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Somewhere in time, beyond time, the world was gray. Thanks to the
Ishir people, who stole color from the gods, the world today is resplen-
dent with colors that dazzle the eyes of all who look at them.

Ticio Escobar lent a hand to a film crew that came to the Chaco to shoot
scenes of daily life among the Ishir.

An Indian girl pursued the director, a silent shadow glued to his side,
staring into his face as if she wanted to jump into his strange blue eyes.
The director turned to Ticio, who knew the girl and understood her
language. Through him, she confessed, “I want to know what colors
you see.”

The director smiled, “The same as you”.

“And how do you know what colors I see?”

Eduardo Galeano, Points of view, Voices of Time.



RESUMEN

Este trabajo aborda el desafio de restaurar digitalmente la apariencia cromadtica
de imagenes de las obras del artista uruguayo Joaquin Torres Garcia perdidas en
el incendio del Museo de Arte Moderno de Rio de Janeiro en 1978. Basdndose en
documentacién monocromdtica heterogénea, el trabajo evalda las limitaciones de
los métodos de colorizacion totalmente automadticos y utiliza un enfoque hibrido
con intervencion humana-experta basado en la arquitectura iColoriT. Para adaptar
el modelo al dominio del artista, se construyeron conjuntos de datos con diversas
caracteristicas, que abarcan desde un nicleo curado por expertos a partir de obras de
Torres Garcia hasta un corpus més amplio que integra diversas fuentes de archivo.
Se implementd una estrategia de ajuste fino mediante Adaptaciéon de Bajo Rango
(LoRA) para optimizar el Vision Transformer (iColorit), capturando la paleta del
artista y preservando las capacidades interactivas del modelo. Los resultados ex-
perimentales demuestran que los modelos adaptados con LoRA superan consisten-
temente al modelo base de iColoriT tanto en métricas cuantitativas (PSNR, LPIPS)
como en la fidelidad cualitativa, especialmente en escenarios con escasa guia del
usuario. Por dltimo, para los curadores, este trabajo adapta una herramienta de soft-
ware interactiva que permite a los usuarios tomar muestras de color de imdgenes de
referencia cromdticas y condicionadas por la luminancia. Esto garantiza restaura-

ciones historicamente y estilisticamente plausibles.

Palabras clave:
Restauracion de imagenes, Restauracion Interactiva, Restauracion Cromaética,

Aprendizaje Profundo, LoRA, Patrimonio Cultural, Joaquin Torres Garcia.
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ABSTRACT

This thesis addresses the challenge of digitally restoring the chromatic appear-
ance of artworks by the Uruguayan artist Joaquin Torres Garcia, lost in the 1978
fire at the Museum of Modern Art in Rio de Janeiro. Relying on heterogeneous
monochromatic documentation, the work evaluates the limitations of fully auto-
matic colorization methods in the artistic domain and uses a hybrid approach based
on the iColoriT architecture. To adapt the model to the artist’s domain, a hierar-
chy of progressively inclusive datasets was constructed, expanding from a curated
core of Torres Garcia to a broader corpus incorporating diverse archival sources.
A parameter-efficient fine-tuning strategy using Low-Rank Adaptation (LoRA) was
implemented to optimize the Vision Transformer, capturing the artist’s palette while
preserving the model’s interactive capabilities. Experimental results demonstrate
that the LoRA-adapted models consistently outperform the iColoriT baseline in
both quantitative metrics (PSNR, LPIPS) and qualitative fidelity, particularly in
regimes with sparse user guidance. Finally, for curators, this work adapts an in-
teractive software tool that allows users to take color samples from chromatic and
luminance-conditioned reference images. This ensures historically and stylistically

plausible restorations.

Keywords:
Image Restoration, Interactive Restoration, Color Restoration, Deep Learning,

LoRA, Cultural Heritage, Joaquin Torres Garcia.
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Chapter 1

Introduction

1.1. Motivation

In the early hours of July 8, 1978, a devastating fire destroyed the Museum of Modern

Art of Rio de Janeiro, reducing its valuable collection to ashes.

Since World War II, no comparable artistic and cultural catastrophe had been
recorded. The disaster caused astonishment and grief worldwide. The press reported
it with dramatic headlines: “The greatest disaster in modern art”, “World shock at the

irreparable loss”, “The greatest catastrophe for Latin America”. (...)

On that tragic day, works by Van Gogh, Picasso, Dali, Léger, Mir6, Max Ernst,
Kandinsky, Matisse, and others disappeared; But the most affected artist was the
Uruguayan Joaquin Torres Garcia. (...) The works had been carefully selected from
his Constructive period—perhaps the most representative of his talent. They had been
chosen for the major exhibition organized in his honor by the Museum of Modern Art
of the City of Paris in June 1975.

Those 73 works are now lost.

Jacques Lassaigne, 1981.

Curator of the Museum of Modern Art of Paris.

Excerpted from Torres Garcia. Works Destroyed in the Fire at the Museum of
Modern Art of Rio de Janeiro.

Fundacién Torres Garcia, Montevideo, 1981.
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(a) Jornal do Brasil, July 9, 1978. (b) El Pais, July 9, 1978.

Figure 1.1: Front pages of Brazilian and Uruguayan journals reporting the Rio de Janeiro
Museum of Modern Art (MAM) fire.

The destruction of 73 artworks by Joaquin Torres Garcia in the 1978 fire at the
Museum of Modern Art (MAM) of Rio de Janeiro remains one of the most signif-
icant cultural losses in Uruguay and Latin America. Although the original works
were irretrievably destroyed, various forms of documentation survived: monochro-
matic photographs, printed reproductions, audiovisual fragments, and portions of
murals. These heterogeneous materials constitute the only remaining visual record

of the lost paintings.

Forty years later, the Museo Torres Garcia revisited this loss through the 2018
exhibition Tiempo de Mirar (Museo Torres Garcia, 2018). This exhibition combined
surviving fragments, archival documents, and an augmented-reality experience that
allowed visitors to visualize some of the destroyed works using the available im-
ages. The initiative underscored both the fragility of cultural heritage and the po-
tential of digital media to mediate access to artworks that no longer exist in physical
form.



1.1.1. Digital preservation and computational approaches

In recent years, computer vision and deep learning have become increasingly
influential in heritage documentation, analysis, and reconstruction (Mitric et al.,
2024). Their integration into museums and conservation labs enables levels of
inspection, comparison, and material analysis that would be unattainable through

manual or purely analog methods (Sarkar & Singh, 2025).

A prominent example is the Operation Night Watch project (Gabrieli et al.,
2021) at the Rijksmuseum, where hyperspectral imaging and a computer-controlled
scanning system produced a detailed material map of Rembrandt’s The Night Watch.
The resulting multimodal dataset—Iater aligned using computer vision—revealed
pigment distributions, underdrawings, and compositional adjustments invisible to

the naked eye.

Beyond high-fidelity documentation, research has increasingly explored how
deep learning can support chromatic reconstruction.  The study Artificial
Intelligence-Based Color Reconstruction of Mogao Grottoes Murals Using Com-
puter Vision Techniques (Y. Zhang & Bunyasakseri, 2025) exemplifies this direc-
tion, combining high-resolution imaging, curated pigment databases, and spectral
analyses to infer original chromatic values of the Mogao Caves murals. Its data-
driven framework demonstrates how computational methods can help recover com-

plex chromatic structures in the absence of fully preserved material.

These examples highlight a common requirement across digital restoration
workflows: the sensitivity of models to the quality and consistency of their input
data. Marrocchesi and Erdmann (2024) demonstrates that even small variations in
illumination, focus, or camera alignment can significantly affect mosaicking, cali-
bration, or material detection, emphasizing the importance of controlled acquisition

and calibrated equipment.

In contrast to these ideal conditions, the present thesis relies on a heterogeneous
and historically constrained corpus, particularly regarding the lost works. As noted,
the surviving records consist of aged, low-resolution photographs, printed reproduc-

tions of uneven quality, and images captured under diverse lighting and unknown



acquisition parameters. Although a small subset of new photographs was acquired
following controlled guidelines, the majority of the dataset inevitably reflects the
fragmentary and non-standard nature of archival material. This heterogeneity is
intrinsic to the corpus’s historical circumstances and fundamentally informs the

methodological choices of this thesis.

1.2. General Objective

The objective of this work is to propose a digital color restoration pipeline for
Joaquin Torres Garcia’s lost artwork images, based on interactive image colorization

techniques that integrate algorithmic inference with expert artistic knowledge.

Image colorization methods aim to recover plausible chromatic information
from grayscale images by leveraging learned color priors and, in interactive set-
tings, incorporating user-provided color hints to resolve ambiguities inherent to the
problem. Such interaction is particularly relevant in artistic restoration contexts,
where multiple color interpretations may be valid, and expert guidance is essential

to ensure historical and stylistic coherence.

Several state-of-the-art colorization approaches are analyzed within this frame-
work, and a hybrid interactive method is selected to address the specific challenges
of restoring Torres Garcia’s works. Given that the primary end users of the pro-
posed system are museum curators and art experts, part of this work also focuses on
adapting and extending an interactive demo to facilitate expert-driven experimen-
tation and qualitative evaluation. Although the development of such an interface
was not initially planned, it became necessary for the medium-term validation of

interactive restoration workflows in collaboration with the museum.

1.2.1. [Ethical considerations

Digital color restoration inevitably involves estimating information that is no

longer present, particularly when the physical object has been lost. The resulting
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color proposals should therefore be interpreted as plausible approximations rather
than definitive recoveries. Furthermore, model predictions must be scrutinized for

potential biases inherited from the training datasets.

The primary aim of this work is to assist experts in the field. It must be empha-
sized that this algorithmic approach does not claim to reproduce the "true" colors of
the lost pieces, as the ground truth is irretrievably lost. Instead, it offers hypothetical

reconstructions constrained by the artist’s known chromatic vocabulary.

This thesis also follows a commitment to transparency and reproducibility: all
processing stages are documented, and the interactive interface records the sequence
of actions performed during each session to ensure full traceability. However, the
datasets used here are not publicly available. Access was granted through institu-
tional agreements with Fundacién Gurvich, Cecilia de Torres, and the Museo Torres
Garcia, which authorized their use for research but do not permit redistribution or
open publication of the full corpus. Within these constraints, the methodology and
implementation are described in detail to support verifiable and extendable research
practices. In addition, the source code will be made available through a public

GitHub repository to further support reproducibility.

1.2.1.1. Use of Al-assisted tools

Al-based tools were utilized for writing styling, translation and linguistic refine-

ment during the preparation of this thesis.!

While these tools supported the writing process, all conceptual development,
methodological reasoning, data analysis, and scientific conclusions remain the sole

responsibility of the author.

Tools used: ChatGPT (OpenAl, https://chatgpt.com), Gemini (Google, https:/gemini.
google.com) and DeepL (https://www.deepl.com).)


https://chatgpt.com
https://gemini.google.com
https://gemini.google.com
https://www.deepl.com).

1.3. Summary of Contributions

This thesis builds upon and consolidates research developed during the author’s
participation in two peer-reviewed publications in the MLBrief IPOL series, both
of which include a detailed description of the methods, for reproducibility, and the

corresponding online demos. Its main contributions are:

A Brief Analysis of iColoriT for Interactive Image Colorization (Garcia
et al., 2024a): This work describes and analyzes iColoriT (Yun et al., 2023), a
hybrid colorization method based on a Vision Transformer. The model prop-
agates user hints to relevant regions of a grayscale image while utilizing color
priors learned from large datasets. This approach provides users with en-
hanced control over color inference and demonstrates an efficient workflow
for achieving high-quality results

A Short Analysis of BigColor for Image Colorization (Garcia et al.,
2024b): This article analyzes the BigColor method (Kim et al., 2022), a fully
automatic approach designed to generate realistic and vivid colorizations for
complex images. Based on a BigGAN-inspired encoder-generator network,
the method utilizes a spatial feature map to enable single-forward-pass col-
orization and supports arbitrary input resolutions. The contribution includes
an analysis of the method’s performance, highlighting both its achievements
and limitations.

Adaptation of an interactive colorization framework for expert-guided
restoration: An extension of an existing interactive colorization interface
with additional tools designed to support curator-driven experimentation and
qualitative assessment, presented in Chapter 6.

Fine-tuning of a colorization model adapted to Torres Garcia’s chromatic
palette: The development and evaluation of LoRA-based adaptations trained
on curated datasets of the artist’s production, assessed under varying hint den-
sities using quantitative metrics and visual analysis.

Construction of curated image datasets: Four non-public image datasets
of constructive artworks were assembled as part of this work, providing a
reusable visual corpus for future research within the Image Group at the Fac-
ultad de Ingenieria (Udelar). Additionally, a small dataset of 4 paired images

combining traditional analog grayscale film techniques with high-definition
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digital imaging was constructed as part of the broader research activities as-

sociated with this thesis, enabling future investigations in image.

1.4. Organization of this thesis

This thesis is organized into seven chapters:

Chapter 1 introduces the motivation, cultural context, objectives, and contri-
butions.

Chapter 2 establishes the theoretical framework, covering color representa-
tion, classical and modern colorization methods, and key deep learning con-
cepts necessary for understanding the subsequent chapters.

Chapter 3 describes the datasets constructed for this thesis, detailing the sur-
viving material of the lost works, preprocessing steps, and the challenges
posed by heterogeneous archival sources.

Chapter 4 presents the methodological framework, explaining the iColoriT
model and its adaptations, as well as the training and fine-tuning.

Chapter 5 reports the evaluation procedures, experimental results, including
performance across hint regimes, comparisons of LoRA configurations, and
both quantitative (PSNR/LPIPS) and qualitative analyses.

Chapter 6 details the improved interactive demo and discusses its current
application at the Museo Torres Garcia.

Chapter 7 summarizes the findings, discusses limitations, and outlines direc-

tions for future work.



Chapter 2

Theoretical Foundations

This chapter presents the theoretical foundations of the research, organized into

three main areas: color theory, image colorization, and deep learning methods.

Section 2.1 reviews color perception and the color spaces used for digital repre-
sentation. Section 2.2 introduces the colorization challenge and outlines both clas-
sical and learning-based solutions. Finally, Section 2.3 explores the relevant deep
learning architectures and training strategies, including optimization, hyperparame-
ter tuning, and parameter-efficient fine-tuning (LoRA). These foundations underpin

the proposed strategy for adapting pretrained models to artistic image restoration.

2.1. Color

The representation of color through standardized spaces provides a quantitative
bridge between human vision and digital systems, allowing chromatic information

to be measured, compared, and reproduced consistently across devices.

The theoretical foundations and mathematical definitions are summarized in this
section, which are primarily based on the work of Ford and Roberts (1998) and the
document HunterLab (2015), complemented by the formal standards established by
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the Commission Internationale de I’Eclairage (CIE, 1932, 2022a, 2022b).

2.1.1. Color perception and representation

As presented by Ford and Roberts (1998), color is a subjective and personal phe-
nomenon. Although measuring how the brain reacts to what we see is complex, it is
essential for describing and sharing colors consistently between people and across
devices. Biologically, color is not a property of objects themselves, but a percept
created by our visual system in response to light. Although a color can be described
physically by its spectral power distribution, the human visual system reduces this
continuous information through three types of cone cells, each roughly sensitive to
long-, medium-, or short-wavelength light. Signals from the cones, together with
those from rods that sense brightness, are integrated by the brain to produce the per-
ceptual experience of color. The CIE formally defined a set of perceptual attributes

to describe this experience, which are summarized by Hunt and Pointer (2011).

Brightness: how much light a stimulus appears to emit or reflect. For ex-
ample, a phone screen showing the same image at minimum and maximum
backlight has identical colors but very different brightness.

Hue: the attribute that places a stimulus within a basic color family (red,
yellow, green, blue). A dark green leaf and a light green leaf share the same
hue, even if they differ in lightness.

Colorfulness: the extent to which a color appears different from Gray, i.e.,
the degree to which a stimulus exhibits its hue.

Lightness: how light or dark a surface appears relative to a similarly illumi-
nated white. The same gray patch may look light when surrounded by darker
areas and dark when surrounded by lighter ones.

Chroma: the strength or vividness of a color compared to the brightness of
an equivalent white. A red paint swatch has the same chroma indoors and
outdoors, even if it appears more colorful in daylight.

Saturation: the strength or purity of a color relative to its own brightness. A
very bright pink can have lower saturation than a deep red because its high

brightness makes the hue appear less pure.
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While these perceptual attributes characterize how humans see color, they do
not by themselves provide a way to measure or reproduce it. Perception depends on
a physical situation that must be specified before it can be quantified. As described
by HunterLab (2015), seeing color requires the interplay of three elements: a light
source, an object, and an observer. The light provides the spectral energy that makes
color visible; the object selectively absorbs and reflects different wavelengths; and

the visual system interprets the resulting stimulus.

To measure color, this physical situation is replaced by standardized numerical
descriptions. The light source becomes a CIE illuminant, a reference spectral power
distribution such as D65 for daylight (CIE, 2022b). The object is described by its
spectral reflectance curve, which gives the proportion of incident light reflected at
each wavelength. The observer is represented by the CIE Standard Observer (CIE,
1932), defined by color-matching functions experimentally established in 1931 and
refined in 1964 to represent average human visual sensitivity (HunterLab, 2015).
Together, these three standardized components make it possible to assign repro-

ducible numerical coordinates to a color stimulus.

Mathematically, the illuminant, the object’s spectral reflectance, and the CIE
Standard Observer functions are multiplied, wavelength by wavelength, and then
integrated across the visible spectrum to produce the CIE tri-stimulus values
(X,Y,Z) (HunterLab, 2015). This computation underpins the CIE system for
color measurement and specification. The resulting tri-stimulus values uniquely
characterize a stimulus under defined viewing conditions and form the basis of all
subsequent CIE color spaces. A color specified by its CIE coordinates will be re-
produced consistently when the same illuminant and observer are used (Ford &
Roberts, 1998).

2.1.1.1. Color spaces

Once color is defined in standardized physical and perceptual terms, color is
encoded using numerical coordinate systems known as color spaces. Each space
dictates how colors are represented and related: every color maps to a point in

a three-dimensional coordinate system whose interpretation relies on the chosen
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space (Ford & Roberts, 1998).

Color spaces serve distinct purposes based on their application. Device-
dependent spaces, such as RGB or CMYK, specify color reproduction using par-
ticular primaries (lights or inks); thus, numerical values depend on the specific de-
vice characteristics, whether a printer or a display (Ford & Roberts, 1998). Conse-

quently, identical triplets may yield different perceptual colors across hardware.

A key concept is the color gamut, the subset of colors a device or space can
reproduce (Ford & Roberts, 1998). In displays, the gamut is determined mainly by
the chromaticities of the primaries and the white point—the reference chromaticity
coordinates that define "neutral white" at maximum intensity. In printers, it depends
on the spectral properties of inks and substrates. Because gamuts differ, some colors

may be representable on one device but not another.

Conversely, device-independent spaces are designed to be invariant. Built upon
the CIE framework, they define tri-stimulus values (XY, Z) that uniquely char-
acterize stimuli under standardized conditions. Derived spaces—such as CIELAB
and CIELUV—reorganize XY Z coordinates to better reflect perceptual attributes
while preserving device independence (Ford & Roberts, 1998).

Color calibration Color calibration quantifies a device’s colorimetric behavior.
For displays, this entails determining the chromaticities of the primaries, the white
point, and the transfer function (or tone response). The latter describes the non-
linear relation between input channel values and emitted luminance, commonly
modeled with a gamma curve to compensate for device properties and the non-

linear sensitivity of human vision.

For printers, calibration requires measuring the spectral characteristics of inks
and substrates. The resulting characterization is stored in a device profile, which
maps the native color space to a device-independent reference such as CIE XYZ or
CIELAB (Ford & Roberts, 1998).

These differences become evident in real settings: multiple uncalibrated dis-

plays may show noticeably different colors even when driven by identical image

11



data (see Figure 2.1).

Color management system (CMS) A CMS ensures consistency when images
move between devices. Using device profiles, it converts colors from a device-
dependent space to another via a device-independent reference. This process com-
pensates for differences in primaries, white points, and gamuts, maintaining a con-

sistent appearance across calibrated systems (Ford & Roberts, 1998).

Figure 2.1: lllustration of how identical RGB color content appears differently on multiple
displays, Image from Bergasa (2014).

2.1.2. Mathematical formulations of color spaces

The following equations summarize the standard definitions established by the
CIE for the 1931 XYZ system and the 1976 CIELAB color space (CIE, 1932; ISO/-
CIE, 2019). These formulations provide the numerical framework for describing,
comparing, and transforming colors. The presentation below adheres the conven-
tions established by Ford and Roberts (1998).

The CIE 1931 XYZ system. The CIE 1931 XYZ space (CIEXYZ) represents a

color stimulus through three stimulus values (X, Y, Z), computed from the illumi-
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nant, the object’s spectral reflectance, and the CIE Standard Observer. By construc-

tion, Y corresponds to luminance, and the coordinates are non-negative.

Chromaticity is expressed using the normalized coordinates:

X Y

_ . r 2.1
"“Xxyiv+yz YT xiviz 2D

with the third coordinate given by z = 1 — z — y. This representation, often denoted
as CIE Y xy, separates luminance (Y') from chromaticity (z, y). However, Euclidean

distances in this chromaticity diagram are not perceptually uniform.

The CIE 1976 L. *a*b * color space. The CIE 1976 L*a*b* (CIELAB) space is a
nonlinear transformation of CIEXYZ that makes Euclidean distances more closely
correspond to perceived color differences. The lightness component L* is defined
as:

1/3
116 (g) ~16 if £ >

e — 2.2)
903.3 (YX) it L <e,

where (X, Y, Z) are the tri-stimulus values of the stimulus, (X,,,Y,,, Z,) are those
of the reference white, and ¢ ~ 0.008856.

Defining the nonlinear transformation function f(¢):

t1/3 ift > e,
f(t) = (2.3)

TI8TE+ 1 ift <,

The chromatic components are calculated as:

a* =500 [f(X/X,) — f(Y/Ya)], b* =200 [f(Y/Y,) — [(Z)Z,)]. (24)

A polar representation, useful for relating CIELAB to perceptual attributes, is

given by:

a

b*
C* =+vVa*? + b2, ha, = arctan (—*) , (2.5)
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where C* denotes chroma and A, represents the hue angle. Note that CIELAB does

not explicitly define a saturation coordinate.

2.1.2.1. Conversion from CIELAB to RGB

To reproduce a CIELAB color on a display, it must first be converted to a
device-independent space (CIEXYZ) and then to a device-dependent RGB space.
The conversion below adheres to the SRGB standard IEC 61966-2-1 (International
Electrotechnical Commission, 1999), characterized by fixed primaries, a D65 white

point, and a nonlinear gamma curve (Ford & Roberts, 1998).

