
that processes both text and image modalities using joint attention mech-
anisms. 196, 197, 199, 204, 205, 217

OCR Optical Character Recognition, the process of converting images of text
into machine-encoded text. 16, 57, 59, 71, 146, 148, 150, 216, 261, 262

pFM pseudo-F-Measure, a metric for document binarization that incorporates
a distance-based weight to emphasize character edges. 30–33, 35–37, 48,
51, 52
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PHIBD Persian Heritage Image Binarization Dataset. 30, 35, 37, 38

PSNR Peak Signal-to-Noise Ratio, the ratio between the maximum possible
power of a signal and the power of corrupting noise. 30–37, 48, 51, 52

ReLU RectifiedLinearUnit, a commonactivation functionused indeepneural
networks. 24, 25

RFFT Real Fast Fourier Transform, a variant of the FFT optimized for real-
valued inputs. 26

RFM Rectified FlowMatching, a generativemodeling framework that learns to
predict velocity fields over straight paths between data and noise distribu-
tions. 191–193

RNN recurrent neural network. 82

SER Sequence Error Rate, a metric for evaluating text recognition systems that
measures the percentage of incorrectly recognized sequences or lines. 81–
84, 86

ST Spectral Transform, a block within the FFC that processes features in the
frequency domain. 26, 27, 30

TConv Transpose Convolution, an operator used to perform up-sampling of
feature maps. 25

VAE Variational Autoencoder, a generative model that learns a latent represen-
tation of data by combining an encoder-decoder architecture with a prob-
abilistic framework. 93, 119, 121–127, 129, 130, 133, 134, 136–140, 143,
150, 238, 249–251, 258, 259, 262

vFFC volumetric Fast Fourier Convolution, an extension of the FFC operator
tohandle 3Dvolumetric datausing3Dconvolutions and3Ddiscrete Fourier
Transform. 15, 21, 41, 43–45, 49, 50, 52, 54
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ViT Vision Transformer, a model that applies the transformer architecture to
image processing by treating image patches as tokens. 12, 13, 18, 22, 34,
35

VRD Visually-Rich Document. 1–3, 5–8, 55, 221, 224

VrDU Visually-rich Document Understanding, an area of research that aims
to analyze and extract information from document images by combining
textual, visual, and spatial information. 11, 15, 16, 57–59, 62, 71
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