From CIELAB to CIEXYZ. Let (L*, a* b*) denote the CIELAB coordinates

and (X, Y,, Z,) the reference white. We define the intermediate variables:

L*+16 a* b*
Iy 6 Ix=Jfr+ £00° fz=fv 500 (2.6)
Using the constant § = 6/29, the inverse nonlinear function f~'(¢) is:
3 if t > 0,
) = (2.7)
362 (t — 45) ift <.
The tri-stimulus values are obtained as:
X=X,f"fx), Y=Y f), Z=Z.f ' (f2) (2.8)

From CIEXYZ to linear RGB. For the SRGB space, the linear RGB components

are computed via the following matrix multiplication:

Riin 3.2406 —1.5372 —0.4986 X
Gin | = | —0.9689 1.8758  0.0415 Y. (2.9)
Biin 0.0557 —0.2040 1.0570 Z
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Gamma correction (linear RGB to sRGB). Each linear component Vj;, €
{Riin, Giin, Bin } is transformed by the sSRGB gamma function to obtain the final

component V':

12.92 Vi, if Vi, < 0.0031308,
V = (2.10)
1.055 VY24 _0.055 if Vi, > 0.0031308.

lin

The resulting values are clipped to the range [0, 1] to produce the sSRGB triplet
(R,G, B).

Inverse transformation. The conversion from RGB back to CIELAB follows the

inverse sequence of these transformations.

2.2. Image Colorization

2.2.1. Inverse problems

Inverse problems arise when one seeks to recover an unknown quantity = from

indirect or incomplete observations ¥, obtained through a forward operator .A:
y=A(x) +n, (2.11)

where 1 models noise or discrepancies between the model and the physical process.

An inverse problem is considered well-posed if a solution exists, is unique, and
depends continuously on the data. When any of these conditions fail, the prob-
lem becomes ill-posed, and meaningful solutions require the introduction of prior
knowledge or regularization (Bertero & Boccacci, 1998). A classical stabilized for-

mulation is given by:
& =min {||A(z) =y’ + AR(z)}, (2.12)
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where R(z) encodes prior assumptions and A > 0 controls their influence.

2.2.1.1. Colorization as an inverse problem

Image colorization fits squarely into this framework. Here, the unknown x cor-
responds to the full color image u, while the observation y corresponds to its lumi-
nance component /. Consequently, the forward operator .4 reduces to a determinis-

tic luminance-extraction operator, denoted as K.

While converting a color image to grayscale (I = K (u)) is a straightforward
problem, the inverse task—recovering plausible chromatic information from [—is
highly underdetermined. Since multiple distinct colors map to the same luminance

value, infinite solutions exist.

To address this ambiguity, colorization is formulated as a regularized minimiza-

tion problem that balances two complementary goals:

min ¢ |1 — K(u)|*+  AR(u) : (2.13)
U N———— ——
Data fidelity Regularization / Prior

Data fidelity: Ensures the estimated color image « is consistent with the
input; i.e., applying K to u must yield the observed grayscale (.

Regularization (Prior): Constrains the search space by enforcing assump-
tions about natural images. These priors may range from classical spatial
smoothness to complex statistical regularities learned by deep neural net-

works.

2.2.2. Classification of colorization approaches

To solve this ill-posed problem, literature proposes various methods distin-

guished primarily by the nature of the prior R(u) and the guidance mechanism.
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Classical methods (optimization-based). hese approaches formulate coloriza-
tion as a variational problem using explicit mathematical priors, typically assum-
ing spatial smoothness in the chrominance channels. A representative example is
the Total Variation (TV) based colorization proposed by Kang and March (2007),

which adapts the classical restoration model of Rudin et al. (1992):
min || K (u) —l|]2+>\/|Vu|dx, (2.14)

which encourages piecewise-smooth chromatic fields but often fails to capture high-

level semantic textures.

Classical guided methods (scribble-based). To reduce ambiguity, these meth-
ods utilize sparse user-provided color strokes ("scribbles") as constraints to guide
chrominance propagation. Levin et al. (2004) proposed minimizing a weighted

quadratic energy:

T(w) = wpy [Ju(p) — u(q)||?, (2.15)

subject to hard constraints on the user-labeled set S. Here, w,, represents the affin-

ity between neighboring pixels p and ¢ based on luminance similarity.

Classical guided methods (exemplar-based). Instead of relying on manual
strokes, these approaches transfer chromatic information from a reference color
image (the exemplar) that is semantically similar to the target grayscale image. The
pioneer work by Welsh et al. (2002) assumes that pixels with similar luminance and

texture neighborhoods share similar colors.

The process typically involves matching each pixel p in the target grayscale
image [ to a pixel ¢ in the reference image r by minimizing a distance metric in a

feature space F:
¢" = argmin || F(I(p)) — F(r(q))]|, (2.16)

qeT
where JF usually consists of luminance intensity and local variance statistics. Once
the best match is found, the chromatic coordinates (a, b) of ¢ are transferred to p.
While effective for simple textures, these methods often fail when the target and

reference possess distinct semantic structures.
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Deep learning methods (automatic). Modern approaches replace explicit, hand-
crafted priors with statistical priors learned from large-scale datasets in a supervised
manner. A neural network Gy learns a mapping from the luminance input [ to a
predicted color image v by minimizing a loss function over a training set of pairs

(I, Urear)- Typically, this involves minimizing the expected error:
m‘gn E(l,ureal) [£ (G@(l), ureal)] 5 (217)

where .., denotes the ground-truth chrominance associated with /. Seminal work
in this category involves end-to-end Convolutional Neural Networks (CNNs), such
as the model proposed by lizuka et al. (2016), which originally utilized standard
regression losses (e.g., Ly distance).

However, methods relying on unimodal regression losses tend to generate desat-
urated (sepia-toned) results because the network minimizes error by predicting the
statistical average of all plausible colors. To address this, different strategies have
emerged. GAN-based approaches frame colorization as an image-to-image trans-
lation problem, encouraging realism through adversarial losses (Isola et al., 2017;
Kim et al., 2022; Vitoria et al., 2020). Methods that predict distributions model the
inherent ambiguity of colorization by predicting color histograms or classes instead
of a single regression target (Larsson et al., 2016; R. Zhang et al., 2016). Mul-
timodal colorization produces multiple plausible outputs (Deshpande et al., 2017;
Kumar et al., 2021; Royer et al., 2017). And, object/instance-aware methods incor-
porate object-level structure to reduce color bleeding and improve semantics (Pucci
et al., 2021; Su et al., 2020).

Hybrid methods (deep learning with guidance). Some deep learning-based ap-
proaches combine two types of color priors: those learned from a large dataset and
those provided by external users as color hints (Yun et al., 2023; R. Zhang et al.,
2017) or as a color reference image (He et al., 2018). Thus, these methods combine

the semantic understanding of deep networks with user guidance.

Exemplar-based deep learning. A reference image provides the chromatic

style and the network utilize feature matching or attention mechanisms to transfer

18



color from the exemplar r to the target (:
u= Gy(l,r). (2.18)

He et al. (2018) leverage this paradigm by aligning deep semantic features to trans-
fer colors even when the reference and target have different structures Bai et al.
(2021) utilizes a sparse attention mechanism to select only the most semantically
relevant regions from the reference image, ignoring background noise and improv-

ing the accuracy of color transfer in complex scenes.

Scribble-guided deep learning. The model accepts user color scribbles as an
additional input channel. To enforce fidelity to the user inputs while maintaining
robustness, methods like R. Zhang et al. (2017) minimize a Huber loss (Smooth L)

over the predicted image:

L0) = Ls(Goll,us)(p) = trea(p)) , (2.19)

pEN

where L; is the Huber loss, which behaves quadratically for small errors and lin-

early for large errors.

More recently, diffusion models are being used more and more for high-
fidelity, controllable colorization within a general image-to-image generative frame-
work (Liang et al., 2025; Saharia et al., 2022).

2.3. Deep Learning Models

Deep learning has reshaped computer vision by enabling the acquisition of hi-
erarchical representations directly from data. Several architectural families have
played influential roles in this evolution. Convolutional Neural Networks (CNNs)
have long underpinned recognition tasks; Generative Adversarial Networks (GANs)
introduced adversarial strategies for synthesis and restoration; transformer-based
models introduced global attention mechanisms; and diffusion-based models have

recently achieved state-of-the-art performance in generation (Goodfellow et al.,
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2014; Ho et al., 2020; LeCun et al., 2015; Vaswani et al., 2017).

This section provides an overview of the architectures most relevant to this the-

sis, with a particular emphasis on transformer-based vision models.

2.3.1. Convolutional Neural Networks

Convolutional Neural Networks (CNNs) (LeCun et al., 1998) constitute a foun-
dational architecture in computer vision. Their defining operation is the convolu-
tion: a learnable filter applied locally across spatial neighborhoods to extract hier-
archical features. Early layers typically detect low-level cues, such as edges or tex-
tures, while deeper layers capture increasingly abstract semantic structures (Zeiler
& Fergus, 2014).

CNNs incorporate key inductive biases—Ilocality, weight sharing, and transla-
tion equivariance—that render them computationally efficient and data-effective.
For years, they represented the dominant paradigm for image classification, re-

trieval, and segmentation (Krizhevsky et al., 2012).

2.3.1.1. VGGI16

Among CNN architectures, VGG16 (Simonyan & Zisserman, 2015) serves as
an example of a deep network constructed from uniform building blocks. As can
be seen in Figure 2.2, the architecture features a stack of 13 convolutional layers
organized into five blocks, using exclusively 3 x 3 filters, followed by max-pooling
operations and fully connected layers. This design strategy—stacking small kernels
to increase depth—proved highly effective, offering strong representational capac-

ity while preserving architectural simplicity.

Due to its high-quality feature hierarchy, VGG16 is widely deployed as a feature
extractor (Sharif Razavian et al., 2014; Yosinski et al., 2014). When the fully con-
nected classification head is removed, the remaining convolutional backbone pro-

duces high-level embeddings that encode semantic structure. These feature vectors

20



can be compared using metrics such as cosine similarity and Euclidean distance,

enabling tasks such as image retrieval and clustering.

224 x 224 x3 224 x 224 x 64

112x 112 x 128

56[x 56 x 256
28 x 28 x 512

T b o b L5

daalenhie 1x1x4096 1x1x1000

= convolution+RelU
) max pooling
fully nected+RelLU
softmax

Figure 2.2: General schematic of the VGG16 architecture. Image from (Kamal & Ez-
Zahraouy, 2023)

2.3.2. Transformer Architecture

Transformers were originally introduced for sequence modeling in natural lan-
guage processing by Vaswani et al. (2017). Their core innovation is the self-
attention mechanism, which enables each token to aggregate information from the
entire input sequence simultaneously, independent of proximity. The following
equations describe the standard Transformer architecture. The conceptual synthesis

of these components draws on Thickstun (2022).

Self-Attention Mechanism Given an input sequence of token embeddings X &
RY*4 the model computes Queries (Q), Keys (K), and Values (V) via learned

linear projections:
Q = XWy, K = XWk, V =XWy, (2.20)

where W, Wi, Wy, € R% are the weight matrices.
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The scaled dot-product attention, cx, is defined as:

-
o= softmax(%) 2.21)

This operation allows each token to attend to all others, weighting them accord-
ing to learned relevance scores. The output of the attention layer (Figure 2.3, left)

is then obtained by applying these attention weights to the value vectors:
Attention(Q, K, V) = aV. (2.22)

Scaled Dot-Product Attention Multi-Head Attention

MatMul

Concat

f

L
Scaled Dot-Product J& 1
Attention B

| | Il
L L L
Linear PJ{ Linear Y| Linear

Figure 2.3: Schematic illustration of the scaled dot-product attention mechanism and Multi
Head attention. Image from (Vaswani et al., 2017)

Multi-Head Attention Instead of computing a single attention map, Transform-
ers employ multiple attention heads that operate in parallel. Each head attends to
the input sequence through an independent linear projection, allowing the model to

capture different types of relationship simultaneously.

Formally, given an input representation X € RY*?, multi-head attention is de-
fined as:
MSA(X) = Concat(Hy, ..., Hy)Wo, (2.23)
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where h denotes the number of attention heads. Each head output H; € RV*d jg

computed independently using scaled dot-product attention, with dy, = d/h.

The Concat(-) operation concatenates the head outputs along the feature di-
mension, producing a matrix of size RV*("d%) — RN*d_ TFinally, the learned output
projection Wy € R?*? mixes information across heads and restores the original

embedding dimensionality. This can be seen in Figure 2.3, on the right.

Positional Encodings Because standard self-attention is permutation-invariant,
the model requires explicit positional information to interpret sequence order. This
is achieved by injecting positional encodings into the input embeddings. These
encodings may be fixed sinusoidal functions (Vaswani et al., 2017) or learnable

parameters, depending on the implementation.

Transformer Encoder Block A Transformer encoder block integrates the multi-
head attention mechanism with normalization layers and Multi-Layer Percep-
tron (MLP) blocks.Following the original architecture proposed by Vaswani et al.
(2017), the block employs a residual connection around each of the two sub-layers,

followed by layer normalization (NL).

Given an input X, the output of the attention sub-layer, denoted as Z,y.,, is
computed as:
Zattn = NL(X + MSA(X)). (2.24)

Subsequently, the MLP processes this representation. The MLP consists of two

linear transformations with a non-linear activation function in between. Formally:
MLP(Zattn> - U(Zattnwl + bl)WQ + an (225)

where W, € R%™5 and W, € R%s*4 are the learned weight matrices, b; and b,
are the bias vectors, and o(+) is a non-linear activation function (typically ReLU or
GELU). The inner dimension d is usually larger than the model dimension d (e.g.,
dsr = 4d).
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The final output of the encoder block, Z,,;, incorporates the residual connection
for the MLP:
Zout = NL(Zgstn, + MLP(Zy410))- (2.26)

Trainable Parameters The set of learnable parameters for a single Transformer
encoder block, denoted by O, consists of the projection matrices of the attention

mechanism and the parameters of the feed-forward network (MLP) and NL. Specif-

ically:
{W(h); W[((h ), W‘(/h)} " Wo, (Attention weights)
O = ¢ Wy, by, Wa, by, (MLP weights and biases) (2.27)
Y1, B1, 72, B2 (NL scale and shift)

where v and 3 represent the learnable gain and bias parameters of the NL (Thick-
stun, 2022).

2.4. Vision Transformer (ViT)

The Vision Transformer (ViT) (Dosovitskiy et al., 2021) represents a paradigm
shift in computer vision, successfully adapting the pure Transformer architec-
ture—originally designed for sequence modeling in NLP—to image analysis. Un-
like Convolutional Neural Networks (CNNs), which process visual information via
local receptive fields, ViT treats an image as a sequence of discrete patches, enabling

global context modeling from the earliest processing stages.

As shown in Figure 2.4, the Transformer encoder follows a Pre-Norm design
in which Layer Normalization (NL) is applied before both the multi-head self-
attention (MSA) and the MLP (feed-forward) sub-blocks, and residual connections
are added afterward. This configuration improves training stability and contrasts
with the original Transformer architecture proposed by Vaswani et al. (2017), which
employed a Post-Norm scheme (applying normalization after residual addition).
Finally, regarding the learnable parameters, the ViT encoder retains the same inter-

nal parameter set © for each of its L blocks as defined in Section 2.3.2 (Attention
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Vision Transformer (ViT)

MLP
Head

Transformer Encoder
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Figure 2.4: General structure of the Vision Transformer (ViT). The image is divided into
patches, embedded into tokens, and processed through self-attention layers to capture
global dependencies. Image from (Dosovitskiy et al., 2021).

weights Wy, Wi, Wy, Wo, MLP weights, and NL parameters). However, adapt-
ing the architecture to visual data introduces two additional sets of parameters at
the input stage: the linear projection matrix £ € R(” *C)xd ysed to embed the flat-

RNxd

tened patches, and the position embeddings £, € , which are learned during

training to preserve spatial information (Dosovitskiy et al., 2021).

2.4.1. Architecture and Input Processing

To apply the Transformer architecture to 2D images, ViT reshapes the input im-

RHXWXC RNX(P2C)

age r € , where

P x P is the patch size and N = (HW)/P? is the resulting sequence length. Each

into a sequence of flattened 2D patches x,, €

patch is then linearly projected to a fixed latent dimension d via a trainable embed-
ding matrix. Since the standard self-attention mechanism is permutation-invariant,
learnable positional embeddings are added to these patch embeddings to preserve
spatial information regarding the relative positions of the patches (Dosovitskiy et
al., 2021).
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A critical component of this input formulation, adopted from BERT (Devlin et
al., 2019), is the inclusion of a specialized learnable classification token ([class])
prepended to the patch sequence. Intuitively, this token serves as a global informa-
tion aggregator. While standard patch tokens update their representations based on
their relationship with other patches, the [class] token interacts with the entire
sequence across all layers without corresponding to a specific image region. By the
final Transformer layer, its state serves as a compact, global feature vector represen-
tation of the image, which is then used by the Multi-Layer Perceptron (MLP) head

for downstream tasks such as classification or colorization guidance.

2.4.2. Inductive Bias and Model Scaling

The operational principle of ViT introduces a fundamental difference in in-
ductive bias—the structural assumptions a model makes about data—compared to
CNNs. CNNs are designed with strong biases towards locality (pixels are locally
correlated) and translation equivariance (features are recognizable regardless of po-
sition). In contrast, ViT has minimal image-specific bias; only its MLP layers are

local, while the self-attention mechanism is inherently global.

This lack of hard-coded spatial assumptions makes ViT significantly more flex-
ible but also more "data-hungry," as it must learn spatial relationships entirely from
raw data. Empirical studies indicate that ViT models typically underperform on
mid-sized datasets such as ImageNet (approx. 1.3 million images) due to overfitting.
When pre-trained on massive datasets like JFT-300M (300M images), ViT learns ro-
bust representations that outperform state-of-the-art convolutional architectures on
downstream tasks while requiring fewer computational resources to train (Dosovit-
skiy et al., 2021). Analysis suggests that for smaller datasets, the convolutional bias
is crucial, but for sufficiently large datasets, learning relevant patterns directly from
raw data is superior, yielding robust, scalable representations (Dosovitskiy et al.,
2021; Steiner et al., 2022).
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2.5. Training neural networks

While deep learning architectures define a model’s structural capacity, its per-
formance is ultimately determined by the optimization trajectory through the loss
landscape. This section outlines the training protocols, optimization algorithms,

and hyperparameter strategies employed to govern this process.

2.5.1. Data Partitioning and Model Selection

To ensure rigorous evaluation and prevent data leakage, the dataset is stratified
into three distinct subsets:

= Training Set: Used to compute gradients and update model parameters ().

= Validation Set: Serves as a proxy for generalization performance during
training. Crucially, this split guides model selection and hyperparameter tun-
ing—such as the learning rate—serving as a compass to prevent overfitting to
the training data.

= Test Set: Reserved exclusively for the final evaluation, providing an unbiased

estimate of the model’s performance on unseen data.

2.5.2. Optimization Algorithm

The fundamental goal of the training process is to find the optimal set of pa-
rameters 0* that minimizes a scalar objective function £(6). This is achieved via

iterative gradient-based optimization.

For Transformer-based architectures, standard Stochastic Gradient Descent
(SGD) is often replaced by adaptive methods. Notable among these is the Adam
optimizer, which attempts to approximate the diagonal of the inverse Hessian to
achieve adaptive learning rates for each parameter (Loshchilov & Hutter, 2017).
In this thesis, however, the AdamW optimizer (Loshchilov & Hutter, 2019) is em-
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ployed. This modification ensures that regularization is applied more effectively,
resulting in superior generalization and training stability for deep models like ViT

compared to traditional adaptive optimizers.

2.5.3. Learning Rate Scheduling

Within this optimization framework, the learning rate (Ir) is the pivotal hyper-
parameter that governs the step size of parameter updates. It directly dictates con-
vergence behavior: an excessively high (7 risks instability or divergence, while a
strictly low [r may result in slow convergence or entrapment in suboptimal min-
ima. To address this trade-off, learning rate schedules dynamically anneal the [r,
typically initializing with a larger value to accelerate exploration and gradually de-

creasing it to refine convergence.

2.5.3.1. Cosine Learning Rate Schedule

The cosine schedule (Loshchilov & Hutter, 2017) is a prevalent strategy that
decays the learning rate smoothly following a cosine function rather than abrupt
steps. This gradual reduction typically supports stable convergence and can improve

generalization. The learning rate 7, at training step ¢ is defined as:

1 TCUT
M = Nmin + _(nmax - 77min) |:1 + cos (—W):| ,

2 eycle
where 7. and 7, are the maximum and minimum learning rates in a cosine cy-
cle, T, 1s the number of optimization steps elapsed since the most recent restart,
and 7., is the total number of steps in that cycle. Consequently, at the beginning
of each cycle (7., = 0), the learning rate resets to 7; = 7max, promoting explo-
ration of the loss landscape. As T¢,, — Tiyeie, 1: approaches 7y, €ensuring precise
updates. In the warm-restart configuration, a restart is triggered when 7¢,,, = Trycie,
after which T, resets to 0 and a new cosine cycle begins. However, this approach
depends on a pre-defined cycle length (7, ); if restarts are delayed, disabled, or
set too infrequently, causing the learning rate to remain near 7),,;,, for an extended

period, gradient norms can become very small, and learning may stagnate (Defazio
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et al., 2024).

2.5.3.2. Schedule-Free Optimization

Hand-designed learning-rate schedules can be effective, but many require spec-
ifying a target training horizon 7" (or cycle length) in advance. Defazio et al. (2024)
proposed Schedule-Free Optimization to remove this dependency by replacing ex-
plicit learning-rate decay with an iterate-averaging mechanism used together with
a constant step size. The method maintains a base parameter sequence z; and its
running (Polyak—Ruppert) average x;. A schedule-free momentum parameter (3
interpolates between these two sequences to define the point where gradients are

evaluated:
ye = (1 = Bz + B

The base iterate is then updated using gradients at y;,

zie1 = 2 — YV (),
and the averaged sequence is updated online,

1 1
Petl ( t+1)xt+t+1zt“

This construction yields behavior comparable to a linear decay schedule whose ef-
fective horizon is the current step ¢, rather than a fixed, pre-specified 7', enabling
any-time training without committing to a total number of steps in advance. Em-
pirically, the authors show that schedule-free variants of SGD and AdamW match
or exceed cosine decay on vision and language benchmarks (including Transformer
models), and avoid the stagnation that can arise when schedule-based methods are

poorly matched to the training horizon (Defazio et al., 2024).
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2.6. Transfer Learning

Transfer learning is a machine learning paradigm that leverages representations
learned from a source task to improve generalization on a related target task. For-
mally, given a source domain and task for which abundant data is available, the goal
is to improve the learning of a predictive function in a target domain where data
may be scarce (Bishop & Bishop, 2023; Pan & Yang, 2009).

This approach relies on the hierarchical nature of deep neural networks. As
noted by Bishop and Bishop (2023), the early layers of a network trained on large-
scale datasets (e.g., ImageNet) learn low-level features—such as edges, textures,
and color gradients—that are general and transferable across different visual tasks.
Conversely, deeper layers encode increasingly abstract and semantic representations
specific to the original training classes. By initializing a model with these pretrained
weights, the optimization process in the target domain starts from a robust internal
representation, significantly reducing the computational cost and the risk of over-
fitting compared to training from scratch (Bishop & Bishop, 2023; Yosinski et al.,
2014).

In the context of artistic image restoration, transfer learning allows the model to
inherit "priors" about natural image statistics from massive datasets, adapting them

to the specific stylistic nuances of the target artistic domain.

Three primary adaptation strategies are typically employed:

Feature Extraction (Frozen Backbone): The parameters of the pretrained
network are treated as a fixed feature extractor. As described in Bishop and
Bishop (2023), the input data is passed through the frozen layers to generate
embeddings, and only the final task-specific layers (the "head") are trained.
This is computationally efficient but limits the model’s ability to adapt to
domains that differ significantly from the source.

Full Fine-Tuning: The entire network is used as an initialization, and all pa-
rameters are updated during training on the target dataset. This corresponds to
the standard definition of fine-funing in Bishop and Bishop (2023), typically

performed with a very small learning rate to preserve the pretrained knowl-
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edge while adapting the representations to the new task. While this offers
maximum flexibility, it is computationally expensive and prone to overfitting
if the target dataset is small.

Parameter-Efficient Fine-Tuning (PEFT) (Xu et al., 2023): This family of
methods represents a middle ground, enabling the adaptation of large models
without updating all parameters. Techniques such as adapter layers (Houlsby
et al., 2019) or Low-Rank Adaptation (LoRA) (Hu et al., 2022) inject a small
number of trainable parameters into the frozen architecture. This strategy sub-
stantially reduces memory requirements while preserving most of the model’s

original representational capacity.

2.6.1. Low-Rank Adaptation (LoRA)

Low-Rank Adaptation (LoRA) (Hu et al., 2022) is a popular Parameter-Efficient
Fine-Tuning (PEFT) technique for adapting large pretrained models to specific
downstream tasks. Rather than updating all the parameters of the dense layers,
LoRA freezes the pretrained model weights and injects trainable rank decomposi-
tion matrices into each layer of the Transformer architecture, typically targeting the
Query Wg and Value Wy, projection matrices in the self-attention mechanism. See

Figure 2.5.

Following the notation in Hu et al. (2022), let W, € R%** denote a frozen
weight matrix from the pretrained backbone. During full fine-tuning, the model
learns a weight update AW such that the final weight is W = W, + AW.

LoRA constrains this update by hypothesizing that the change in weights pos-
sesses a low "intrinsic rank." Consequently, the update AW is decomposed into
the product of two low-rank matrices, B € R%" and A € R"**, where the rank r

satisfies < min(d, k). The forward pass is thus modified as:

During training, W), is frozen, and only A and B are optimized. To ensure training

stability, A is typically initialized with random Gaussian noise, while B is initialized
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to zero, ensuring that AW = 0 at the beginning of adaptation.

Why the Low-Rank Hypothesis Holds. The effectiveness of LoRA is grounded
in the concept of intrinsic dimension. Inspired by the work of Aghajanyan et al.
(2021), who demonstrated that over-parameterized models reside on a low intrinsic
dimension, Hu et al. (2022) hypothesized that the change in weights during adap-
tation also possesses a low "intrinsic rank". Consequently, LoORA operationalizes
this insight by optimizing the update AW within a low-rank manifold. Empirical
evidence supports this hypothesis: Hu et al. (2022) shows that a very low rank (e.g.,
(r=1)or (r=2)) is often sufficient to recover the performance of full fine-tuning, as
the update matrix amplifies specific features already present in the pretrained model
rather than learning entirely new ones

W.x + AB.x (Output)

dxd) W.x

w
dxd (Pre-trained

Weights)

Figure 2.5: lllustration of the Low-Rank Adaptation (LoRA) mechanism (Jawade, 2023).
The pretrained weights W, remain frozen, while a low-rank decomposition BA (represent-
ing the update AW) is trained.

2.6.2. Efficiency and Comparison with Adapters

To understand the efficiency gains of LoRA, it is necessary to first contextualize
it against previous approaches. Prior to LoRA, adapter-based methods (Houlsby
et al., 2019; Pfeiffer et al., 2020) were the strategy for parameter-efficient fine-
tuning. These methods operate by inserting small "bottleneck" feed-forward layers

sequentially between the Transformer’s self-attention and MLP sub-layers.

While adapters successfully reduce the number of trainable parameters, they
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fundamentally alter the model architecture by extending the computational graph.
As noted by Hu et al. (2022), this sequential addition introduces measurable infer-
ence latency, as the data must pass through these extra layers during the forward
pass. This overhead can be problematic for real-time applications where every mil-

lisecond counts.

LoRA addresses this limitation by applying the low-rank updates in parallel
rather than sequentially. This design choice leads to several critical advantages:

No Inference Latency: Unlike adapters, LoRA introduces zero overhead
during inference. After training, the learned low-rank matrices A and B can
be explicitly multiplied and added to the frozen weights Wy (i.e., Wy, =
Wy + B - A). This effectively "merges" the adaptation into the original back-
bone, restoring the original architectural structure and ensuring that inference
speed remains identical to the pretrained model.

Parameter Efficiency: By constraining the update rank r, LoRA reduces the
number of trainable parameters by up to 10,000 times compared to full fine-
tuning (Hu et al., 2022). This significantly reduces GPU memory require-
ments, enabling fine-tuning of massive models on consumer-grade hardware.
Storage Efficiency and Modularity: Since only the small matrices A and B
need to be saved (often just a few megabytes), it is possible to store multi-
ple task-specific adaptations for a single frozen backbone, switching between

them easily without reloading the massive base model.
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Chapter 3

Data

This chapter describes the data used in this work, including the identification

and organization of the different data types and their sources.

The core corpus consists of images of artworks by Joaquin Torres Garcia and by
the artists of the Taller Torres Garcia. These images were gathered from multiple
archives, institutions, and digitization processes. Due to this heterogeneity, con-
siderable effort was required to detect duplicates, normalize formats, and establish

consistent naming conventions across the various sources.

To ensure consistency and comparability of results, the chapter also describes
the hierarchical design of the datasets used for model training, validation, and test-

ing, along with the methodology for both automated and manual image curation.

To build those datasets, collaboration agreements were established with several
institutions and individuals connected to the artistic legacy of Joaquin Torres Gar-
cia, including Cecilia de Torres, Fundacién Gurvich, and the Museo Torres Garcia.
These images are not publicly available, and their use was authorized exclusively
for the research purposes of this work. For this reason, the datasets cannot be pub-

licly released.
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3.1. Data Sources

3.1.1. The lost artworks

The devastating fire that occurred in 1978 at the Museum of Modern Art of
Rio de Janeiro (hereafter, MAM Rio) destroyed an exhibition that had originated
four years earlier in Montevideo. This exhibition was a major retrospective of
Joaquin Torres Garcia (hereafter JTG), organized in 1974 at the Museo Nacional
de Artes Visuales (hereafter MNAV) to commemorate the centenary of the artist’s
birth (Giner, 2003). It brought together a large and representative selection of his
works, including the seven monumental murals JTG painted in 1944 at the Hospital
Saint Bois in Montevideo. In total, the Taller Torres Garcia (hereafter TTG) created
thirty-five murals for the hospital: seven executed by JTG himself and the remain-
ing twenty-eight by his students. The seven murals were carefully detached from
the hospital walls in 1973 and later exhibited at the MNAV as part of the centennial
retrospective (Giner, 2003). After its presentation in Montevideo, the exhibition
traveled to the Musée d’Art Moderne de la Ville de Paris (hereafter MAM Paris)
in 1975, before being sent to the MAM Rio, where it was completely destroyed in
the 1978 fire (Giner, 2003). The remaining Hospital Saint Bois murals produced
by the TTG were transferred in 1997 to the Torre de las Telecomunicaciones in

Montevideo, where they are preserved today.

A fundamental part of this work involved identifying the lost artworks, along
with their existing records and any reference images, in order to generate poten-
tial color references. Special thanks are due to Alejandro Diaz and Carlos Serra,
from the Museo Torres Garcia (hereafter MTG), for their essential contribution in
compiling and providing the inventory of the artworks destroyed in the 1978 fire.
This inventory, which includes images and metadata such as title, year, technique,
dimensions, and catalog reference—based on the Catalogue Raisonné («Joaquin
Torres Garcia Catalogue Raisonné», 2003)—forms the starting point of this work.

Table 3.1 summarizes the seventy-three lost works documented by the MTG.
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Title Year Technique/Material Dimensions (cm) Catalog

The Sun 1944 Enamel paint on wall 192.5 x 662 1944.26
varnish

The Fish 1944 Enamel paint on wall 189 x 285.5 1944.28
varnish

White Locomo- 1944 Enamel paint on wall 103 x 129.5 1944.31

tive varnish

Pacha Mama 1944 Enamel paint on wall 87 x 280 1944.12
varnish

The Tram 1944  Enamel paint on wall 189.5 x 657 1944.30
varnish

Pax in Lucem 1944 Enamel paint on wall 110 x 427 1944.27
varnish

Form 1944 Enamel paint on wall 122 x 193 1944.29
varnish

Head of a Man 1924 Polychrome wood 18 x 18 1921.14

Reading a News-

paper

Seated Man 1927 Painted wood 14x7x7 1927.86

Abstract Man 1929 Polychrome wood 27x10x5 1929.77

Sculptural Struc- 1929 Polychrome wood 17x8x7 1929.84

ture

Red Man 1929 Polychrome wood 16 x7 x4 1929.98

Superposed 1929  Polychrome wood 32%x25x%x5 1929.02

Aerial Structure

Composition in 1929 Oil on canvas 65 x 54 1929.55

Pink

Constructive 1929 Oil on canvas 60 x 73 1929.18

Painting

Mask with Teeth 1928 Polychrome wood 34x 14 x4 1928.206

Constructive 1930 Oil on cardboard 48 x 31 1930.48

Universal Com- 1930 Oil on wood 43.5 x 41 1930.57

position

Constructive 1931 Oil on canvas 45 x 38 1931.70
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Title Year Technique/Material Dimensions (cm) Catalog
Constructive 1931 Oil on cardboard 100 x 81 1931.69
Composition
Primitive ~ Con- 1931 Oil on wood 95 x 43 1931.98
structive in Red
Homage to Van 1931 Oil on cardboard 45 x 35 1931.34
Rees
Constructive in 1932  Oil on wood 62 x 31 1932.80
White and Pink
Constructive 1931 Oil on canvas 128 x 89 1931.43
Painting
Constructive in 1931 Oil on canvas 73 x 60 1931.59
White
TNS 1931 Oil on canvas 45 x 35 1931.09
Relief Structure 1932 Incised and poly- 50 x30x7 193291
chrome wood (multi-
plane)
Constructive with 1932 Painted wood relief 41 x26 x 6 1932.82
Anchor
Constructive 1932 Oil on canvas 73 x 60 1932.25
Constructive 1932 Oil on canvas 53 x 39 1932.41
Painting
Constructive 1932 Oil on wood 58 x 41 1932.55
Composition
Constructive 1932  Oil on canvas 54 x 45 1932.43
Painting
Graphic on Wood 1932 Oil on wood 65 x 41 1932.47
Constructive 1932  Oil on cardboard 45 x 35 1932.46
Composition
Model of Con- 1932 Incised wood 20x 14 x 10 1932.81
structive Monu-
ment
Small Monument 1932 Incised wood 15x10x 10 1932.77

with  Universal

Man
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Title Year Technique/Material Dimensions (cm) Catalog
Constructive with 1932 Oil on canvas 65 x 53 1932.48
Mask and Trian-

gle

Symbolic  Con- 1932 Oil on canvas 70 x 53 1932.61
structive

Constructive 1932 Oil on canvas 100 x 81 1932.26
Graphic with

Brushstroke

Background

Graphic in Black 1932 Oil on canvas 54 x 72 1932.42
and White

Colored Tubular 1937 Tempera on cardboard 85 x 52 1937.16
Structure

Structure 1933 Oil on cardboard 45 x 32 1933.12
Constructive 1937 Oil on cardboard 80 x 100 1937.33
Painting

Abstract Man 1938 Painted wood 51x15 1938.41
Structure 1937 Oil on cardboard 45 x 32 1937.34
Constructive 1937 Oil on cardboard 60 x 100 1937.39
Painting

Painting 1937 Oil on cardboard 106 x 86 1937.40
Seven-Pointed 1933 Incised wood 20 x 10 1933.36
Star

Constructive 1938 Tempera on cardboard 101 x 82 1938.34
Composition

Primitive Com- 1939 Oil on canvas 38 x 40 1939.25
position

Figurative Relief 1938 Oil on canvas 39 x 46 1938.35
Structure

Small Construc- 1942 Painted wood 14x15%5 1942.39
tive Monument

Constructive 1942  Oil on canvas 104 x 76 1942.45
Painting

Constructive Art 1942 Oil on cardboard 58 x 63 1942.31
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Title Year Technique/Material Dimensions (cm) Catalog
Constructive Art 1942 Oil on cardboard 51 x59 1942.27
with Double Col-

ored Line

Structure in Gray 1942 Oil on cardboard 91 x 55 1942.22
and Ochre

Infinity 1942  Oil on canvas 76 x 55 1942.19
Constructive 1943  Oil on cardboard 50 x 70 1943.61
Uruguay

Composition 1942  Oil on lined cardboard 80 x 100 1942.25
with Writing

Constructive 1943 Oil on lined cardboard 55 x 39 1943.74
Graphic

Constructive Art 1943 Oil on cardboard 72 x 54 1943.94
Constructive 1943  Oil on cardboard 66 x 52 1943.89
Painting

Constructive 1943  Oil on cardboard 66 x 52 1943.96
Painting

Painting 1943  Oil on cardboard 52 x 68 1943.65
Constructive Port 1943  Oil on cardboard 55 x 65 1943.100
Two Birds —  Painted wood 4 pieces T3.122
A Woman,aMan —  Painted wood 8 pieces T2.416
and a Dog

A Dog —  Painted wood 4 pieces T3.206
Number Game —  Painted wood 55 pieces T4.616
Alphabet —  Painted wood 28 pieces T4.617
City —  Painted wood 11 pieces T4.622
Golden Compass —  Painted wood 220 1946.56
Triangle —  Painted wood 62 x 54 1946.55

Table 3.1: Artworks by Joaquin Torres Garcia destroyed in the 1978 fire of the Rio de
Janeiro’s Museum of Modern Art: title, year, technique, dimensions, and catalog reference
(Catalogue Raisonné).

Among the destroyed works, we identified that 22 of 73 were three-dimensional
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objects, including toys, sculptures, and other relief-based pieces, usually made of
painted and/or carved wood. Their volumetric and lighting characteristics differ
substantially from those of two-dimensional paintings. The term “3D” will hence-

forth refer to this category of objects.

In 2007, three fragments of one of the 7 murals, Pax in Lucem, were redis-
covered in Montevideo. These pieces were sent from the MAM Rio de Janeiro to
Uruguay shortly after the 1978 fire and remained stored at the MNAV for nearly 30
years. Their recovery provided a rare opportunity to study surviving material traces

of one of the lost works, as shown in Figure 3.1.

b oo

Figure 3.1: One of the surviving fragments of Pax in Lucem. Courtesy of the Museo Torres
Garcia. Photograph by Luis Sosa.

Photographic documentation was produced when the murals were removed from
the walls of the Hospital Saint Bois. This visual record was taken by the artist and
restorer Carlos Giaudrone (Giner, 2003) and preserved by the MTG. Color images
of several lost artworks were also found in exhibition catalogs from Paris, and in
a set of slides derived from the original footage of the documentary film Joaquin
Torres Garcia: su vida y su obra (1979), directed by Adolfo Fabregat and Walter
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Acosta (Fabregat & Acosta, 1979). The film documents the 1974 retrospective
exhibition held at the MNAYV in Montevideo, which later became the one lost in the
1978 fire at the MAM Rio. The original work, a 16 mm color film with sound, and
a duration of 14 minutes and 17 seconds, belongs to the Instituto de Cinematografia
de la Universidad de la Republica (ICUR-UdelaR) collection and is preserved in the
General Archive of the University (AGU-UdelaR). Its digitization was carried out
by the Laboratorio de Preservaciéon Audiovisual (LAPA) using a telecine transfer
system. However, the film (and hence the digitized version) has lost its original
color information, as it had been stored for nearly 30 years in a closed cabinet before
its recovery. Fortunately, a small number of slides made from the original film still
preserve the chromatic information of certain scenes, providing color references.
Special thanks are extended to Julio Cabrio for locating these slides, and to Jaime
Viézquez and Ignacio Seimanas from LAPA for their collaboration in the various

image-acquisition processes that contributed to this work.

While these audiovisual materials offer valuable contextual evidence, their chro-
matic data cannot be considered fully reliable due to film degradation and analog
reproduction limitations, as well as the lack of color calibration in the different steps

of the process, as shown in Figure 3.2.

In 2022, Gregory Randall and Lara Raad visited the MAM Paris, where the
seventy-three works had been exhibited in 1975 before being sent to Rio de Janeiro.
They found in the museum’s archives a set of color slide photographs of that ex-
hibition, some of them include calibration information recorded at the time. With
the authorization of MAM Paris, these slides were scanned by Rafael Grompone
and Lara Raad. Special thanks are extended to Gregory, Lara, and Rafael for their
collaboration in this process, and to the MAM Paris for granting access to these

materials and authorizing their digitization.

3.1.2. Reference image sources

As noted earlier, the image datasets used in this thesis were compiled from mul-
tiple archives and institutional collections, summarized-in—Table-3-2. Each source

presented specific characteristics in terms of image format, resolution, color fidelity,
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Figure 3.2: Different images for the same artwork: "The fish" (1944-28). Top, left to right:
(1) LAPA version, (2) MAM Paris version. Bottom, left to right: (3) Giaudrone version and
(4) Cecilia de Torres HD version. Note the differences in color between them.

and naming conventions (JTG did not give a name for most of his artworks), often
resulting in multiple digital versions of the same artwork, as illustrated in Figure
3.2. This diversity required a careful curation process to detect duplicates, harmo-

nize metadata, and ensure consistency between datasets.

The specific sources comprising the corpus are named and detailed below and

summarized in Table 3.2.

JTG Catalog, named as IMGC. The Catalogue Raisonné («Joaquin Torres Gar-
cia Catalogue Raisonné», 2003) serves as the base reference for JTG’s artworks.
Developed under the direction of Cecilia de Torres, this online scholarly resource
documents all known paintings, sculptures, and toys by JTG. It provides compre-
hensive metadata for each artwork, covering provenance, exhibition history, and
bibliographic references, and assigns each piece a unique catalog number based on
its year of production. As previously noted, JTG did not assign titles to most of
his artworks; therefore, the normalized titles and numbers follow those used in the

estate’s posthumous inventory and in the catalog itself. While the images available
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online are relatively small (typically around 204x300 pixels, 29 KB, JPEG) and
include both color and grayscale reproductions, this catalog remains an essential re-
source for establishing standardized references and metadata consistency across all
datasets. This source has only one image per artwork.Notably, this source includes a
single image per artwork, but collectively represents the full corpus of JTG’s known

production.

Cecilia de Torres Gallery  Archive named as IMGCec.
Additional high—resolution images (400-12,000 KB, JPEG/PNG, full color) were
kindly provided by Cecilia de Torres, enhancing the visual quality of a subset of
artworks represented in IMGC. These images are not available for download from

the public catalog. This source has more than one image per represented artwork.

Museo Torres Garcia named as IMGM. The MTG provided several comple-
mentary datasets expanding upon the materials from the Catalogue Raisonné. To-
gether, these datasets represent the full corpus of Joaquin Torres Garcia’s known
artworks, as in IMGC, while providing additional visual documentation for a subset
of works. They consist of high-resolution TIFF images (average size: 100 MB).
Within this collection, a curated selection of color images was organized chrono-
logically to provide clearer chromatic references for comparative analysis. While
not all artworks are represented by multiple images, some works include more than

one visual record, allowing for richer comparative and contextual interpretation.

Gonzalo Fonseca Archive from MTG, named as IMGF. Images related to the
work of Gonzalo Fonseca, a TTG member, were generously provided by MTG.
Files are in TIFF format (average size: 30 MB). This source has only one image per
represented artwork.

MAM Paris, named as IMGP. This subset contains the color photographs pro-
duced by MAM Paris for the 1975 exhibition, conserved in their archives and dig-
itized by Rafael Grompone and Lara Raad. Files are provided in TIFF format,
ranging from 14 MB to 67 MB, and include calibration data for a portion of the
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slides, making them particularly valuable for assessing chromatic consistency. This
source has only one image per artwork from a subset of artworks represented in
IMGC.

LaPA Audiovisual Preservation Laboratory from UdelaR, named as IMGL.
This set comprises digitized stills and slide scans derived from historical audiovisual
materials preserved by the General Archive of the University (AGU). Image quality
and color fidelity vary due to film aging and analog reproduction processes. Files
are in JPEG format, ranging between 200 KB and 1 MB. This source has more than

one image per represented artwork from a subset of artworks represented in IMGC.

Fundacion José Gurvich, named as IMGG. This collection was made avail-
able through a cooperation agreement between the Universidad de la Republica
(UdelaR) and the Fundacion José Gurvich. It includes high—quality color reproduc-
tions (TIFF/PNG, 100 MB each) of works by members of the Taller Torres Garcia,
particularly José Gurvich. Special thanks are extended to Eugenia Méndez, from
Fundacién José Gurvich, for her coordination and support in granting access and

permissions. This source has only one image per artwork.

Studio Captures from MTG and Torre de las Telecomunicaciones, named as
IMGS. This small but technically rigorous dataset consists of high-resolution stu-
dio captures (TIFFs, up to 300 MB) and grayscale film images, all produced under
controlled lighting conditions and subsequently calibrated. Two separate photo-
graphic sessions were conducted: the first at MTG, and the second at the Torre de
las Telecomunicaciones (ANTEL), where the remaining murals painted by the TTG
at Hsopital Saint Bois are currently located. Both sessions were conducted under
standardized lighting and color conditions (see Figure 3.3). This source has more

than one image per represented artwork.

At the MTG, paired analog and digital captures were produced for selected
works by Joaquin Torres Garcia and Gonzalo Fonseca. Photographer Luis Sosa, to-
gether with Ignacio Seimanas, carried out the session, combining traditional analog

film techniques with high—definition digital imaging. The analog process employed
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Figure 3.3: Documentation of the photographic acquisition process. The sequence illus-
trates the dual analog—digital workflow implemented to obtain calibrated images of artworks
by JTG and TTG. The first two rows show the setup of large-format analog cameras, light-
ing control, and film exposure, while the third row documents the calibration of distance,
focus, and color targets, together with high-definition digital captures. Photographs by Ig-
nacio Seimanas.

silver—based emulsions on film, where light exposure formed a latent image later
developed chemically in a darkroom, yielding exceptional tonal depth and fidelity
in grayscale. Complementary digital photographs were then taken with modern

high-resolution cameras, ensuring chromatic accuracy and material detail.

The second session took place at the Torre de las Telecomunicaciones, coordi-
nated by Alejandro Diaz from the MTG, in collaboration with ANTEL authorities.
In this phase, Ignacio Seimanas and Jaime Vazquez conducted high—definition color

captures of the murals created by the TTG.

All images from both sessions were carefully color—calibrated (for more details
about calibration please see Section 2.1) by Luis Sosa, Ignacio Seimanas, and Jaime
Viézquez, who also performed monitor calibration at the MTG and on the author’s
workstation, ensuring consistent chromatic accuracy across devices and viewing

environments.

Special thanks are extended to Luis Sosa, Ignacio Seimanas, and Jaime Vazquez

for their technical expertise and dedication throughout the acquisition process, and
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to Alejandro Diaz for coordinating access and logistics with ANTEL and the Torre

de las Telecomunicaciones.

Destroyed artworks from MTG Archive, named as IMGD. The grayscale im-
ages shown in Figure 3.4 correspond to a dataset composed of 52 photographic
records of the pieces destroyed in the 1978 fire. These materials were also provided
by the MTG. Most originate from analog photographic records that were subse-
quently digitized by the MTG team, resulting in variable quality and contrast levels.
The digitized files are in PNG format, averaging approximately 40 MB each. This
source has more than one image per represented artwork. Some photographs focus
exclusively on the artwork itself, while others include parts of the surrounding room

or exhibition space where the piece was displayed.

Name Source / Number of Format Size Color 3D
Archive Images
IMGC Catalogue 2,427 JPEG 29 KB Color/  Yes
Raisonné Grayscale
IMGCec Ceciliade 21 JPEG, PNG 0.4-12 MB Color Yes
Torres
Archive
IMGM  MTG 2,590 TIFF, JPEG up to Color / Yes
100 MB Grayscale
IMGP MAM Paris 13 TIFF 14-67 MB Color Yes
IMGL LAPA 21 JPEG 0.2-1 MB Color/ No
Grayscale
IMGG Fundacién 145 TIFE, PNG ~100 MB Color Yes
José
Gurvich
IMGF Gonzalo 20 TIFF ~30 MB Color Yes
Fonseca
Archive
MTG)
IMGS MTG & 10 TIFF up to Color/  Yes
ANTEL 300 MB Grayscale
IMGD  MTG photo- 52 PNG ~40 MB Grayscale Yes
graphic
archive

Table 3.2: Summary of image sources: name of the set, their institutional sources, number
of images, formats, image size, grayscale or color, and if they include images from 3D

objects.
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Figure 3.4: Grayscale photographic records from the MTG archive corresponding to some
destroyed artworks. Titles and their respective catalog reference numbers (in parentheses)
(Catalogue Raisonné). Row 1 — (1) TN5 (1931.09), (2) Infinito (1942.19), (3) Pintura
(1937.40), (4) Composicion (1938.34); Row 2 — (1) Pintura Constructiva (1929.18), (2)
Pax in Lucem (1944.27), alternate view 1, (3) Pax in Lucem (1944.27), alternate view 2, (4)
El Tranvia (1944.30); Row 3 — (1) Cabeza (1921.14), (2) ABC (T4.617), (3) Pacha Mama
(1944.12), (4) Forma (1944.29). Courtesy of the Museo Torres Garcia.
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3.2. Construction of Datasets

The image sources described in the previous section are not entirely disjoint.
While most of their files are distinct, several depict the same underlying artwork,
producing intersections at the level of represented paintings rather than at the level
of file identity. Given the heterogeneity of these files, identifying all versions of
a given work was particularly challenging, especially considering the lack of stan-
dardized titles (as JTG did not assign names to most of his artworks) and the di-
versity of formats and colorizations across archives. Figure 3.2 shows an example
of overlap at the artwork level. In this example, the same artwork appears in four
different collections. The top row shows the IMGP and IMGM versions, from left
to right. The bottom row shows the IMGM and IMGCec versions, from left to right.

Let P denote the set of all artworks by JTG, and O the set of artworks produced
by members of the TTG. These two sets serve as the basis for defining the cover-
age, intersections, and overlaps of each set described in Table 3.3 and visualized in
Figure 3.5. It should be noted that P corresponds to the artworks documented in the
Catalogue Raisonné («Joaquin Torres Garcia Catalogue Raisonné», 2003), while

there is no complete inventory of O.

Using the already mentioned image source sets, four progressively inclusive
datasets were constructed to train and evaluate the colorization model. Each dataset
builds upon the previous one, ensuring a shared evaluation subset and allowing
consistent comparison of model performance under equivalent test conditions. This
hierarchical organization enables the analysis of how data quantity, curatorial pre-
cision, and chromatic diversity influence the model’s behavior. Please note that
grayscale and three-dimensional artworks were excluded from all training datasets.

The resulting dataset configurations are as follows:

D;: This dataset contains high-resolution images of Joaquin Torres Garcia’s
artworks. Here, high-resolution refers to digitized files with greater defini-
tion than those available in the public online catalogue. When multiple image
versions of the same artwork existed, the most accurate and visually consis-
tent reproduction was selected under the expert supervision of Carlos Serra at
MTG. This dataset provides partial coverage of P. Let P’ C P denote the set
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Name  Artworks Coverage artworks Multiplicity Overlap (artworks/images)
in set

IMGC P All P 1 per work  Artwork-level overlap with
IMGCec, IMGM, IMGP,
IMGL, and IMGS / Image
overlap with IMGM

IMGCec P Subset P! C P >1 per work Artwork-level overlap with
IMGC and IMGM

IMGM P All P >1 per work Artwork-level overlap with
IMGC, IMGCec, IMGP,
IMGL, and IMGS / Image
overlap with IMGC

IMGP P Subset P2 C P 1 per work  Artwork-level overlap with
IMGC, IMGCec, IMGM, and
IMGL

IMGL P Subset P3 C P >1 per work Artwork-level overlap with
IMGC, IMGCec, IMGM, and
IMGP

IMGG O Subset O! C O >1 per work Artwork-level overlap with
IMGEF, and IMGS

IMGF O Subset 0% C O >1 per work Artwork-level overlap with
IMGF, and IMGS

Subsets

IMGS P,0 Piepob O

>1 per work Artwork-level overlap with
IMGC, IMGM, IMGCec,
IMGD, IMGL and IMGF

IMGD P Subset P°> C P >1 per work Artwork-level overlap with

all P sets

Table 3.3: Characteristics of the source image sources, including their art coverage, multi-
plicity (amount of images per work) in artworks representation, and possible overlap levels
(either at the artwork or image level).

of artworks represented in D;. Size: 546 images.

D.: D; U {IMGF, IMGG, IMGS}. This dataset extends D; by incorporating
high-resolution images of artworks produced by members of the Taller Torres
Garcia, while maintaining a single representative image per artwork, as in D;.
The inclusion of these additional sources aimed to increase dataset diversity
while preserving image quality, expanding the range of visual compositions,
textures, and color palettes available for training. Partial coverage of both P
and O. Size: 708 images.

Ds: Do UIMGC(P\ P'). This dataset completes the coverage of all artworks

in P that are not represented in D;. For each artwork p € P\ P’, the corre-
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IMGCec

@@@ = IMGS

Figure 3.5: Visual representation of image sources intersections. Left: P is the set of
Paintings of JTG. IMGC and IMGM have full representation of all P and for that reason,
they overlap in representation. While IMGD, IMGP, IMGL and IMGCec include partial rep-
resentations of P and they have partial overlap in representations as well. Right: O is the
set of Paintings of TTG. There are partial overlapping between IMGF and IMGG. The Stu-
dio dataset IMGS bridges the domains (P and O) via the high-quality/studio images and
has partial respresentation of both P and O, and overlaps IMGF at artwork-level.

sponding image was retrieved from IMGC and added to the dataset, ensuring
full coverage of P. Each artwork remains represented by a single image. Full
coverage of P; partial coverage of O. Size: 1,964 images.

Dy: This dataset extends D3 by incorporating all remaining image variants
of each artwork from all available sources. Consequently, some artworks are
represented by multiple images. Full coverage of P; partial coverage of O.

Size: 2,410 images.

3.2.1. Train, Validation and Test Partitions

For each dataset Dy, the data was divided into three subsets: training (Try,
70%), validation (V, 15%), and test (T, 15%), preserving the hierarchical struc-

ture across datasets. This means that each subset is contained within the next one
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(e.g., Ty C Ty C Ty C Ty), so that Ty includes all previous test sets. This is
illustrated in Figure 3.6.

For the dataset D, which includes multiple image representations of the same
artwork, all images corresponding to a given work were assigned to the same split.
In other words, if one image of an artwork was included in the training set, no
other image of that artwork appeared in the validation or test sets. This constraint
ensured per-artwork consistency across the hierarchy and prevented data leakage,
guaranteeing that the model never encountered any version of a test artwork during

training and vice versa.

Figure 3.6: Schematic representation of the four datasets (D;—D,) and their hierarchical
partitions into training (Try), validation (V}), and test (T) subsets (70%, 15%, 15%). Each
dataset fully contains the splits of the previous one: the blue (T), green (V;), and orange
(Try) subsets of D; are entirely included within the corresponding subsets of D-; likewise,
D5 is nested in D3, and Ds in Dy.



3.2.2. Data pre-processing methodology

Due to differences among the image sources, it was not straightforward to de-
termine which images depicted the same artwork. Therefore, a mixed approach

combining automated matching techniques and expert human review was used.

3.2.2.1. Automatic Detection

First, the names and sizes of the files were compared to automatically detect
images corresponding to the same artwork. A feature-similarity comparison was

then performed on the remaining files to identify further duplicates.

Name and size. Files were listed by size (in bytes). Exact matches in both name

and size were considered obvious duplicates.

Feature similarity. A pre-trained VGG16 (Simonyan & Zisserman, 2015), im-
plemented in Keras (Chollet et al., 2015) and trained on ImageNet (Russakovsky et
al., 2015), was used as a feature extractor. For a VGG overview, please see Section
2.3.1.1. Following the procedure outlined in the technical tutorial (Samarasinghe,
2023), each image was resized to 224 x 224 pixels, normalized, and fed into the net-
work to obtain feature embeddings from the penultimate layer. Pairwise similarities
between feature vectors were then computed using the cosine similarity between

two vectors @ and U:

sim(i, 7) = W dist(@,7) = 1 — sim(i, 7).

For each image in the source dataset, the five most similar candidates in the tar-
get dataset were retrieved using this metric. This top-five retrieval strategy made
it possible to identify potential duplicates or alternate versions of the same artwork

across collections, without requiring a fixed similarity threshold. Experts subse-
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quently validated visually close cases to confirm true correspondences.

3.2.2.2. Manual Review and Selection Criteria

All image pairs identified through the feature similarity process according to the

following rules:

If the same artwork appears more than once with similar quality, an MTG

expert selects the best sample, considering the chromatic fidelity and detail.

If quality differs, the best-quality image is retained.

If images are identical, only one copy is kept.

If both grayscale and color versions exist, the color version is retained.

3.2.2.3. Examples of data heterogeneity

To illustrate the data inconsistencies described above, representative examples
of the main issues encountered during dataset construction are presented here.
These include instances of the same artwork stored in multiple file resolutions
within a single source (Figure 3.7), discrepancies in colorization across versions
(Figure 3.8), and cases where several images of the same artwork appear under in-
consistent naming conventions and color treatments (Figure 3.9). Additionally, Fig-
ure 3.10 highlights a common issue in comprehensive art catalogues, where distinct
artworks corresponding to exploratory or study processes may appear visually very
similar. In such cases, they may be incorrectly identified as duplicates, while expert
curatorial review reveals them to be separate works, often differing in technique,

color treatment, or material execution.
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Figure 3.7: Two versions of the same artwork (1931.49) with different names (1931-
492028new29 and 1931-492028new292) and sizes (37KB and 5.3MB), from IMGM.

Figure 3.8: Same artwork (1932.09) with different colorization from different sources IMGC
and IMGM.

Figure 3.9: Same artwork (1949.11), different resolutions and colorization. From IMGM.
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Figure 3.10: Different images from different artwork, 1898.01 left and 1898.02 right. From
IMGM and IMGC.
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Chapter 4

Methodology

This chapter presents the methodology followed throughout the work, from the
initial model selection process to the fine-tuning experiments. The goal was to
identify, adapt, and validate a colorization model capable of reconstructing plausible

and consistent color representations for Joaquin Torres Garcia’s artworks.

The methodology builds upon and extends the research introduced in two ML-
Brief papers: A Short Analysis of BigColor for Image Colorization (Garcia et al.,
2024b) and A Brief Analysis of iColoriT for Interactive Image Colorization (Garcia
et al., 2024a). These publications provided the preliminary benchmarking neces-
sary to select the most appropriate architecture for the specific constraints of artistic

restoration.

4.1. Analysis of Colorization Methods

Building on the terminology introduced in Section 2.2, the goal of this analysis
was to compare three representative paradigms of color priors: (i) fully automatic
deep learning methods that rely exclusively on dataset priors, (ii) exemplar-based
approaches that incorporate into the dataset priors a reference image to guide chro-

matic transfer, and (iii) hybrid interactive methods that integrate dataset priors and
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user-provided scribbles to resolve ambiguous regions.

Although more recent methods have since emerged, the selected models consti-
tute the most relevant and technically mature approaches available during the early
phases of this work.

To determine the most suitable approach for adaptation to artistic image restora-
tion, two state-of-the-art models were initially evaluated: BigColor (Kim et al.,
2022) and iColoriT (Yun et al., 2023). In the taxonomy introduced above, BigColor
corresponds to paradigm (i), as it is a fully automatic method that relies exclusively
on dataset priors learned from large-scale image collections. And iColoriT aligns
with paradigm (iii), since it augments learned priors with user-provided color hints,

placing it within the hybrid interactive family of methods.

A third model, Color2Embed (Zhao et al., 2021), representing paradigm (ii),
was initially evaluated by running the inference pipelines available in the authors’
public GitHub repository' and using the released pretrained weights. While this en-
abled a qualitative inspection of the model’s exemplar-based colorization behavior,
the lack of detailed instructions prevented further model adaptation. As a result,

Color2Embed was excluded from the subsequent experiments.

This chapter describes iColoriT (Yun et al., 2023), the method on which our
approach to color restoration is based. For a detailed description of BigColor (Kim
et al., 2022), please refer to the MLBrief publication (Garcia et al., 2024b), which

analyzes the original work.

4.1.1. iColoriT overview

iColoriT performs interactive image colorization using a Vision Transformer
(ViT; Dosovitskiy et al., 2021) to propagate sparse color constraints across the im-
age. The architecture comprises three main components, illustrated in Figure 4.1: a

transformer encoder responsible for propagating chrominance information, a pixel

!Official implementation of Color2Embed available at https:/github.com/zhaohengyuan1/
Color2Embed
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shuffling module that reshapes the patch-level output into the image grid, and a lo-
cal stabilization layer that smooths color transitions between neighboring patches

after the shuffling stage.

7
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Figure 4.1: Overview of iColoriT. A patch embedding layer transforms the input X into
a sequence of patch tokens X,,. These tokens are processed by the transformer encoder,
producing Y;,, which is refined by a local stabilization layer to yield Y. The stabilized tokens
are then reshaped by a pixel shuffling module, producing a chrominance prediction X!, that
is resized to the original image resolution and concatenated with the luminance channel L.

The model operates on images represented in the CIELAB color space. In prac-
tice, we adopt the RGB-to-CIELAB conversion code provided by the authors, which
follows the RGB—CIEXYZ-CIELAB pipeline and the sSRGB specification, as de-
scribed in Section 2.1.2. In addition to this standard color space transformation,
the authors introduce an ad hoc normalization tailored to the learning setting. After
conversion, the lightness component L and the chromatic components a and b are

normalized.

Starting from an input image of size H x W x C, possibly grayscale (C' = 1)
or color (RGB, C' = 3), the image is converted to the normalized CIELAB color
space and resized to 224 x 224. The luminance channel L is taken as the grayscale
image to be colorized and is provided to the network together with a constraint
representation, whose construction depends on the context in which iColoriT is

used, leading to non-interactive and interactive input configurations.

Non-interactive mode. In the non-interactive configuration, primarily used for
training, evaluation, and reproducible experimentation, color constraints are spec-

ified offline, for instance, as a list of pixel coordinates stored in a text file. These
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coordinates are remapped to a 224 x 224 grid. In this setting, the input image is
required to be available in color in order to extract ground-truth chrominance val-
ues at the specified locations. These chrominance values, together with their spatial
positions, are used to construct a constraint representation. The input X is formed
by concatenating the luminance channel L with the corresponding constraint rep-
resentation and is fed to the colorization network. An illustration of this process is

shown in Figure 4.2.

<oy

resize and o
convert to 224 x 224 x 1

Lab

224 % 224 x 3

HxWx3

(1, 21)
(y2,2)

hint generator

224 % 224 x 2

Figure 4.2: Process of converting the color input image and the list of position hints into
the three-channel input image (non-interactive mode). The ground-truth image X,q, is re-
sized to 224 x 224 x 3 and converted to the CIELab color space. A list of coordinates
{(y1,21), .-, (yn, x>)}, With Z the number of hints provided, and the resized chrominance
channels (a,b) are passed to the hint generator module, resulting in a 2-channel hint mask.
The hint generator rescales the coordinates relative to an image of size 224 x 224. The
resized luminance L is concatenated with the hint mask, resulting in the 3-channel input X.

Interactive mode. In the interactive setting, color constraints are specified
through a graphical user interface, where the user places sparse color hints directly
on the image. These hints are remapped to the 224 x 224 grid and converted to
the normalized CIELAB representation using the same conversion and normaliza-
tion pipeline as the input image. The chromatic components of the hints define
a two-channel constraint representation (ay, by ), which represents sparse chromi-
nance values at the specified spatial locations. The resized luminance channel L
is concatenated with the chrominance hint channels (ay,by,), yielding the three-

channel input X that is fed to the colorization network (Figure 4.3).
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HxWx1 224 % 224 % 1
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Figure 4.3: Construction of the input X in the interactive mode. The luminance channel L is
obtained from the resized CIELAB representation of the input image. User-provided color
hints, specified as a set of pixel coordinates together with their associated chrominance
values, are converted into a two-channel chrominance map (ap,bs). The final input X is
formed by concatenating L and (ap, b, ).

Transformer encoder The input X is first embedded into X, a sequence of N
tokens of dimension d = P x P x C, where N = H'W’/P? is the number of
tokens, P is the size of the patch side, and C' = 2. This sequence is obtained by
passing X in a patch embedding layer composed of one convolutional layer of d
kernels of size P x P and a stride of size P. The resulting sequence of tokens X, is
the input to the encoder transformer, and its output is Y}, of the same shape as X,,.
The different stages of the transformer encoder are as follows. First, as explained
in Section 2.3.2, a sinusoidal positional encoding £, (Dosovitskiy et al., 2021) is

added to the input X, yielding

Transformer block at layer I
Figure 4.4: iColoriT. Encoder transformer block at layer I. The intermediate result z, is the
concatenation of the output of layer I-1 and the same signal processed by a normalization

layer NL and a Multi-headed self-attention layer M SA. A second step normalizes zl and
passes it through an MLP that comprises one hidden layer to obtain z;.

As shown in Figure 4.4, a cascade of L multi-headed transformer blocks follows.

These blocks are described in Section 2.4 and are computed here as
2, = MSA(NL(21)) + 211 4.1)
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and
2z = MLP(NL(zl’)) + zl’ 4.2)

The last stage yields the output of the transformer

Y, = NL(z,). 4.3)

Please recall that MSA(-) denotes the multi-headed self-attention layer, while
NL(-) denotes the normalization layer. The MSA layer computes the attention layer

output as:
-

. QK
Attention(Q, K, V') = softmax
© ) ( Vd

where Q, K,V € RY*? are the query, key, and value matrices. The term B €
RN XN

+ B) V, 4.4)

represents the relative positional bias, which is added to supplement the in-
put positional encoding E,,s, compensating for the fact that self-attention does not

inherently capture position-related information.

Please note that iColoriT adopts a Pre-Norm configuration as described in 2.4.
The Layer Normalization (NL), implemented via the t orch . nn module, is applied
before the Multi-Head Self-Attention (MSA) and MLP blocks, rather than after.
Specifically, the NL operation standardizes the input features across the channel
dimension to stabilize gradients during training, while retaining learnable affine
parameters to preserve representational capacity (Ba et al., 2016). Furthermore, the
MLP block (comprising one hidden layer of 4 x d dimensions) utilizes a GELU

activation function instead of the standard ReLLU.

Decoder: Local Stabilization and Pixel Shuffling This stage functions as a de-
coder, reshaping the Transformer encoder’s output to restore the original image’s
spatial resolution and yielding the two chrominance channels. This is efficiently

achieved using two sequential operations: a Local Stabilization and Pixel Shuffling.

Pixel Shuffling The pixel shuffling layer reshapes an image of size H' x W’ x
(P? x C') into an image of size (H' x P) x (W' x P) x C. The output Y, of the
transformer can be viewed as an image of size (H'/P) x (W’/P) x (P* x 2). Then,
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by passing Y, through the pixel shuffling stage, every channel in Y, is resized to a

patch of size P x P x 2, yielding an image of size H' x W' x 2.

Local Stabilizing Layer Yun et al. (2023) point out that, for a patch side
size P greater than eight, the resulting images, after applying pixel shuffling, have
visible artifacts along the image patch boundaries. To avoid this, a stabilization

layer is applied before the pixel-shuffling stage.

This stabilization layer consists of a convolutional layer with d filters of size
3 x 3 and stride 1. The input to the stabilizing layer is Y), of size H'/P x W' /P x d,
and the output is Y, of the same size. Y} is then passed to the pixel shuffling stage,
which produces the chrominance image X/, of size H' x W' x 2, which is finally
resized to an image of size H x W x 2 and labeled X ;. It is important to emphasize

that this output corresponds solely to the chrominance channels (a, b).

Predicted color image The predicted color image X is the result of concatenating

the input luminance channel L € RZxWx1

channels, X,;, € R7”*"*2 which are obtained from the decoder.

and the two predicted chrominance

4.1.1.1. Original Training

To train the iColoriT network, the Huber loss is employed as the objective func-
tion. While the comparison is formally defined between the predicted image X
and the ground truth image X in the CIELab color space, note that the luminance
channel L is identical in both. Consequently, the loss effectively quantifies the re-
construction error solely between the predicted chrominance channels X, and the

ground truth chrominance X .
The Huber loss, between X’ab and X, is defined as follows (Yun et al., 2023):

~ 2 ~
%(Xab—Xab> i ‘Xab—Xab <1,

4.5)

Lrecon -

— 3, otherwise.

)Xab - Xab

62



The network was trained on the ImageNet 2012 train split images (Russakovsky
etal., 2015). The image set consists of 1281167 images. During training, the images
were resized to 224 x 224. The patch size was set to P = 16; hence N = H'/P x
W'/P = 196 and d = 512. The number of transformer blocks was set to L = 12,
and the number of heads per transformer block was set to /7 = 12. In training,
the hints were generated by randomly selecting a position and number of hints,
and assigning the average color from the ground-truth color image to each hint.
Specifically, the number of hints was uniformly sampled from 0 to 128 for each
batch and epoch. The AdamW (Loshchilov & Hutter, 2019) optimizer was used
with a cosine annealing learning rate schedule (Loshchilov & Hutter, 2017), as
described in 2.5.3.

4.1.2. Experiments

The purpose of these experiments was to verify some of the performance results
presented by the authors (Yun et al., 2023) by comparing the Base and Small mod-
els (two of the three models provided by the authors), the number and location of
hints, and how much the size of the hint affects the results. After finding that the
Base model and a hint size of 2 were the best choices, several experiments with
different datasets were conducted with those two parameters fixed. We used images
from ImageNetlk (Russakovsky et al., 2015), a subset with 1000 labels from the
original ImageNet dataset (Russakovsky et al., 2015), from CUB (Welinder et al.,
2011), and from the Oxford 102flowers («Automated Flower Classification over a
Large Number of Classes», 2008) datasets (mentioned by the authors in the original
paper). Some experiments were also done with artistic images. These results are

discussed in Section 4.1.2.4.

4.1.2.1. Performance experiments

Small model vs Base model The authors provided three model types: Tiny (the
smallest), Small (the medium), and Base (the largest). Base vs. Small models were
tested. The paper claims that with 10 hints, the performance of the three models

was similar. In our tests, the qualitative performance of Base seems to be better
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than Small, as shown in Figure 4.5 for up to 30 hints. After this experiment, the

Base model was used for all subsequent experiments.

Base 1 hint Small 1 hint Base 20 hints Small 20 hints

Base 30 hints Small 30 hints Base 50 hints Small 50 hints

Base 100 hints Small 100 hints Base 200 hints Small 200 hints

Figure 4.5: Comparison between Base and Small iColoriT models for varying number of
hints. The first row shows the ground truth (GT) image. The number of hints varies from
1 to 200. Note how the results become (subjectively) similar after 30 hints. Images from
Imagenet (Russakovsky et al., 2015)
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Number and location of hints One challenge with this method is determining
where to place the color hints and how many to use. Is it possible to achieve the
same results with the same amount of hints but in different locations? To answer
this question, the following experiment was conducted. For a fixed number of hints,
two different results were generated: one where the positions of the hints were man-
ually selected and another where the positions of the hints were randomly generated
by sampling from a uniform distribution. This procedure was repeated for different
numbers of hints. As the number of manually selected hints increases, the pre-
viously chosen hints are kept, and new ones are added. In the case of random hint
positions, each result is obtained by randomly generating all hints anew, which does
not guarantee that the hint positions of one experiment are included in the set of po-
sitions of the next one. As shown in Figure 4.6 and 4.7, location has a notorious
effect on the results, but it diminishes as the number of hints grows. For example,
in Figure 4.6, for an example taken from the ImageNet dataset (Russakovsky et al.,
2015), it is possible to see that the colorization is much more accurate when the hint
positions are manually defined than in the randomly generated hint positions case,
for the five-hint experiment. Once the number of used hints exceeds 20, the results
are very similar. The same observation applies to the experiment depicted in Figure
4.7, where random generation cannot achieve accurate colors with fewer than 20

hints.

Hints size As in the original paper (Yun et al., 2023), the effect of the hint size
on the colorization results was analyzed. Since hints are generally larger than a
single pixel and the colors of all pixels contained in the hint are used to determine
the unique color of the entire hint, it seems relevant to analyze the influence of this
parameter on the colorization performance. Different square hint sizes were tested:
1x1,2x2,4%x4,7x7,and 8 x 8. Note that the hint is a square patch in the resized
224 x 224 image, and that the shape of the respective hint in the original image has
the same aspect as the original image and is not necessarily square. As shown in
Figure 4.8, sizes 2 x 2 and 4 X 4 give the best results. Consequently, the square
hint size was set to 2 x 2. Using a larger hint size will result in inaccurate coloring.
The process of determining a hint color is as follows: first, the input color image,
resized to 224 x 224, is down-sampled by the hint size. The chrominance channels
of the resulting image are then multiplied by a binary mask with ones at the hint

locations and zeros otherwise. Finally, these masked chrominance are upsampled
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1 hint 5 hints 10 hints 20 hints

Figure 4.6: iColoriT results for different numbers of hints and hint locations on a dog im-
age from the ImageNet dataset (Russakovsky et al., 2015). First row: Ground truth (GT)
input image. First to fourth columns: 1, 5, 10, and 20 hints. Second row: Random hint
location. Third row: manually selected hint location.Images from Imagenet (Russakovsky
et al., 2015)

back to 224 x 224 using nearest-neighbor interpolation. This step effectively assigns
the sampled color value to the entire spatial extent of the hint, resulting in a uniform

color for the whole £ x k patch passed to the network.

4.1.2.2. Natural image datasets

As it was mentioned in 4.1.1.1 the ImageNet 2012 train split (Russakovsky et
al., 2015) was the training dataset used for iColoriT. ImageNet ctest1Ok valida-
tion split was used as a standard benchmark for evaluating colorization models.
The ImageNet ctestl0K is a subset of the ImageNet 2012 validation split. Addi-
tionally, the authors tested two other image datasets, CUB (Welinder et al., 2011)
and Oxford 102flowers («Automated Flower Classification over a Large Number

of Classes», 2008). The iColoriT performance was tested on Imagenetl K (Rus-
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5 hints 10 hints ~ 20hints
Figure 4.7: iColoriT results for an image from Torres Garcia’s painting with different num-
bers of hints and random hint generation vs. selected by user location. First row: Ground
truth (GT) input image. Second row: Random location. Third row: selected location. In the

last two rows, first to fourth columns: 1, 5, 10, and 20 hints. Image from IMGM.

Figure 4.8: Influence of the hint size on iColoriT. From left to right: the ground truth input
(GT) and different colorization results with varying hint sizes: 1 x 1, 2 x 2, 4 x 4, 7 x 7,
and 8 x 8. The same number and position of hints are used in each image. Image from
Imagenet (Russakovsky et al., 2015)

sakovsky et al., 2015) -a 1000-1abel subset of the original ImageNet-, CUB, and the
Oxford 102flowers datasets. The following experiments used the Base model and a

square-shaped hint of size 2 x 2.

Imagenet First, the performance was tested on images from Imagenet1K, assum-
ing this is the best scenario. The results are shown in Figures 4.9 and 4.10. It can
be observed that for images with straightforward semantic content (as in the first
two rows of Figure 4.9), iColoriT doesn’t need many hints to achieve a good result;

between 5 and 10 hints will be enough, and even 0 hints is a very good result. As
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the complexity of the semantic content increases, the method requires more hints
to display color details, as is evident in the flowers in the third and fourth rows of
Figure 4.9 or in both examples of Figure 4.10. In the case of the flowers exam-
ple, more than 50 hints are needed for a satisfactory colorization result, and even
more hints improve the finer details. For the concert example in Figure 4.10, at
least 50 hints are needed to color the girl’s shirt, and up to 200 hints are required
to avoid the greenish background guitarist. For the piano example in Figure 4.10,
up to 100 hints are needed to start colorizing the little girl’s pants. It is important
to note that the method can colorize with zero hints in a fully automatic mode. For
these experiments, hints were generated randomly; however, as the number of hints
increased, previously generated hints were retained, and new ones were added. For
example, to generate 50 hints, the first ten hints were retained, and 40 new ones

were randomly generated.

CUB Figure 4.11 shows the iColoriT results for the Caltech-UCSD Birds-200-
2011 (CUB)(Welinder et al., 2011) dataset, a public bird image dataset mainly used
for classification tasks. The method produces satisfactory colorization above 50
hints in both examples. The observations are similar to those in the ImageNet ex-

periment.

Oxford 102flowers dataset The Oxford 102flowers dataset («Automated Flower
Classification over a Large Number of Classes», 2008) consists of 102 different
categories of flowers common in the UK. Images in this dataset exhibit large-scale,
pose, and lighting variations. This dataset was used for testing, as described in
the original paper. Flower images typically exhibit high levels of detail at multiple
scales, making them of great interest for evaluating the algorithm’s performance
on this type of image. The results are shown in Figure 4.12. The number of hints

needed to achieve good results in both examples lies between 50 and 100.

Trade-off between priors The goal of these experiments was to evaluate the
trade-off between the color hints provided by the user and the color priors learned
by the model from the training dataset, and their impact on colorization results. To

accomplish this, the demo provided by the authors was tried, which allows users
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S 0o

10 hints 50 hints 100 hints 200 hints

Figure 4.9: Experiment with iColoriT on the Imagenet1K dataset (Russakovsky et al.,
2015). The first (rows 1 and 2) shows a very simple semantic image. The second (rows 3
and 4) shows a more complex scene. For each example, several colorization results are
shown for an increasing number of hints (0, 5, 10, 50, 100, and 200).

to select different hint colors for a given grayscale input. In Figure 4.13, different
hint colors were tried to colorize the same input image. In the left example, three
hints were placed to be coherent with the color priors of the image dataset used for
training. In the middle example, the same hint locations were kept, and the hint
color in the dog’s ear was changed from brown to purple. There are no purple-dog
color priors in the training dataset, so the propagation of this color hint is limited;
the other ear is not colored purple. In the right example, several hints were added to

the grass using colors such as purple and pink. However, these colors are inconsis-
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10 hints 50 hints 100 hints 200 hints

Figure 4.10: iColoriT experiments with the Imagenet1K dataset (Russakovsky et al., 2015).
The first (rows 1 and 2) shows a concert scene with fog and blurred people in the back-
ground. The second (rows 3 and 4) shows a scene with multiple object instances. For each
example, several colorization results are shown for an increasing number of hints (0, 5, 10,
50, 100, and 200).

tent with the color priors learned from the dataset and are therefore not propagated
to the rest of the grass. The grass color changes to a less saturated brownish color

without clearly accepting these peculiar colors.

4.1.2.3. Paintings

This section focuses on experiments designed to explore how iColoriT colorizes
abstract paintings. This is an interesting test, as the colors and semantics of the

abstract paintings differ from those represented in the training set.
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GT Grayscale 0 hints 5 hints

10 hints 50 hints 100 hints 200 hint

0 hints

10 hints 50 hint 100 hints 200 hints

Figure 4.11: iColoriT experiments with the CUB dataset (Welinder et al., 2011) for two
bird examples. For each example, several colorization results are shown for an increasing
number of hints (0, 5, 10, 50, 100, and 200).

Joaquin Torres Garcia’s paintings. Figure 4.7 and the first two rows of Figure
4.14 show experiments using color photographs taken from existing paintings that
belong to the Museo Torres Garcia. In the last two rows of Figure 4.14, a Mondrian
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10 hints

50 hint 100 hints 200 hints

Figure 4.12: iColoriT experiments with Oxford 102flower dataset («Automated Flower Clas-
sification over a Large Number of Classes», 2008) for two flower examples. For each ex-
ample, several colorization results are shown for an increasing number of hints (0, 5, 10,
50, 100, and 200).

painting ! provides another example of coloring abstract artworks. In general, it can
be observed how well this method colorizes the paints. In this case, both Torres

Garcia’s and Mondrian’s paintings yield fairly good results with 50 or more hints.

Ipicryl.com.
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Figure 4.13: iColoriT experiment. Trade-off between color hints and color priors learned
from the dataset. Each column displays the grayscale image to be colorized, its color hints
at the top, and the resulting colorization at the bottom. Left column: three "normal” color
hints. Middle column: unusual purple hint on the dog’s ear. Right column: unusual purple
and pink hints on the grass. Image from Imagenet (Russakovsky et al., 2015)

4.1.2.4. Discussion

The iColoriT method is a hybrid colorization method that combines color priors
learned from a large dataset with color priors provided as color hints. This gives
better control over the colorized output. This method generally achieves very good
results with fewer than 20 hints for a not-too-complex image when the hints’ lo-
cations and colors are accurate. Results for images with simple semantics require
very few hints, as shown in Figures 4.9, and 4.11, in contrast to images with more
complex semantics, as the ones shown in Figures 4.10 and 4.12, which require twice

as many hints.

Because of the method’s interactive nature, some typical drawbacks of image
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100 hints 200 hints

Grayscale 0 hint 5 hints

10 hints 50 hints 100 hints 200 hints

Figure 4.14: iColoriT experiments with Torres Garcia and Mondrian Paintings. Torres Gar-
cia paint: rows 1 and 2. Mondrian paint: rows 3 and 4. From top to down, left to right:
Ground Truth (GT), Grayscale, 0, 5, 10, 50, 100 and 200 hints.) Image from IMGM and
Public domain images

colorization methods, such as color bleeding and the misrepresentation of the color
palette in an image, can be quickly addressed and corrected. Figure 4.15 shows a
color bleeding artifact (note the reddish zone in the upper right part of the yellow
triangle, produced by the red triangle on top of it). As the second row of Figure

4.15 shows, this is corrected by adding a blue hint in this zone.

Figure 4.16 illustrates a case of color misrepresentation. The background of the
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Figure 4.15: iColoriT experiment showing a color bleeding example. Top left: grayscale
image to be colorized with a close-up showing no hint of bleeding in the area. Top right:
colorized image and close-up of the bleeding area. Bottom left: grayscale image to be
colorized with a close-up showing that a blue hint was added in the bleeding area. Bottom
right: colorized image and close-up showing the removal of the bleeding artifact. Image
from IMGM.

red structure must be blue on both sides, but the left part is gray. This is corrected
again by adding an additional blue hint in that region, as seen in the second row of
Figure 4.16. This is particularly helpful for tasks that require precise colorization,

such as image restoration.

Note the method’s behavior when no hints are provided. This case is equivalent
to an automatic colorization method. The results obtained, even if the exact colors
are not recovered, serve as a good starting point and demonstrate how the model

utilizes color priors from the training dataset and color hints when provided.

It’s important to note that the results for all experiments in this analysis are
obtained using color hints that are almost exactly the ground truth colors (since the
average of all pixels in the hint region is used as the hint color). In a real-world
colorization problem, it will be necessary to specify the positions of the hints and
the color of each hint (without information about the actual colors), which can make

the task more difficult and degrade the colorization results.

Another crucial point to consider is the significance of the priors learned by the

model, which play an essential role in determining the colorization outcomes. As
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Figure 4.16: iColoriT experiment showing a color inconsistency example. Top left: A
grayscale image to be colorized, along with a close-up showing the missing color region.
Top right: colorized image and close-up showing that both sides of the bottle are incon-
sistent; both should be blue. Bottom left: Grayscale image to be colorized and a close-up
showing that a blue hint was added in the inconsistent area. Bottom right: Colorized image
and close-up showing that both sides of the bottle are now consistent. Image from IMGM.

depicted in Figure 4.13, the number of hints required to achieve satisfactory results
varies depending on the color coherence with the color prior learnt from the training
dataset. For instance, in the experiment illustrated in Figure 4.13, the purple color
isn’t typically associated with elements within the dog image. Therefore, iColoriT
restricts the propagation of the violet hint even when a large number of violet hints
are provided. This aspect is especially relevant for art image restoration problems,
where the semantic—color relationships often differ from those observed in natural

image datasets.

While the results on artistic images are visually promising (Figures 4.7 and
4.14), and the model demonstrates capability in automatic colorization (Figures 4.9
and 4.10 with 0O hints), it is important to note the high degree of user intervention
required. As observed in the experiments, achieving satisfactory results on abstract
paintings typically necessitated 50 or more hints. This dependency on dense guid-
ance is a limitation for restoration tasks. Consequently, adapting this colorization
model to artistic datasets is desirable not only to incorporate painting semantics,
which differ significantly from those of natural images, but also to improve the
model’s internal priors. This adaptation aims to achieve high-fidelity restorations

with significantly fewer hints, reducing the burden on the expert user.
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4.2. Model Adaptation and Transfer Learning

Encouraged by the results presented in the previous section, the next step was to
adapt iColoriT to the artistic domain through targeted fine-tuning. To this end, sev-
eral transfer learning strategies were explored to adapt the pretrained colorization

model to the artworks datasets defined in Chapter 3.

4.2.1. Transfer Learning Strategies

To explore transfer learning strategies, an additional dataset was assembled from
available materials. It was constructed by combining partial IMGM, IMGCec,
IMGL, and IMGP, resulting in a total of 1,400 images. The same data—split ra-
tios defined in Section 3 were applied: 70% for training, 15% for validation, and
15% for testing. This dataset is not described in the main dataset chapter 3, as it
was constructed at an earlier stage of the project, prior to the completion of the
final data collection process. Although it includes images from sources that were
later expanded, it does not reflect the full extent or quality of the final datasets. In
particular, it contains no images from the Taller Torres Garcia and includes fewer
high-quality reproductions than those ultimately obtained. As such, it is used ex-
clusively for exploratory experiments and not for the core evaluation of restoration

performance.

Three Transfer Learning strategies were evaluated:

= Full Fine-Tuning (FFT): all parameters were updated during training, en-
abling maximum adaptation but with high computational cost and high risk
of overfitting.

= Partial Fine-Tuning or Frozen Blocks (FBFT): early transformer layers
were frozen, while later layers were retrained to adapt higher-level represen-
tations.

= LoRA: Low-Rank Adaptation (Hu et al., 2022) was applied to the attention
blocks, significantly reducing the number of trainable parameters while main-

taining adaptability.
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To evaluate these three strategies, several models were trained based on the Base
iColoriT architecture, which comprises 12 transformer blocks. For strategies 1 and
2, the original training script provided by the authors was used with one modifica-
tion: the ability to freeze specific blocks during the training. For the third strategy,
which does not rely on freezing model blocks, the code was adapted to introduce ad-
ditional low-rank trainable matrices within the attention layers. The pretrained Base
colorization model provided by the authors was the starting point for all strategies.
Each configuration corresponds to a model in which a defined number of trans-

former blocks remain frozen, while the rest are updated during training.

Strategies 1 and 2 are described and analyzed in Section 4.2.2 and strategy 3 is
analyzed separately in Section 4.2.4 because it differs substantially from the previ-

ous two approaches.

4.2.2. Strategies 1 and 2: Full and Partial Fine-Tuning.

In the first strategy (FFT), no transformer blocks were frozen (i.e., zero blocks
frozen), so all model parameters were updated during training. Preliminary exper-
iments revealed that updating all parameters did not improve performance relative

to the Base model; in fact, performance degraded.

A visual inspection of the colorized outputs revealed critical limitations of the
first strategy. Both the FFT model (from scratch and from the Base model weight)
exhibited degradation in image quality. As shown in Figure 4.17, the generated
images with the FFT from scratch lacked chromatic coherence, appearing sepia
when no hints were applied (automatic) or presenting chaotic color distributions

when 20 hints were applied.

The FFT from the Base model generally introduced a distinct type of artifact
when subjected to user guidance (20 hints). As illustrated in Figure 4.17, the output
displayed visible red "color patches" in the pan handle. This phenomenon suggests
a failure in the local stabilizing layer’s ability to smooth the transitions produced by
the pixel shuffling upsampling operation. While the stabilization layer is designed to

mitigate blocking artifacts, the domain shift between natural images and Torres Gar-
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cia’s geometric abstractions—combined with the constraints of 20 hints—appears

to result in disjointed patch predictions.

GT

0 hints

Base FFT rom scratch FFT from Base

Figure 4.17: Visual comparative colorization results. Painting 1947.14, at different hint
levels, 0 (automatic) and 20 hints (where hints were manually placed by a user). Rows
from top to bottom: Ground Truth (GT), 0, and 20 hints. Columns show inferences: Base
(left), Full fine-tuning from scratch (middle), and full fine-tuning from the base model (right).
Image from IMGM

Nevertheless, this configuration—representing the most challenging optimiza-
tion landscape due to the high number of trainable parameters was utilized to bench-
mark the learning rate schedulers. As detailed in Section 4.2.3, analyzing the loss
evolution under this setting allows us to isolate and assess the impact of the chosen

learning rate scheduler.

For the second strategy (FBFT), several configurations were explored by freez-
ing different numbers of early transformer blocks, while retraining the remaining

ones. These configurations are summarized in Table 4.1. To evaluate this strategy,
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we used the PSNR between the ground-truth and predicted chrominance values,
computed as the average PSNR across a subset of 12 test images. The selected
images were: 1947.14, 1928-129, 1929-54, 1929-64, 1930-14, 1930-30, 1932-38,
1932-49, 1932-51, 1933.01, 1933-29, and 1936-0220; image identifiers follow the
original catalog nomenclature. Two experimental conditions were considered: fully
automatic colorization (0 hints) and interactive colorization (20 hints), in which
hints were manually placed by a user, allowing their spatial locations and chromatic
values to be deliberately controlled. This reduced subset was intentionally selected
for an exploratory analysis, as the manual nature of the interactive evaluation made

large-scale testing impractical at this stage.

FT-Frozen Blocks PSNR 0 hints PSNR 20 hints

Base 24.31 30.39
6 24.51 26.24
8 25.04 26.89
10 25.38 27.93
11 25.98 28.20

Table 4.1: Comparison of different Fine-Tuning configurations. From top to bottom, the
Base model serves as a baseline, followed by models with an increasing nhumber of frozen
blocks, from 6 to 11. The metric corresponds to the PSNR values in the cases with 0 and
20 hints.

The results in Table 4.1 suggest that, in the fully automatic setting (0 hints), fine-
tuned models generally outperform the Base pretrained model. However, in the
interactive setting (20 hints), the Base model without fine-tuning achieves higher
PSNR values, indicating a better propagation of user-provided color hints. This
behavior suggests that fine-tuning improves automatic colorization, though it may
slightly reduce the model’s ability to generalize from sparse external guidance given

the amount of available training data.

Given that transformer-based architectures typically require large amounts of
data to be effectively trained, a more parameter-efficient approach was considered.
Specifically, a LoRA-based fine-tuning strategy was applied to this transformer, as it
enables model adaptation with significantly fewer training samples while preserving

representational capacity. This is described in Section 4.2.4.
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4.2.3. Effect of Learning Rate Scheduling.

As we mentioned in Section 2.5.3, the learning rate and its scheduling play
a critical role in shaping the optimization trajectory and convergence behavior of
deep models. In this subsection, we empirically analyze the effects of different
learning rate schedules on the model’s fine-tuning stability. The original iColoriT
training setup uses a cosine learning rate schedule, as we mentioned in Section
4.1.1. In this experiment, we compare this default configuration with the schedule-
free alternative, initializing both from the same learning rate value reported by the
authors (Ir=1 x 1075))

an
ar

loss/loss JII

0.035

0.03 MM

0 200 400 600 800 1,000 1,200 1,400 1,600 1,800 2,00C 2099 % 2,200

Run Smoothed Value Step Relative
ES_wo_freez_0_epochs_100_cosine 0.0313 0.03 2,099 17.67 min
@ ES_wo_freez_0_epochs_100_free 0.0281 0.0272 2,099 16.36 min

Figure 4.18: Loss evolution during 0 fixed blocks fine-tuning runs starting from the Base
pretrained weights (wo). Both experiments utilized Early Stopping (ES) and 100 epochs,
with an initial learning rate of 1 x 10~°. The yellow curve corresponds to the cosine learning
rate scheduler, while the blue curve shows the free schedule.

As illustrated in Figure 4.18, the free schedule achieved a lower and more stable
loss throughout training, indicating faster and more consistent convergence. Ad-
ditional primary tests, initialized from scratch and/or a pretrained base model with
partially frozen transformer blocks, confirmed the same trend. Based on these re-

sults, the free schedule was adopted for all subsequent fine-tuning experiments.
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4.2.4. Strategy 3: Low-Rank Adaptation (LoRA)

4.24.1. LoRA adaptation

As mentioned in Section 2.6.1, LoRA introduces trainable low-rank matrices
that adapt the pre-trained weights of a model without directly modifying the original

parameters. Formally, each weight matrix W € R%** is redefined as:
W' =W + AW, where AW = BA,

with B € R¥™>", A € R™* and r < min(d, k) denoting the rank of the adaptation
(Lora rank). Only the low-rank matrices A and B are optimized during fine-tuning,
while the original weights 1/ remain frozen. This approach substantially reduces
the number of trainable parameters while preserving the model’s representational

. params; pa _ 7r(d+k) 2r
CaPaClty( paramsg;  dk — min(d,k) << D.

The implementation used in this work relies on the open-source loralib li-
brary released by Microsoft Research,! which provides a practical implementation
of the method described by Hu et al. (Hu et al., 2022). LoRA was integrated into the
attention mechanism of iColoriT by replacing the linear layers responsible for the
query, key, and value projections (corresponding to weight matrices Wg, Wi, Wy,)
and the output projection (Wy, denoted as pro j in the implementation) with their
low-rank lora.Linear counterparts. This modification was encapsulated in the
LoRAAttention class, enabling all Transformer blocks to leverage LoRA-based

adaptation while preserving the original architecture and pretrained weights.

4.2.4.2. LoRA experiments

In the LoRA experiments, multiple configurations were tested to analyze the
effects of the amount and quality of the Train Data, the rank (), and the learn-
ing rate (Ir) on model performance. For each dataset (D;—D,) defined in Sec-
tion 3.1, several LoRA fine-tuning runs were conducted. Lower-rank configurations

(r € {1,4}) significantly reduce the number of trainable parameters and computa-

"https://github.com/microsoft/LoRA

82


https://github.com/microsoft/LoRA

tional cost, but they may also limit the model’s ability to capture more complex
feature interactions. Conversely, higher ranks (r € {8,32}) increase the adaptive
capacity at the expense of greater memory and training time requirements. This
trade-off was systematically evaluated to determine the most effective configura-
tion for colorization tasks. The number of trainable parameters for the considered
ranks r is detailed in Table 4.2.

Technique Trainable Parameters
Full fine-tuning 89.478 million
LoRA rank 32 1.769 million
LoRA rank 8 0.442 million
LoRA rank 4 0.221 million
LoRA rank 1 0.055 million

Table 4.2: Comparison of trainable parameters between full fine-tuning of IColorit and
LoRA configurations for different ranks r.

4.2.5. Hyperparameter Tuning and Early Stopping.

Hyperparameters were tuned using the validation split of D1 (see Section 3.2.1).
In particular, three initial learning rates were identified via a random search (sam-
pling from predefined ranges) to locate promising regions—defined as those ex-
hibiting a rapid and stable decrease in training loss during the initial epochs—and
subsequently refined using a grid search (systematic exploration over a fixed set)
based on validation performance. Since the original training procedure did not im-
plement early stopping, the pipeline was extended to include it. Early stopping is
driven by the average PSNR computed over three validation regimes corresponding
to 1, 10, and 100 number of hints. This aggregated metric is evaluated every five
epochs, and training is terminated if no improvement is observed for ten consecutive
validation checks. The best model checkpoint was automatically saved whenever a

new maximum of the monitored metric was reached.

Fine-Tuning. In total, 48 LoRA models were trained to systematically evaluate

the adaptation performance. The training configurations were defined as follows:

= Datasets: Four distinct datasets (D1, D2, D3, and D4) were utilized to assess
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the impact of data quantity and domain specificity on the model’s ability to
learn the artist’s palette. As described in Chapter 3, these datasets represent a
hierarchy of progressively inclusive corpuses, ranging from a curated core of
Torres Garcia’s artworks to a broader collection incorporating diverse archival
sources.

= LoRA ranks: The rank r € {1,4, 8,32} controls the number of trainable pa-
rameters and, consequently, the adaptive capacity of the fine-tuning process.
Lower ranks (r = 1,4) were tested to evaluate parameter efficiency and reg-
ularization, while higher ranks (r = 8, 32) were included to assess whether
a higher intrinsic dimension enables the capture of more complex stylistic
features in the artistic domain.

= Learning rate range: The learning rates were selected from the set {1 x
1072, 1 x 1073, 1 x 107°}. These values were identified through the previ-

ously described preliminary random and grid search process.

4.2.6. Training Settings

Computational Resources. All fine-tuning experiments were performed on the
national high-performance computing platform of Uruguay, hosted at the Cen-
tro Nacional de Supercomputacion («ClusterUY: Centro Nacional de Supercom-
putacién», n.d.) and located in the Datacenter Ing. José Luis Massera (ANTEL,
Canelones). ClusterUY aggregates multiple computing nodes under a unified man-
agement system, providing over 10,000 traditional CPU-equivalent cores for sci-
entific computation across the nation. The infrastructure was funded by the Agen-
cia Nacional de Investigacion e Innovacion (ANII) and the Comision Sectorial de
Investigacion Cientifica (CSIC), and is operated collaboratively through the Fun-

dacion Ricaldoni.

Specifically, the experiments in this work were conducted on DELL EMC Pow-
erEdge 7525 nodes (node40-node46), each equipped with 128 AMD EPYC
7763 CPU cores and ranging in RAM from 256 GB to 512 GB. Nodes 40 and 46
included dual NVIDIA A40 GPUs (48 GB VRAM each, 10,752 CUDA cores,
336 Tensor cores, and 84 RT cores), providing high-performance acceleration for

the fine-tuning experiments.
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Training Configuration. All LoRA experiments utilized the Base-pretrained
model. Only the LoRA additional parameters were updated, while all pretrained
weights remained frozen, corresponding to a parameter-efficient fine-tuning (PEFT)

setup.

The original input resolution (224 x224) was used, incorporating the dynamic
hint generation strategy defined by the authors (Yun et al., 2023) during training to
simulate diverse user interactions. This process was controlled by three key param-

eters:

» num_hint_range = [0, 128]: Defines the bounds of the uniform distribu-
tion (0, 128) from which the number of hints is sampled for each training
instance. This forces the model to learn color propagation across varying lev-
els of information density, from fully automatic colorization (0 hints) to dense
guidance (128 hints).

» hint_size = 2x2: Specifies the spatial extent of each hint on the grid.
As analyzed in Section 4.1.2.1, this size was selected because larger patches
(e.g., 7x7) can introduce color inaccuracies, while 2x2 offers an optimal
trade-off between visibility and precision.

= avg_hint = True: Indicates that the color value assigned to a hint is com-
puted as the average of the ground truth chrominance values within the 2x2
patch, rather than sampling a single pixel. This ensures the hint represents the

local region robustly.

While training involved stochastic hint generation, validation was performed
with fixed hint counts of {1, 10, 100}. These discrete levels were intentionally se-
lected to benchmark the model’s behavior across distinct regimes: minimal, moder-

ate, and dense guidance.

Optimization was performed using AdamW as in the original work. Instead

85



of a cosine scheduler, the schedule-free strategy was employed (see Sections 2.5.3
and 4.2.3), enabling the optimizer to dynamically adjust the learning rate without
an explicit decay schedule. Training was run for 1000 epochs, with Early Stopping
(ES) added. Other parameters included a batch size of 32 and automatic checkpoint

saving every 10 epochs.

To complement the PSNR distortion metric used in the original code, the per-
ceptual LPIPS metric (R. Zhang et al., 2018) was incorporated into the validation
pipeline. LPIPS (Learned Perceptual Image Patch Similarity) evaluates the per-
ceptual distance between corresponding image patches by comparing deep feature
activations extracted from pretrained neural networks. Higher LPIPS values indi-
cate greater perceptual differences, whereas lower values indicate greater similarity.
The metric can be computed using features from different backbone architectures
(SqueezeNet, AlexNet, or VGG), each calibrated with a learned linear layer; in this
work, LPIPS was computed using the VGG-based variant (version 0.1).!

All metrics, PSNR, LPIPS, and the generalization gap (defined as the difference
between training and validation PSNR) were logged via TensorBoard for both the

training and validation subsets.

Train Dataset Construction. The training dataset was built using the build_-
pretraining_dataset function provided by the authors, which applies a data
augmentation pipeline DataAugmentationForiColoriT, as defined by the
authors, to each image. This pipeline performs two key operations: dynamic image

augmentation and random hint generation.

Each image is first augmented through random spatial transformations to
increase data diversity and prevent overfitting.  Specifically, the function
RandomResizedCrop randomly crops and resizes the image to the target input
size, introducing scale and position variability, while RandomHorizontalFlip
(added in this work) randomly mirrors the image along the vertical axis to promote
invariance to object orientation. These operations are followed by tensor conversion
and normalization to prepare the data for the model’s processing. They ensure that

the same image appears differently in each iteration, thereby improving generaliza-

'https://github.com/richzhang/PerceptualSimilarity
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tion and robustness to composition changes.

In parallel, the RandomHintGenerator function creates a new hint mask
every time, with a variable number and spatial distribution of color hints according
to the defined range (num_hint_range = [0,128]). This process simulates user
input during training, forcing the model to learn color propagation across diverse

positions of hints.

Because the DataLoader retrieves data dynamically from the dataset rather
than from a precomputed cache, both the augmented images and the generated hints
change on each epoch. Consequently, training is effectively performed on a contin-

uously changing sample distribution.
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Chapter 5

Evaluation and Results

This chapter presents the evaluation framework and the quantitative and qualita-
tive analyses of the experimental results. The analysis aims to assess how different
LoRAs’ fine-tuning strategies impact colorization performance across varying lev-
els of hint guidance and identify which configurations achieve the most stable and

perceptually convincing results.

The first part explains the evaluation framework designed for the training mod-
els. The second part focuses on the quantitative evaluation of models using the
PSNR and LPIPS metrics, examining their behavior across different configurations
of hints, training datasets, LORA ranks, and learning rates. The third part presents a
visual inspection and comparison of the colorized outputs, highlighting color plau-

sibility, structural coherence, and the effect of hints on image fidelity.

5.1. [Evaluation Pipeline

To ensure a controlled and reproducible comparison between models and hint
configurations, a fixed-hint evaluation pipeline was implemented. This process
combines deterministic hint generation, systematic inference, and metric aggrega-

tion across multiple realizations. Both the validation (V] and test splits (7} of D,
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were used, with 63 images in each.

Hint Generation. For each ground truth (GT) image, 100 independent realiza-
tions of random hint coordinates were pre-generated, considering six cases of hint
numbers: {0, 1, 10, 20, 50, 100}. Each realization, indexed by an integer k € Z and
0 <= k < 100, corresponds to a distinct random sampling of hint positions stored
in separate subdirectories of the form k /h2-nZ, where h2 indicates that each hint
covers a 2x2 pixel region, and Z denotes the number of hints. Each file contains
pixel coordinates in the format [y, x], one per line, while files for Z = 0 are
empty.

This step guarantees that all models are evaluated using identical hint sets, elim-
inating stochastic variation during inference and ensuring fair model-to-model com-
parisons. Moreover, performing % independent realizations with different hint lo-
cations improves the robustness of the results by mitigating biases associated with

specific spatial configurations of the hints.

Inference. For each of the 49 models (48 trained models and the Base model) and
for each case of the number of hints, the inference script processed the 100 random
realizations of hint positions, producing the corresponding set of colored outputs. A
total of 1.852.200 test (validation) results were generated for the 63 test (validation)
images, six cases of number of hints, and 100 random realizations of hint posi-
tions. Each inference used the corresponding precomputed coordinate file so that
hint positions remained consistent across models. As mentioned earlier, the model
operated in the Lab color space, where the colorized image is the concatenation
of the input luminance channel L and the predicted chrominance channels (a, b).
Outputs were subsequently converted back to RGB. All color space transforma-
tions followed the implementation provided by the original authors in utils.py,

consistent with the color representation principles described in Section 2.1.

Metric Evaluation. Each predicted image was compared against its ground truth
using both quantitative and perceptual metrics. PSNR measured pixel-wise fidelity,

while LPIPS (R. Zhang et al., 2018) quantified perceptual similarity through deep
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feature distances. Metrics were computed independently for each model, random
realization of hint positions, and number of hints, and later aggregated to analyze the

statistical behavior of each fine-tuning setting under varying levels of user guidance.

Metrics Aggregation. After inference, all per-image metric results were aggre-
gated into summary files, enabling direct comparison. For each model, metrics
were averaged across realizations and grouped by number of hints, yielding two
levels of aggregation: per-image averages and global averages per hint. This pro-
duced compact CSV summaries for each model containing the mean PSNR and
LPIPS values.

A final global aggregation step combined all model results from both validation
and test splits into unified summary tables. Each entry was annotated with the
corresponding model identifier and split type, enabling cross-model and cross-split
comparisons. These consolidated files serve as the quantitative foundation for the

analyses presented in the following section.

In addition to numerical evaluation, a qualitative visual comparison was per-

formed to assess:

= Color plausibility and coherence.
m Preservation of structural and semantic elements.
m Effect of hints.

The visual analysis was conducted on the best-performing models identified
from the quantitative results: Best PSNR, Best LPIPS, and compared with the Base
model inference and Ground Truth images. For this purpose, both the validation
(V1) and test (1) subsets of D; (see Section 3.2.1) were used. Unlike the automatic
evaluations described previously, the visual inspection employed manually placed
hints for each image (independent of the model), generated using the interactive
demo developed as part of the MLBriefs paper (Garcia et al., 2024a). This setup al-
lowed a direct qualitative assessment of the models’ ability to propagate user-guided
color information while preserving the original structural and artistic construction

of each image. Representative examples are presented in Section 5.3.
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5.2. Quantitative Analysis

The quantitative analysis is based on the metrics described in Section 5.1. Each
model was evaluated using 100 random realizations of hint positions for six cases
of hint numbers {0, 1,10, 20, 50,100}. This was done using both the validation
(V1) and test (17) splits of the D, dataset. The average PSNR and LPIPS values
were computed for each random position, image, and hint number. These values,
mean PSNR and mean LPIPS, were then compared across models to identify overall
trends. Models are defined using the notation r = ¢, with i € {1, 4,8, 32} indicates
the LoRA rank, Ir = k, with k € {le™® 1e~® 1e 2} the learning rate, and D;,
with j € {1,2,3,4} the training dataset.

5.2.1. Performance Trends Across Configurations
5.2.1.1. Hints variation

Table 5.1 summarizes the best-performing LoRA configurations for each case
of hint number on the 7}. For each case, the corresponding LoRA rank (), learn-
ing rate (Ir), and training dataset (D);) variant are reported along with the resulting
metric values. The results confirm that the performance improves consistently with
the number of hints, with mean PSNR increasing and mean LPIPS decreasing as
additional chromatic information is provided. However, the table also reveals some
heterogeneity among the top-performing models: no single configuration dominates
across all hint levels or metrics. The most frequent winner corresponds to the con-
figuration r = 32, Ir = le~3 and training dataset D,, which achieves the best results
in most cases. PSNR-best-Z denotes the model with the highest mean PSNR per
hint number, while LPIPS-best-Z denotes the model with the lowest mean LPIPS
per hint number. Reported PSNR and LPIPS values correspond to averages over the

100 random spatial realizations of hint positions per image.

In addition to the analysis by number of hints, an aggregated evaluation was per-
formed by averaging the PSNR and LPIPS metrics of each model evaluated on 7}

across all configurations of quantity and position of hints. In other words, the cor-
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PSNR-best-Z LPIPS-best-Z

Hints

T Ir  Training set PSNR [dB] r Ir  Training set LPIPS
0 32 le3 D 262261 8 le3 Dy 0.1175
1 32 le3 Dy 274241 8 le3 Dy 0.0962
5 32 le3 Dy 295134 32 le 3 Dy 0.0781
10 32 le3 Dy 30.5664 32 le3 Dy 0.0696
20 32 le7? Dy 317324 32 le3 Dy 0.0612
50 32 le”? Dy 33.2380 32 le3 Do 0.0518
100 32 le™® Dy 34.2662 32 le® Dy 0.0455

Table 5.1: The best-performing LoRA configurations for each number of hints, evaluated
on Ty. For each hint number (Z), the table reports the LoRA rank (r), learning rate (ir), the
training dataset D;, and the corresponding metric value. PSNR-best-Z and LPIPS-best-Z
are denoted in bold.

responding metric was averaged for each model over all images, 100 random posi-
tions, and all cases of the number of hints. These scores are denoted as PSNR-mean
and LPIPS-mean, respectively. Table 5.2 lists the top five model configurations for
PSNR-mean and LPIPS-mean. The left values present the results in descending or-
der of PSNR-mean, while the right values presents the results in ascending order of
LPIPS-mean. Although PSNR and LPIPS capture different aspects of quality and
are not expected to rank models identically, the results reveal a strong alignment

between the two.

Moreover, the model with =32 and [r = 1le 3, trained on D, achieves the best
overall quantitative performance, with a PSNR-mean of 30.298 dB and the second-
lowest LPIPS-mean value of 0.0749. Hereafter, the model configuration r = 32,

Ir=1e3

, and D, is referred to as Best-Global. Very close results are observed for
lower-rank models (r = 8)), particularly when trained on the same dataset (1)) and
with the same learning rate, suggesting that the difference in performance between

ranks 8 and 32 remains marginal in this setup.

Note that, unlike the PSNR-mean ranking, the top-five LPIPS-mean configura-
tions include one additional configuration (r =4, D3, Ir = 1e~3) that does not appear
among the top-5 PSNR-mean performers. The configuration that achieved the best
LPIPS-mean score is (r = 8, Dy, Ir = 1le73), followed by the Best-Global as was

mentioned before.
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Top-5 PSNR-mean Top-5 LPIPS-mean
r Training set [r PSNR [dB] LPIPS r Trainingset Ir LPIPS PSNR [dB]

32 Dy le™3 30298 0.0749 8 Dy le™® 0.0746  30.207
32 Ds le™3  30.237 0.0767 32 Dy le=3 0.0749  30.298
32 D le=3 30219 0.0774 8 D3 le™3 0.0757 30.206
8 Dy le=3 30207 0.0746 32 D5 le=® 0.0767 30.237
8 D3 le=® 30206 0.0757 4 D3 le™3 0.0767 30.174

Table 5.2: Left: LoRA models evaluated on T3, ranked by top-five PSNR-mean. LPIPS-
mean is included for cross-metric comparison. Higher PSNR indicates better color fidelity.
Right: LoRA models evaluated on T}, ranked by top-five LPIPS-mean. PSNR-mean is
included for cross-metric comparison. Lower LPIPS indicates better perceptual fidelity.
Both sides: Values correspond to the average across all hint configurations (position and
quantity) and all images. The best values are denoted in bold.

Unlike the PSNR ranking, the LPIPS top-five includes one additional configu-
ration r = 32, Ds, Ir = le~ that does not appear among the top-5 PSNR perform-
ers. The configuration achieving the best LPIPS (Best-LPIPS) score is r = 8, Dy,

Ir = 1e3, folowed by the Best-Global as was mentioned before.

5.2.1.2. Impact of the Rank

To assess the influence of the LoRA rank (r), all LoRA-based models were
grouped according to their LoRA rank parameter r € {1, 4,8, 32}. Table 5.3 reports
the average PSNR and LPIPS values for each LoRA rank over 77. That is, for a fixed
rank, the average is performed over twelve configurations, varying the dataset Dy,
and learning rate [r, as well as all images, hint positions, and hint quantities. We

denote the respective scores as PSNR-best-mean-R and LPIPS-best-mean-R.

The results reveal no clear monotonic trend with rank. Although the configu-
ration with r=32 achieves the highest average PSNR (29.969 dB), the differences
across LoRA ranks are negligible —less than 0.05 dB in PSNR and 0.001 in LPIPS.
This suggests that, within the tested range, increasing the rank does not systemati-

cally improve performance.

In practice, this indicates that lower-rank settings such as 7=8 or even r=4 are

already sufficient to capture the necessary adaptations for color propagation, achiev-
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ing nearly identical perceptual quality while remaining more computationally effi-
cient (see Table 4.2). To further examine this observation, qualitative comparisons

between models with =8 and r=32 will be included in Section 5.3.

r  PSNR-best-mean-R [dB] LPIPS-best-mean-R

1 29.956 0.080
4 29.960 0.079
8 29.951 0.079
32 29.969 0.079

Table 5.3: Average PSNR and LPIPS for each LoRA rank evaluated on T;. Best values are
denoted in bold.

5.2.1.3. Impact of the learning rate

To evaluate how sensitive the fine-tuning process is to the learning rate (Ir),
all LoRA-based models were grouped by the values of [r considered: [r &
{le7® 1e73,1e7?}. Table 5.4 presents the average PSNR and LPIPS values for
each learning rate value over 7. That is, for a fixed [r, the average is performed
over sixteen configurations, varying the dataset D; and LoRA rank r, as well as
all images, hint positions, and hint quantities. We denote the respective scores as
PSNR-best-mean-LR and LPIPS-best-mean-LR.

The results indicate that the configuration with a learning rate of 10~3 yields
the highest average PSNR (30.133 dB) and the lowest LPIPS (0.078), outperform-
ing both higher and lower rates. These results show that a moderate learning rate
provides an effective balance between adaptation and stability, enabling the LoRA
layers to refine the pretrained priors. In contrast, the most aggressive setting (1072)
produces the lowest average performance (29.729 dB, LPIPS 0.080), and shows that
excessive updates degrade consistency. The smallest rate (10~°) remains competi-
tive but shows marginally reduced gains, suggesting slower convergence. Overall,
these results reinforce that the 10~ configuration offers the most robust trade-off

for fine-tuning.
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Learning Rate PSNR-best-mean-LR [dB] LPIPS-best-mean-LR

le™® 30.016 0.080
le™3 30.133 0.078
le 2 29.729 0.080

Table 5.4: Average PSNR and LPIPS for each learning rate configuration evaluated on T3.
Best values are denoted in bold.

5.2.1.4. Datasets comparison

To analyze the influence of the training sets, the metrics were averaged across
all LoRA model configurations within each dataset, as was done for the rank and
learning rate influence (Table 5.5). This yielded the corresponding scores, PSNR-
mean-D and LPIPS-mean-D, for each dataset Dj. Although the numerical differ-
ences are subtle—within 0.1 dB in PSNR and 0.002 in LPIPS—the ranking is con-
sistent across both metrics. D,, which combines a broader, more heterogeneous
collection of artworks, achieves the highest mean PSNR (30.015 dB) and the lowest
LPIPS (0.078), confirming its advantage in generalization and perceptual stability.
D3 shows the lowest average performance (29.914 dB/0.080).

Dataset PSNR-mean-D [dB] LPIPS-mean-D

Dy 30.015 0.078
D3 29914 0.080
Doy 29.954 0.079
Dy 29.952 0.079

Table 5.5: Average PSNR and LPIPS across all model configurations for each training
dataset evaluated on 7. Best values are denoted in bold.

Beyond these aggregated results, a deeper analysis of the training data could
consider not only the number of samples and image quality, but also the underlying
color and style distributions in each dataset. In the specific case of Torres Garcia,
the artist’s production spans distinct stylistic phases—often grouped into “Classic”,
“Modern”, and “Universal” (Museo Torres Garcia, 2024)—which differ markedly
in palette, geometry, and compositional structure as shown in Figure 5.1. Exploring
dataset partitions that follow stylistic criteria, rather than purely chronological or
source-based groupings, may offer a better understanding of how training distribu-
tions influence colorization performance. Alternatively, partitions aligned with the

artist’s geographical periods (e.g., Montevideo, Barcelona, New York, Paris) could
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also be relevant, as these contexts are associated with noticeable shifts in chromatic
tendencies and thematic focus. Preliminary clustering experiments were conducted
to investigate this direction; however, the results were inconclusive and are there-
fore not included in this thesis. This line of research remains open as a promising

direction for future work.

(c) Universal (1943-68)

Figure 5.1: Examples of three distinct stylistic phases of Joaquin Torres Garcia.

5.2.1.5. Comparison with the Base Model

Table 5.6 summarizes the metrics of the Base iColorit model evaluated on the
test split 77, namely the PSNR-mean-Z-Base and LPIPS-mean-Z-Base, which are
the averages of the PSNR and LPIPS, respectively, over all images, hint positions,

and hint quantities.

Table 5.7 contrasts Table 5.6 and Table 5.1 by showing the quantitative dif-
ferences, APSNR-Z, between PSNR-best-Z and PSNR-mean-Z-Base, defined as
APSRN-Z = PSNR-best-Z — PSNR-mean-Z-Base. Equivalently, the quantitative
LPIPS difference, ALPIPS-Z, is reported.
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Hints PSNR-mean-Z-Base[dB] LPIPS-mean-Z-Base

0 24.63 0.1355
1 26.82 0.1075
5 29.21 0.0822
10 30.33 0.0730
20 31.61 0.0633
50 33.21 0.0525
100 34.25 0.0458

Table 5.6: Mean PSNR and LPIPS values of the Base iColoriT model for each hint number
evaluated on the test split 7}. Values correspond to the average of 100 randomly generated
hints per image and across all images. Best values are highlighted in bold.

The results reveal a clear pattern: the fine-tuned models outperform the Base
model in both metrics, particularly at low hint levels. With no hints (automatic), the
LoRA configuration trained on D achieves a gain of +1.60 dB in PSNR and -0.018
in LPIPS, indicating an enhancement in automatic colorization. As the number
of hints increases, the performance gap progressively narrows, stabilizing around
+0.02 dB and -0.0003 in LPIPS at 100 hints. This convergence suggests that when
user guidance dominates the colorization process, the pretrained iColoriT already
propagates chroma effectively, while LoRA fine-tuning primarily benefits the un-
guided or weakly guided regimes. Overall, the improvements confirm that the pro-
posed adaptations strengthen the model’s internal color priors without compromis-

ing its interactive behavior.

. A PSNR-Z A LPIPS -Z
Hints
r  Ir Training Dataset APSNR [dB] » Ir Training Dataset ALPIPS
0 32 le-3 D, +1.60 8 le—3 D, —0.0180
1 32 le-3 Dy +0.61 8 le—3 Dy —0.0113
5 32 1le-3 Dy +0.30 32 le—3 Dy —0.0041
10 32 le-3 Dy +0.24 32 le—3 D, —0.0034
20 32 le—3 Dy +0.12 32 le—3 Dy —0.0021
50 32 le-5 D, +0.03 32 le—3 Dy —0.0007
100 32 le—5 Dy +0.02 32 le—5 Dy —0.0003

Table 5.7: Performance improvements over the Base iColoriT model for each hint number.
The left block reports the PSNR-best-Z configuration per hint number and its correspond-
ing A PSNR-Z with respect to the Base model. The right block reports the LPIPS-best-Z
configurationand its corresponding A LPIPS-Z.

To quantify the overall benefit of the best LoRA trade-off model (Best-Global,

with r =32, Dy, and [r = 1e~3), its performance was compared to that of Base iCol-
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oriT across all hint numbers: PSNR-mean-Z-Base and LPIPS-mean-Z-Base. These
results are shown in Table 5.8.For the Best-Global configuration, the corresponding
PSNR and LPIPS scores, averaged over all images and hint positions, are denoted
PSNR-Best-Global-Z and LPIPS-Best-Global-Z, respectively. The choice of using
the Best-Global configuration reflects the fact that, in the context of color restora-
tion, PSNR provides a more direct measure of fidelity to the ground truth, while
LPIPS captures perceptual similarity. Since the difference between the best and
second-best LPIPS-mean configurations was minimal, prioritizing the best PSNR-
mean model yielded a more accurate assessment of reconstruction accuracy without

sacrificing perceptual quality.

The results Table 5.8 confirm that fine-tuning with LoRA improves the perfor-
mance in both automatic and weakly guided regimes. At O hints (fully automatic
colorization), PSNR increases by nearly +0.9 dB, and LPIPS decreases by 0.015,
indicating better color reconstructions and perceptual gains even without user input.
This improvement is the result of fine-tuning with data from JTG and his disciples.
The advantage remains consistent for low to moderate hint counts (1-20), where
color propagation and structural coherence benefit from the adapted priors. How-
ever, the trend reverses slightly at higher hint levels (above 50), where the hint
guidance itself dominates the inference, and the pretrained model already propa-
gates color effectively. This behavior aligns with the earlier observations from the
full fine-tuning experiment where the improvment was only fot the automatic in-
ference (0 hints) and from partial fine-tuning experiments, where the fine-tuned
variants outperformed the baseline in fully automatic colorization but reduced ben-
efits with 20 hints. Overall, these findings suggest that LoORA fine-tuning primarily
enhances the model’s internal chromatic priors—improving autonomy and stabil-
ity under sparse user guidance—while maintaining comparable performance when
color hints are abundant. Furthermore, it indicates that the task of propagating many
hints may require more data to outperform the Base model. Note that with the LoRA
strategy, only the projection matrices of the attention layers are updated. However,

the decoder’s stabilization layer was not updated.

In this context, exploring how to further enhance the performance by the addi-
tion of color hints becomes particularly relevant. In future work, it would be use-
ful to analyze how these adapted models respond to user-provided color cues and

whether additional conditioning strategies could further improve color propagation
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in interactive scenarios.

Hints PSNR-Best-Global-Z LPIPS-Best-Global-Z APSNR-Global ALPIPS-Global

0 25.52 0.1201 +0.8940 —0.0154
1 27.42 0.0972 +0.6059 —0.0103
5 29.51 0.0781 +0.2991 —0.0041
10 30.57 0.0696 +0.2385 —0.0034
20 31.73 0.0612 +0.1192 —0.0021
50 33.17 0.0520 —0.0385 —0.0005
100 34.15 0.0460 —0.0957 +0.0002

Table 5.8: Comparison between the Base and LoRA Best-Global model across hint con-
figurations on 7;. APSNR-Global and ALPIPS-Global indicate the absolute differences
in PSNR and LPIPS between the Best-Global and the Base models for each hint number
case. Positive APSNR and negative ALPIPS values correspond to improvements in recon-
struction quality and perceptual similarity, respectively.

Figure 5.2 provides a compact, visual summary of the quantitative results re-
ported in Tables 5.6 and 5.8, showing how the Base, PSNR-best-Z, and Best-Global
models behave as the number of hints increases. The two plots separate the analysis
into two regimes: sparse guidance (0—20 hints) and dense guidance (20-100 hints),

matching the distinct behaviors observed in the tabulated metrics.

In the 0-20 hint range (left plot), both LoRA-based curves remain consistently
above the Base model, summarizing the improvements already reflected numeri-
cally in the tables. This regime highlights the advantage of the adapted priors:
LoRA fine-tuning enhances automatic colorization (0 hints) and continues to pro-
vide benefits under sparse user guidance (1-20 hints). The PSNR-best-Z models
form the upper envelope, but the proximity to the Best-Global configuration indi-
cates that a single, well-trained LoORA model can perform robustly across all low-

to-moderate hint levels without requiring specialized tuning per number of hints.

The 20-100 hint range (right plot) as hint density increases, the user-provided
chromatic cues dominate the inference, and the impact of the learned data priors
diminishes. In this regime, LoRA models and the Base model behave similarly,
with only marginal differences and occasional inversions at a very high number of

hints.
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(a) Number of hints between 0 and 20. (b) Number of hints between 20 and 100.

Figure 5.2: Mean PSNR comparison across hint ranges. Base model (blue), PSNR-best-Z
model (orange, Table 5.1), and Best-Global model (green, Table 5.8).

5.3. Qualitative Analysis

This qualitative evaluation complements the numerical metrics by assessing
visual plausibility and fidelity. Selected examples from inference with the Base
model, the best PSRN-mean (r = 32, D,, Ir = le®) and the best LPIPS-mean

(r =8, Dy, Ir = 1e™?), were examined under two criteria:

= Color plausibility and coherence with respect to the ground truth.

= Visual effect of increasing hint density on color propagation.

As mentioned in section 5.2, manually placed hints were used instead of random
ones, allowing a controlled examination of user-guided colorization behavior. To
this end, a set of representative images was selected to span different artistic styles
and levels of scene complexity, enabling a qualitative comparison of the model be-

havior across varied visual conditions

5.3.1. Examples

Case 1. Semantic low complexity Images. In Fig. 5.3, we can see a global com-
parison of color perception across the three evaluated models: the Base iColoriT,
the best PSNR-mean , and the best LPIPS-mean. Given the relatively low structural
complexity of this artwork, the main differences between models emerge through

their chromatic inference.
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With 0 hints, both LoRA variants successfully infer the presence of yellow re-
gions, and the best LPIPS-mean model additionally predicts a reddish tone consis-
tent with the ground truth. However, the yellow inferred by the best PSNR-mean
more closely matches the ground-truth hue, whereas the best LPIPS-mean tends to-
ward a warmer, more orange yellow. The Base model, in contrast, fails to infer any

color.

With 1 hint placed on a burgundy region, both LoRA models refine their predic-
tions: the best PSNR-mean further improves its match to the true palette, while the
best LPIPS-mean corrects the burgundy but maintains a more orange-biased yellow.
The Base model only propagates the provided burgundy hint, still without inferring

the yellow areas.

By the time 5 hints are provided, all three models converge toward highly similar
solutions, successfully reconstructing the global palette. At this stage, remaining

differences become subtle and require a more fine-grained inspection.

Case 2. Medium complexity semantic image. Figure 5.4 compares the color
inferences produced by the Base model, the best PSNR-mean , and the best LPIPS-
mean. This artwork is dominated by subtle variations of browns and greys, which

makes small chromatic deviations especially noticeable.

With 0 hints, the three models diverge substantially: The Base model produces a
noticeably more reddish—brown palette, the best LPIPS-mean shifts toward a cooler,
blue—grey appearance, and the best PSNR-mean falls approximately in between
these two extremes. As hints are introduced (5), the three models progressively
converge toward a more consistent chromatic structure. Intermediate tones of grey
and desaturated browns begin to appear across all models, and the global palette

stabilizes.

By the time 50 hints are provided, the reconstructions become highly similar.
However, a closer inspection reveals that the best LPIPS-mean moftl still tends to
preserve fewer reddish tones than the other two models. In contrast, both the Base
and the best PSNR-mean retain a warmer appearance, more faithfully reflecting the

ground truth’s reddish accents.
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1, and 5 hints. The second, third, and fourth rows show, respectively, Ground Truth (GT)

and the outputs of the Base, best PSNR-mean, and best LPIPS-mean models for 0, 1, and

1938.12) at increasing hint densities. The first row shows the corresponding inputs with 0,
5 hints. Please zoom in to better see the locations and colors of the hints.

Figure 5.3: Comparative colorization results for a simple semantic composition (Painting



Overall, this example illustrates two key points: best LPIPS-mean and best
PSNR-mean induce different tonal biases when no or few hints are provided; and
under high levels of external guidance, the best PSNR-mean tends to resemble the
behavior of the Base model more closely than the best LPIPS-mean variant, sug-
gesting that PSNR aligns better with the Base inference dynamics when sufficient

hints are available.

Input hints

Base

LPIPS-mean PSNR-mean

5 hints

Figure 5.4: Comparative colorization results for a medium semantic composition (Painting
1937.26) at increasing hint densities. The first row shows the corresponding inputs with 0,
5, and 50 hints. The second, third, and fourth rows show, respectively, Ground Truth (GT)
and the outputs of the Base, best PSNR-mean, and best LPIPS-mean models for 0, 5, and
50 hints. Please zoom in to better see the locations and colors of the hints.

Case 3. Medium-High complexity semantic image. As shown in Fig. 5.5, a
comparison was conducted between the inferences produced by the Base model,
the best PSNR-mean, and the best LPIPS-mean on a third painting. This artwork
presents greater chromatic complexity, with multiple shades of green, blue, and
terracotta. Despite this increased variability, the overall behavior of the three models

remains consistent with the tendencies observed in the previous examples.

With 0 hints, the models diverge considerably. As in Figure 5.4, the best LPIPS-
mean model exhibits the coldest tendency (bluish tones), The Base model leans

toward a uniform sepia-like palette, and the best PSNR-mean model occupies an
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intermediate position but introduces noticeable reddish accents.

Between 1, 5, and 10 hints, a stable pattern emerges: The best-PSNR model
tends to infer more saturated reddish tones in the central and lower areas, even
though the global palette remains largely driven by greenish hues. This tendency is
stronger than in both the Base and best LPIPS-mean models.

As the number of hints increases (50 hints), all three models gradually converge
toward the blues, terracotta, and green hues present in the ground truth. At higher

hint levels, the reconstructions become nearly indistinguishable across models.

Case 4. Medium-High complexity semantic image. As shown in Fig. 5.6, this
painting presents a palette composed almost entirely of primary colors (white, red,
blue, yellow) with black contour lines. In this case, a behavior already observed in
Fig. 5.3 reappears: The best PSNR-mean model tends to infer yellow regions from

the very beginning.

Although the three models differ little at O hints, their chromatic tendencies
remain noticeable. The best PSNR-mean model shows early traces of yellow, The
best LPIPS-mean leans toward cooler, blue—gray hues, and the Base model exhibits
a characteristic tendency toward reds. These tendencies become even clearer with
1 hint.

With 10 hints, an interesting phenomenon emerges: The best LPIPS-mean
model appears to follow the external guidance (the hints) more faithfully than the
other models. A particularly striking example occurs at 10 hints, where the Base
and the Best PSNR models produce a large red square interrupted by a central blue
area that does not correspond to the ground truth. Neither the ground truth nor the
best LPIPS-mean model contains this blue region, suggesting that LPIPS is better

aligned with the hint specification in this configuration.

Consequently, for this painting, the best-LPIPS model provides the most accu-
rate reconstruction with 50 hints, outperforming both the Base and best PSNR-mean
models. Meanwhile, the best PSNR-mean model continues to behave similarly to

the Base model, which reinforces the idea that best PSNR-mean variants tend to
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Input hints

Base

Best LPIPS-mean Best PSNR-mean

GT 0 hints 1 hint 5 hints 50 hints

Figure 5.5: Comparative colorization results for a medium-high semantic composition,
Painting 1928.177, at increasing hint densities. The first row shows the corresponding
inputs with 0, 1, 5, and 50 hints. The second, third, and fourth rows show, respectively,
Ground Truth (GT) and the outputs of the Base, best PSNR-mean, and best LPIPS-mean
models for 0, 1, 5, and 50 hints. Please zoom in to better see the locations and colors of
the hints.
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inherit the base model’s inference dynamics when given enough hints

Base Input hints

Best PSNR-mean

Best LPIPS-mean

GT 0 hints 1 hint S hints 50 hints

Figure 5.6: Comparative colorization results for a medium-high semantic composition,
Painting 1942.37, at increasing hint densities. The first row shows the corresponding inputs
with 0, 1, 10, and 50 hints. The second, third, and fourth rows show, respectively, Ground
Truth (GT) and the outputs of the Base, best PSNR-mean, and best LPIPS-mean models
for 0, 1, 10, and 50 hints. Please zoom in to better see the locations and colors of the hints.

Case 5. High complexity semantic image. From the results in Section 5.2, a
single configuration provides the best trade-off between PSNR and LPIPS, ranking
first in mean PSNR and second in mean LPIPS. The best PSNR-mean, r = 32, Dy,

[r = 1le—3, was therefore selected for further visual analysis.
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Figure 5.7 presents an artwork with high semantic and chromatic complexity.
Even with 50 hints, neither model accurately reproduces the ground-truth color dis-
tribution. This example highlights the inherent difficulty of reconstructing multiple
interacting color regions in scenes with dense, heterogeneous semantic structure and

motivates systematic examination of these limitations under challenging conditions.

Input hints

Base

PSNR-mean

0 hints 1 hint 5 hints 50 hints

Figure 5.7: Comparative colorization results for a medium-high semantic composition,
Painting 1927.65, at increasing hint densities. The first row shows the corresponding in-
puts with 0, 1, 5, and 50 hints. The second and third rows show, respectively, Ground Truth
(GT) and the outputs of the Base and best PSNR-mean. Please zoom in to better see the
locations and colors of the hints.

Case 6. Another medium complexity semantic image. Figure 5.8 presents an-
other example, where the behavior of the best-PSNR LoRA model and the Base
iColoriT diverges in an unexpected way at 5 hints. With 1 hint, the LoRA model
performs noticeably better than the Base model in the sky region, correctly inferring

a light blue tone closer to the ground truth.

However, at 5 hints, a singular phenomenon emerges. Due to the tendency of the
best PSNR-mean model to propagate reddish hues more aggressively, the right lapel
of the green jacket becomes fully tinted red in the LoRA reconstruction. In contrast,
the Base model produces a mixture of green and red patches: its propagation of the
hint is less coherent, but this unintentionally results in a more faithful approximation
of the ground truth, whose true color for this region is green. Beyond this point, as
the number of hints increases (50 hints), both models gradually converge to similar

solutions, and the discrepancy disappears.
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Base Input hints

Best PSNR-mean

0 hints 1 hint 5 hints 50 hints

Figure 5.8: Comparative colorization results for a medium-high semantic composition,
Painting 1947.34, at increasing hint densities. The first row shows the corresponding in-
puts with 0, 1, 5, and 50 hints. The second and third rows show, respectively, Ground Truth
(GT) and the outputs of the Base and best PSNR-mean. Please zoom in to better see the
locations and colors of the hints.
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5.3.2. Failures cases.

Case 1 Figure 5.9 provides yet another example of a semantically complex scene,
where both the Base iColoriT model and the best PSNR-mean model struggle to re-
construct the correct chromatic distribution, even when supplied with 50 hints. This
still life contains multiple interacting objects with subtle, overlapping color transi-
tions—such as the wicker basket, wine bottles, fruit, metallic pan, and fish—making
it particularly challenging for hint-based propagation. Although the LoRA model
shows a more coherent first shot, the final renderings at high hint levels remain far
from the ground truth. Both models tend to converge toward overly uniform warm
palettes, failing to recover the nuanced reds, blues, and ochres present in the original
painting. This example highlights that, in highly heterogeneous scenes, even dense

hint configurations may be insufficient for achieving accurate color inference.

0 hints

5 hints

PSNR-mean Base Input hints

5

Figure 5.9: Comparative colorization results for a medium-high semantic composition,
Painting 1930.37, at increasing hint densities. The first row shows the corresponding in-
puts with 0, 1, 5, and 50 hints. The second and third rows show, respectively, Ground Truth
(GT) and the outputs of the Base and best PSNR-mean. Please zoom in to better see the
locations and colors of the hints.

Case 2 Figure 5.10 shows a late work by Torres Garcia, created during the final
year of his life. This painting presents a noticeably different stylistic direction,
with strong perspective structure and the inclusion of colors such as pink, which are
uncommon in his earlier production. In this example, the best PSNR-mean model
consistently outperforms the Base iColoriT model across all hint levels. Although
neither model achieves a fully accurate reconstruction even at 50 hints, the LoRA
predictions more faithfully approximate the ground-truth palette, particularly in the

pink facades and blue architectural elements. The Base model, in contrast, tends to
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drift toward desaturated browns and yellows in the first inferences, failing to capture
several of the distinctive chromatic traits of this late-period work. Overall, this case
shows that the LoRA adaptation is better than the Base model at handling stylistic

deviations and atypical color choices within the Torres Garcia corpus.

Input hints

Base

PSNR-mean

50 hints

0 hints in 10 hints

Figure 5.10: Comparative colorization results for a medium-high semantic composition,
Painting 1947.09, at increasing hint densities. The first row shows the corresponding inputs
with 0, 1, 5, and 50 hints. The second and third rows show, respectively, Ground Truth (GT)
and the outputs of the Base and best PSNR-mean. Please zoom in to better see the
locations and colors of the hints.

5.3.3. Further analysis

To further investigate the performance of the selected model, the best PSNR-
mean, additional qualitative examples are presented that compare the LoRA model’s
inference results with 50 user-provided hints against the corresponding ground truth
images. These examples aim to shed light on cases where, despite extensive user
guidance, the inferred colorization still diverges from the reference. Three of the
selected examples belong to the split 77, while one example is drawn from the split
V) (image 1934_02203.png).

Despite the use of 50 user-provided hints in Figure 5.11, the resulting coloriza-
tion remains visually inconsistent. The model assigns uniform green tones to the
leftmost human figure and predominantly blue tones to the rightmost figure, while
failing to colorize the second human figure and the grass beneath the white monu-

ment. A spurious red patch is also visible on the violet dress of the central figure.
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Ground Truth

Figure 5.11: Comparison between the Best-Global model inference at 50 hints (top) and
the ground truth (bottom) for Painting 1908.03.

In the Figure 5.12, several color patch artifacts are observed. Red color patches
appear both in the word “ROJA” on the right side and in the red circle at the center,
where the color, although chromatically consistent, induces a noticeable bleeding
effect into neighboring regions. In addition, the model fails to generalize red tones
coherently across the scene, resulting in inconsistent colorization of the rectangular

shape on the left, which is rendered brown despite being red in the ground truth.

In the Figure 5.13, which presents a higher level of scene complexity than the
previous two examples, several failure cases can be identified upon closer inspec-
tion. The striped awning at the center does not fully converge to a consistent red
coloration and introduces noticeable bleeding artifacts, while the checkered pat-
tern above the word “BUSINESS” is erroneously colorized. These issues indicate
that, although the model approximates the desired chromatic distribution reasonably
well, it still requires a high density of user guidance to achieve visually coherent re-

sults in complex scenes.

Although the example shown in Figure 5.14 appears less complex than the pre-
vious ones, the model still exhibits colorization errors and localized artifacts. In
particular, miscoloration can be observed around the mouth of the fish, as shown

in the figure in the lower-right corner. Similar issues appear in the blue-toned fig-
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Best-Global model (50 hints)

Ground Truth

Figure 5.12: Comparison between the Best-Global model inference at 50 hints (top) and
the ground truth (bottom) for Painting 1917.12.
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Best-Global model (50 hints)

en @7

Ground Truth

Figure 5.13: Comparison between the Best-Global model inference at 50 hints (top) and
the ground truth (bottom) for Painting 1920.03).

ure on the left side of the image (left-central area), indicating persistent difficulties

in achieving coherent color propagation even in comparatively simpler scenes and
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Best-Global model (50 hints)

L

Ground Truth

Figure 5.14: Comparison between the Best-Global model inference at 50 hints (top) and
the ground truth (bottom) for Painting 1934.02203.
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with a high number of hints.

To better understand the residual gap between the selected LoRA model and
the ground truth, selected regions from Section 5.3.1 were magnified as shown in
Figure 5.15. At a global level, the LoRA-adapted predictions are visually coherent
and closely aligned with the target palette, as already seen in Figure 5.3, supporting
the quantitative improvements reported in Tables 5.7 and 5.8. However, the zoomed

views reveal several subtle yet relevant discrepancies.

In the first zoom, the original painting has a small unpainted gap, revealing an
underlying warm, off-white layer. The model recognizes that the area is not pure
white and paints it with a slightly grey or burgundy-tinted tone, depending on the
nearby colors. As a result, the warm undertone present in the ground truth is not

reproduced.

In the second zoom, a small burgundy triangle appears uncolored in the inferred
image, and the natural yellow paint bleeding at the bottom, visible in the ground
truth, is not reproduced. The yellow area at the top is also slightly uneven, showing
some artificial yellow bleeding that does not correspond to the original brushwork

on the left and some grey area on the right.

These examples show that, while global colorization is highly consistent, some
fine details of texture and painting technique remain simplified, even with 50 man-

ually selected hints.

Based on the qualitative behaviour observed across all artworks, the r=32,
Ir=1e~3 and training dataset D, LoRA model still provides a stable and coherent
performance. This model was selected to adapt the authors’ original demo pipeline.

The implementation of this adapted system is presented in the next chapter.

115



=]

M

.i-
Figure 5.15: Comparison between the Best-Global model inference at 50 hints (top) and

the ground truth (bottom). Two zoomed regions, placed at identical relative coordinates for
each image. Painting 1938.12
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Chapter 6

Interactive demo

This chapter describes the modifications made to the official iColoriT demo
software provided by the authors (Yun et al., 2023) to integrate the LoRA model
selected in Chapter 5. It also describes the additional functionalities and adjust-
ments introduced to improve its usability within the context of the Torres Garcia

restoration project.

6.1. Icolorit Demo adaptation

The original demo consists of a PyQt5-based (Riverbank Computing, 2023) in-
teractive GUI designed for CPU and GPU compatible devices, allowing users to
load an image, paint color hints on a drawing pad, select chromatic values from
an ab gamut, and generate a colorized output using the pretrained iColoriT check-
points. The interface builds upon earlier user-guided colorization tools, in particular
the real-time interactive framework of Zhang et al. (R. Zhang et al., 2017).

Since the LoRA logic had already been incorporated at the modeling layer (as
detailed in Section 4.2.4), the base integration consisted of updating the internal
workflow accordingly. However, beyond this integration, several additional func-

tionalities were introduced to enhance the interactive experience and better support
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the project’s use cases. Thus, although the GUI layout remains largely unchanged,
the resulting application extends the original demo’s capabilities rather than merely

replicating it.

Before describing these new functionalities, it is useful to illustrate how the
original application behaved, as seen Figure 6.1. The default interface displays the
grayscale input image on the center panel (the Drawing pad) and the model’s first
inference — computed without any user hints — on the right panel. When the user
clicks on the grayscale image, the system retrieves the corresponding Luminance
value L of the selected pixel and presents, on the left panel, the set of possible (a, b)
chromatic values compatible with that luminance in the CIELAB gamut as can be
seen in Figure 6.2. Then, the user selects the color of the hint, which the model uses
to color the image. For each new selected hint (color and position), the colorization

image is updated with the new hint information.

Figure 6.1: Original iColoriT demo interface - initial display. Left: interactive panel display-
ing the CIELAB gamut for the selected luminance (initially empty).Center: drawing pad with
the grayscale image. Right: colorization output with 0 hint (Base model). Painting 1943.26.

The original demo provided the following interactive functionalities:

= Left click on the Drawing Pad: select the spatial location where the hint
will be placed. A small square appears in that location.
» Left click on the ab Color Gamut: select the chromatic pair of values (a, b)

associated with the selected luminance.
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= Restart button: clear all existing hints.

= Save button: export the currently colorized image.

= Load button: load a new image into the interface.

Figure 6.2: Original iColoriT demo interface - hint selection. Left: interactive panel dis-
playing the CIELAB gamut for the selected hint’s luminance. Center: grayscale input image
with selected hints. Right: colorization output updated using the new selected hint (Base
model). Painting 1943.26

6.1.1. New Functionalities Added to the Demo

In addition to integrating the selected LoRA model, several new functionalities
were added to extend the capabilities of the original demo. First, the application
now allows saving not only the final colorized image but also a JSON file con-
taining the full set of user-provided hints, including spatial coordinates and their
corresponding RGB and CIELAB values. This enables exact reproduction of any
interactive session and supports downstream analysis. The system also saves a
grayscale version of the input image with the hints overlaid, as well as a binary
hint mask marking the exact pixel positions of all hints. Users can also specify a

custom output directory where all generated images and JSON:Ss files are stored.

Beyond these output-related additions, several interactive improvements were

introduced. The grayscale image panel now supports zoom-in and zoom-out op-
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erations, enabling precise hint placement in regions with fine detail. A single-
step undo mechanism (Ct r1+Z) was implemented to revert only the most recently
placed hint, improving usability during dense annotations. Furthermore, the ab
color gamut also includes a zoom functionality, allowing users to inspect the gamut
at higher resolution and select chromatic values more accurately, especially in ar-
eas where many similar hues cluster tightly. Together, these extensions transform
the original interface into a more flexible, precise, and reproducible colorization

environment.

Figure 6.3 illustrates the extended user interface developed for this project. Us-
ing the selected Best Global LoRA model to infer, instead of the Base one. The
model’s first inference—computed without any user hints—is in the right panel. As

we can see, it is considerably better than in Figure 6.1.

° ab Gamut (free)
ab Gamut (free)

Figure 6.3: Updated iColoriT demo interface. The interactive panel now provides a
zoomed-in view of the CIELAB gamut, allowing for more precise selection of hints. It is
also detached from the drawing and result panels. Painting 1943.26

6.1.2. Reference-based color selection

While the original iColoriT demo is designed to explore user-guided coloriza-

tion in a generic setting, the target application of this work is substantially more
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constrained: restoring the chromatic appearance of artworks that no longer exist. In
this context, curators and domain experts often have access to related pieces, such
as works created during the same period or by other painters of the same school,
that provide priors on plausible palettes, typical pigment choices, and characteristic
chromatic relationships. To exploit this expert knowledge more directly, the demo

was extended to support reference-based color selection.

Concretely, the interface now allows the user to load an additional reference
color image, which is displayed alongside the grayscale target. Instead of selecting
chromatic values solely from the CIELAB gamut, the expert can click on colors
from the reference image to sample colors from regions that they deem to be stylis-

tically or materially compatible with the lost work.

Note that extracting the color directly from the reference image without con-
sidering the luminance of the selected point in the grayscale image will result in a
different color than desired. In the iColoriT architecture, the selected luminance L,
from the target grayscale image and the user’s hint chromaticity (a, b) are used as
the model input, as was explained in Section 4.1.1. At inference time, the model
predicts the (a,b) values and concatenates those values with the target’s original
L, channel. As a result, transferring a color from a specific point in the reference
image (L., a,,b,), to the target image by using the pair (a,, b,) does not guarantee
that the preceived color will be the same. In other words, the color perceived from
the triplet (L,, a,, b,) differs from the color perceived from the triplet (L, a,,b,.).
With these phenomena two issues arise: (1) the reference (a,, b,) may not exist in
the valid CIELAB gamut for that luminance L;; (2) even if it exists, the perceived
color can differ significantly when paired with a different luminance; and the col-
ors sampled from the reference may therefore appear distorted, darkened, or overly

saturated when placed on the target.

To mitigate this, the system filters the reference image based on the luminance
structure of the target image. . Only reference pixels whose luminance is equal
to or close enough to the target pixel’s luminance L;1.0 are considered. The cor-
responding (a,, b,.) values are extracted and intersected with the original iColoriT-
valid gamut at that luminance. The result is a reference-conditioned gamut: a set of
chromatic options that are simultaneously plausible according to the reference and

perceptually coherent when combined with the target luminance.
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Figure 6.4 illustrates this phenomenon by showing two visualizations of two
different CIELAB gamuts: one for L = 70 on the left and one for L = 50 on
the right. A reference color sampled at (a = 15,b = 70) appears as an in-gamut
sample in the left panel and an out-of-gamut sample in the right panel. In the latter,
the pair (e = 15,b = 70) is invalid for luminance L = 50. In this context, an (a,
b) pair is considered invalid or out of gamut when it does not correspond to any
physically realizable color within the SRGB color space for a given luminance L.
Consequently, chromatic coordinates that are valid at one luminance level may fall

outside the SRGB gamut at another.

Figure 6.5 on the top row shows how a single and fixed chromaticity (a,b)
changes perceptually when combined with different luminance values. Even though
the (a, b) pair is kept fixed (a = 50, b = 50), the resulting SRGB colors show strong
variations, ranging from dark browns at low L to desaturated oranges and pastel

tones at high L.

Figure 6.5, bottom row, further highlights the issue of invalid values by showing
which luminance values produce an in-gamut color for a fixed (a = 15,0 = 70).
In sRGB, only a narrow band of luminance values yields a physically valid color,

while most L-levels fall outside the displayable gamut.

Together, these visualizations illustrate why direct color transfer from the refer-
ence is not feasible: A color that is chromatically valid at its original luminance may
become perceptually inconsistent or even out-of-gamut when forced to adopt the
luminance structure of the target painting. This motivates the use of a luminance-

conditioned filtering strategy when constructing the reference-based gamut.

Figure 6.6 illustrates the effect of applying the luminance-conditioned filtering
procedure to a real reference painting. The left panel shows a representative work by
Torres Garcia used as a chromatic reference. The right panel displays the subset of
pixels in the reference image whose luminance equals the target luminance L ~ 48.

Only the (a, b) chromaticities of these pixels are shown.

The filtered chromaticities form a coherent region of CIELAB space, corre-
sponding to chromaticities that are actually plausible at L ~ 48 in the reference

image. Note, in Figure 6.6, how only certain values of the gamut are allowed.
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Gamut a-b for L = 70.0 Gamut a-b for L=50.0

X a=15b=70 X a=15b=70

100 1004

-100 -100 4

-100 -50 0 50 100 -100 -50 0 50 100

Figure 6.4: Effect of luminance L on chromatic validity and perceptual appearance in the
CIELAB space. Left: Valid (a,b) gamut for L = 70 with (a« = 15,b = 70) as an in-gamut
sample. Right: Valid (a,b) gamut for L = 50 with (a = 15,b = 70) an out-of-gamut sample.

L=0 L=4 L=8 L=12 L=16 L=20 L=24 L=28 L=32 L=36 L=40 L=44 L=48 L=52 L=56 L=60 L=64 L=68 L=72 L=76 L=80 L=84 L=88 L=92 L=06

L=15 L=20 L=25 L=30 L=35 L=40 L=45. L=50 L=55 L=60 L=65
006 00G ©0G 006 006 006G 006 006 006 ©0G ©0G

BEnERRERRERRERD By

Figure 6.5: The effect of luminance variation on the CIELAB space. These visualizations
illustrate why it is not possible to transfer reference colors directly unless their luminance
structure matches that of the target image. The first row shows the same fixed (a = 50,b =
50) values combined with different L values. Second row: For a fixed (a = 15,b = 70), only
some luminance levels are in-gamut for the considered («a, b) values.

L=70
oK

This luminance-conditioned sampling forms the basis of the reference-
conditioned gamut: a set of chromatic options that are valid for the target (hint)

luminance and stylistically grounded in the reference artwork.

The application now includes a dedicated reference module that allows experts
to load an external artwork and extract chromatic information from it. Upon se-
lecting a reference image, the interface displays both the painting itself and the
luminance-filtered (a, b) gamut derived from its pixels, enabling users to visualize
only those chromaticities that are compatible with the luminance of the target re-
gion, as shown in Figure 6.7. To support precise sampling, a pixel-level zoom tool
allows experts to inspect small regions of the target grayscale image and select spe-
cific areas. At the same time, a zoomable version of the gamut is provided, allowing
fine-grained hint selection (for both reference and original gamut). Together, these
interface components transform the demo into a flexible color—selection environ-

ment where the user can alternate between free exploration of the color gamut and
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Gamut ref (L=48)

Reference

Figure 6.6: Luminance-conditioned chromatic sampling from the reference painting. The
left side shows the selected reference artwork, Painting 1943.26, while the right side dis-
plays the (a,b) chromaticities of all reference pixels whose luminance matches the target
luminance level (L ~ 48).

reference-driven sampling, resulting in more informed and historically grounded

chromatic reconstructions.

LN J ab Gamut (free)

ab Gamut (free) Colorized Result

ab Gamut (reference)

v Gray Load Save Save As... Restart Quit

Figure 6.7: Interaction between the partial gamut (reference-based gamut) panel and the
full CIELAB gamut panel (denoted by Free-gamut in the demo). Note that there are only
a few pairs of values, (a,b), in the partial gamut that are compatible with the given hint’s
luminance value. Painting 1943.26.
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6.1.3. Example with an image of a destroyed painting.

The image shown in Figure 6.8 corresponds to a scanned photographic repro-
duction of a painting lost in the 1978 fire at the MAM Rio. The original acquisition
conditions of this photograph are unknown: there is no available information re-
garding the camera, film type, year of capture, or whether the image was originally
recorded in grayscale or later converted. As a result, the chromatic content of the
original artwork is entirely absent, and the scan constitutes the only visual record
we have. The first result obtained with the selected LoRA-adapted model is a fully

automatic colorization without user intervention, as illustrated in Figure 6.8.

Drawing Pad Colorized Result

Figure 6.8: The scanned grayscale photographic reproduction of the lost Painting 1942.25
was automatically colorized using the selected Best-Global LoRA-adapted model. No user-
provided hints were applied to this initial inference.

Given the stylistic characteristics of the scanned image and its estimated pe-
riod of production, the artwork 1943.26 constitutes a plausible chromatic reference.
Although no definitive correspondence between the two works can be established,
their temporal proximity and visual similarities suggest using the 1943.26 painting

as a reference image for color inference. Both images are shown in Figure 6.9.

After manually placing 50 color hints, the resulting colorization corresponds
to the image in Figure 6.10. Each hint was sampled from the chromatic gamut of
the reference image and constrained to be compatible with the luminance of the

corresponding region in the target image. This procedure restricts the admissible
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[ ] @ Reference [ Gamut (reference) [ Palette

Reference image

ab Gamut (reference)

Recently used colors

Current Color

Figure 6.9: First automatic inference of the selected LoRA-adapted model for a scanned
grayscale image of a lost artwork, incorporating a reference image from a 1943.26 artwork
to guide color inference.

color space at each location, enabling the model to propagate chromatic information
in a perceptually plausible and consistent manner with the underlying luminance

structure.

As shown in Figure 6.10, achieving a satisfactory restoration may require several
iterations of user interaction, gradually refining the colorization through the addition
of further hints. It should be noted that the example shown here was generated
by the author of the thesis rather than by expert practitioners. Improved results
are therefore expected when the system is used by domain experts with in-depth
knowledge of Joaquin Torres Garcia’s painting, particularly through the selection

of more appropriate reference images.

To support this workflow, the interactive tool is made available to the museum as
part of an ongoing chromatic restoration process for images of Joaquin Torres Gar-
cia’s lost works. Through iterative feedback sessions, curators have identified po-
tential extensions to the workflow—such as preprocessing steps for luminance cali-

bration between target and reference images—that could further improve chromatic
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Figure 6.10: Colorization result obtained after providing 50 user-defined color hints sam-
pled from a reference image and constrained by the luminance-dependent chromatic gamut
of the target image.

consistency and alignment. These extensions were not addressed in the present

work and are therefore left as directions for future research.
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Chapter 7

Conclusion and Future work

This work explores adapting deep learning models for chromatic restoration of

artworks, especially when the originals are unavailable.

Building on this premise, different possibilities and limitations of image col-
orization methods were examined, including fully automatic approaches, automatic
methods with reference images, and automatic methods with color hints/scribbles.
Based on this analysis, a system was developed and evaluated that combines the
efficient adaptation of an automatic—interactive model, a systematic study of its be-
havior under different levels of guidance, and the adaptation of an interactive tool

designed to support curatorial work.

7.1. Methodological Adaptation and Data Curation

Need for Interactivity. It became evident that purely automatic colorization mod-
els, such as BigColor (Kim et al., 2022), are not suitable for artistic restoration
tasks. These methods rely exclusively on color priors learned from large-scale im-
age datasets and produce plausible colorizations based on those priors. Depending
on the training strategy, this colorization can sometimes lack vividness, and it of-

fers no control whatsoever over the colorization result. Furthermore, since the color
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priors are derived solely from the training dataset, these automatic models always

require additional training.

Color restoration of lost artwork cannot be automated for two fundamental rea-
sons. First, automatic methods do not provide sufficient control over the output
to account for stylistic, symbolic, or historically based color choices. Second, due
to the nature of the problem, there is no way to ensure that any inferred coloriza-
tion corresponds to the original artwork because the true chromatic information is
irretrievably lost. Incorporating a human in the loop directly addresses the first limi-
tation by enabling guided control through user hints. This motivated the selection of
iColoriT (Yun et al., 2023), a hybrid, interactive method combining learned priors

and user hints, as a more suitable basis for artistic restoration workflows.

Efficiency of LoRA. The Low-Rank Adaptation (LoRA) strategy (Hu et al.,
2022) proved to be the most efficient approach for fine-tuning the Base model, as
it adapts the network by training only a small subset of parameters while keeping
the backbone frozen. By substantially reducing the number of trainable parameters,
LoRA lowers the computational cost and mitigates overfitting of fine-tuning, mak-
ing it well-suited for scenarios with limited training data. Unlike full fine-tuning,
which updates all network weights and requires large datasets for reliable general-

ization, LoRA enables effective adaptation under data-constrained conditions.

Impact of the Data. The effort invested in curating diverse data sources (IMGM,
IMGCec, IMGP, IMGL, etc.) revealed that a broader range of data types improves
performance. Quantitatively, dataset )4, which incorporated a broader and more
diverse collection of the artist’s works and those of his disciples, produced the best
overall PSNR and LPIPS results.

7.2. Adapted Model: Key Results

Quantitative and qualitative analyses confirmed that the model adapted through

LoRA — specifically the Best-Global configuration achieving the highest mean
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PSNR (r = 32, Dy, Ir = le—3) — outperformed the Base model in the spe-
cific context of Joaquin Torres Garcia’s artworks. Importantly, the performance gap
between this configuration and the best LPIPS-mean setup (r = 8, Dy, Ir = 1le—3)
was relatively small. Given the substantial reduction in trainable parameters when
moving from rank 32 to rank 8, this result suggests that, under computational con-
straints, a LoRA rank of 8 can achieve performance close to the best-performing
configuration while requiring significantly fewer resources. Figure 7.1 illustrates
these effects by comparing the Base model inference with the best PSNR-mean and

LPIPS-mean LoRA configurations under the zero-hint setting.

Best PSNR-mean Best LPIPS-mean

Figure 7.1: 0 hint colorization of "Arte constructivo" (1943). Top row, from left to right:
ground truth, result using the Base model. Bottom row, from left to right: result using the
best PSNR-mean LoRA model and result using the best LPIPS-mean LoRA model.

Improvement in Colorization. The most significant improvement was observed
in the regime of low or no user hints (0-20). With zero hints the best overall re-
sults, the PSNR-best-0 model outperformed the Base by approximately 1.60 dB in
PSNR and — 0.0162 in LPIPS, meanwhile the Best Global outperformed the Base
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by +0.8940 dB in PSNR and —0.0154 in LPIPS, indicating that fine-tuning effec-

tively reinforced the internal chromatic priors to better align with the artist’s palette.

Convergence Under Hint Guidance. As the number of hints increases (beyond
50), the performance of the LoRA models and the Base model converges. This
shows that user-provided hints dominate the inference process in densely guided
scenarios and that the Base model already propagates color effectively with a large

number of hints.

A comparison of distortion and perceptual metrics. The comparison between
models optimized for PSNR and those optimized for LPIPS revealed not many dis-
tinct chromatic tendencies. However, the PSNR-optimized model was selected as

the best trade-off between the two metrics.

Qualitative Limitations. Despite strong overall chromatic coherence, the recon-
structions still oversimplify fine paint textures, natural pigment bleeding, and fail
to recover subtle transitions or semantically dense regions, even under high hint

density as was analyzed in 5.3.3.

7.3. Practical Contribution: The Interactive Tool

The work culminated in the adaptation of an interactive software demo that
integrates the best-performing LoRA model (Best-Global configuration) and adds
functionality specifically designed for expert-guided restoration.

Usability and Traceability. The new features enable experts to save complete
hint sessions, including coordinates and chromatic values. This ensures full trace-

ability and reproducibility of colorization decisions.
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Luminance-Conditioned Color Selection. A reference-based color sampling
method conditioned on luminance was implemented. This method addresses an
inherent issue in the CIELAB color space by preventing the transfer of colors that
would appear incoherent or invalid. This functionality enables color guidance to

remain style- and history-informed.

Real-World Impact. The adapted tool is currently being used by the Museo Tor-
res Garcia in the chromatic restoration workflow for images of lost artwork. Beyond
its current use as an exploratory, expert-guided restoration instrument, the long-term
objective is to use this tool to create colorized versions of surviving photographic
records of destroyed works. These results will be disseminated through a dedicated
book publication. This would make the reconstructions accessible to a broader
audience while preserving a clear distinction between the original works and the

digitally inferred restorations.

7.4. Future Work

Based on the results obtained and the limitations observed, several avenues for
future research emerge that could enrich and expand upon the approach presented

in this work.

7.4.1. Improving Hint Integration and Understanding Hint

Propagation

Experiments show that although hints effectively guide chromatic propagation,
the model does not always incorporate them with the expected strength, especially
in specific or small regions of the image where colors are either not propagated or
propagated incorrectly, as seen in Figure 4.16. This phenomenon deserves deeper

investigation. Promising directions include:
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= Analyzing hint propagation across network layers by identifying where hint
information weakens or transforms throughout the network. Explainable Al
techniques (Kashefi et al., 2023) could help visualize the contribution of each
hint to the chromatic decision process and reveal regions where the model
ignores or dilutes the provided guidance. A preliminary exploration in this
direction was conducted in this thesis by inspecting the intermediate outputs
of the 12 transformer blocks; however, a more quantitative analysis is left for
future work.

= Exploring explicit reinjection of hints in deeper layers: for example, through
recurrent injections. In this direction, inspired by Modular Co-Attention
(MCAN) (Yu et al., 2019), iColoriT’s standard attention mechanism could
be replaced with Guided Attention (GA) units. In this setup, user color hints
act as the guiding modality for the grayscale image features, modeling dense
hint-to-region interactions to ensure more precise color propagation.

= [nvestigating interactive segmentation methods: such as those inspired by
Lebon et al., 2023. These methods could help automatically identify areas

where color propagation is difficult, suggesting new hint placements.

7.4.2. Exploring Dataset Chromatic Representativity and New

Data Augmentation Strategies

Another important direction is to examine the chromatic representativity of the
dataset, assess which tones are overrepresented or missing, and explore augmenta-

tion strategies oriented toward chromatic diversity.

A promising line of work could be to explore the use of synthetic images as reg-
ularity priors, following the ideas of Achddou et al., 2021 for image denoising and
super-resolution. Synthetic images generated under controlled distributions could
help improve generalization and reduce overfitting to idiosyncratic features of the

real dataset.

Additionally, style-specific models could be explored by training on subsets
organized by stylistic criteria (e.g., Classical, Modern, Universal Constructive

phases), allowing the network to capture chromatic distributions more faithfully.
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Finally, now that four curated datasets have been constructed and analyzed in
detail (see Chapter 3), an interestinge experiment would be to fine-tune alternative
colorization models such as BigColor Kim et al., 2022. Fine-tuning such models on
stylistically and chromatically constrained subsets could provide a complementary
perspective to the interactive approach explored in this thesis, and help disentangle
the role of dataset composition from that of user guidance in artistic color restora-

tion.
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