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“You don't take a photograph, you make it.”

Ansel Adams
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Abstract

This thesis presents original research on deep learning applied to photo edit-
ing. Our work focuses on several goals we use as guiding lights, and that
distinguish it from rich, contemporaneous research in the same field.

We focus on the democratization of photo editing, not only because the methods
don’t require steep learning curves to be adopted by end users, but also be-
cause they can run on consumer hardware. We strive to make this requirement
compatible with arbitrary resolution editing, so users don’t have to sacrifice
quality in exchange for speed or accessibility. Furthermore, we are respectful
of the work of photographers as artists and professionals, and develop lossless
parametric methods whenever possible: they act like traditional filters, rather
than replacing captured pixels with generated ones.

Ouwr first contribution is FilterNet, an automatic enhancement method that
predicts the values of filters that should be applied to a photo in order to
improve it, rather than predicting the edited result. Predicted filters can be
applied to arbitrary resolution photos, are easily explainable because they
map to photography concepts such as exposure or color temperature, and can be
tweaked by the user at will. However, they act globally because the system is
trained with whole images.

As an intermediate step to extend FilterNet to local edits, we explore how
segmentation methods can be conditioned using text instructions, so users
can intuitively indicate the subject they are interested in. Linking visual
and textual representations is being extensively researched these days; in
particular, generative methods such as diffusion models achieve impressive
creative results in this area. Unlike these methods, we don’t attempt to
produce final versions of edited photos; instead, we demonstrate that they
can be leveraged to predict segmentation masks. Our prototype, CocoGold,

is our second contribution.

Combining FilterNet with CocoGold, we create COCONET, a pipeline that
predicts filter parameters like FilterNet, but applies them locally to the seg-
mentation masks created with CocoGold.

No research is ever complete. Our progress in the areas we set out to explore
opens new directions for the future, which we are excited to pursue. We end
this thesis recognizing the limitations of our prototypes and looking forward

to the next steps that can get us closer to our vision.
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Resumen

La edicién fotogréfica ha acompafiado a la fotografia desde sus inicios. Hoy en
dia, millones de usuarios ajustan sus fotos digitalmente, pero las herramientas
profesionales siguen exigiendo una curva de aprendizaje pronunciada y flujos
de trabajo complejos. Esta situaciéon ha motivado la bisqueda de métodos
automadticos y accesibles que mejoren la calidad técnica de las fotografias sin

comprometer la intencién artistica ni la fidelidad de la captura original.

Esta tesis versa sobre la aplicacion del aprendizaje profundo a la mejora fo-
tografica siguiendo tres principios rectores: (i) independencia de resolucién,
para que los resultados puedan aplicarse a imédgenes de cualquier tamafio
sin pérdida de calidad; (ii) interpretabilidad y control, favoreciendo méto-
dos paramétricos no destructivos cuyos resultados puedan ajustarse tras la
prediccion; y (iii) viabilidad préctica en dispositivos de consumo, haciendo
especial hincapié en la ejecucién local por razones de privacidad, latencia y
sostenibilidad.

Sobre estos cimientos, la tesis presenta dos sistemas principales y una in-
tegraciéon de ambos. En primer lugar, desarrollamos FilterNet, un sistema
de mejora automatica que no genera pixeles editados, sino que aprende a
predecir valores de filtros fotogréficos estindar (exposicion, brillo, contraste,
sombras, altas luces y temperatura de color). Este disefio hace que el proceso
sea interpretable, editable por el usuario y aplicable a resolucién arbitraria: el
modelo infiere pardmetros a partir de una miniatura y la aplicacién los aplica

sobre la fotografia original a maxima resolucion.

En segundo lugar, exploramos la segmentacién guiada por texto como paso
clave hacia ediciones locales. Para ello proponemos CocoGold, que reutili-
za un modelo de difusién entrenado con millones de pares (texto, imagen),
modificindolo para identificar y segmentar objetos a partir de descripciones
sencillas (por ejemplo, “gato”, “coche” o “reloj”). A diferencia de los pipelines
de deteccién y segmentacién por etapas, CocoGold formula la tarea como
generacion condicionada: el modelo aprende a “copiar” la imagen de entrada
resaltando en blanco las regiones que coinciden con el término expresado, de

donde extraemos la mdscara binaria con un posprocesado ligero.

Por dltimo, combinamos ambos enfoques en una prueba de concepto llamada
COCONET: las mascaras de CocoGold permiten aplicar los pardmetros de
FilterNet de forma localizada. De este modo demostramos que la ediciéon

técnica basada en filtros puede adaptarse a regiones especificadas con lenguaje,



manteniendo interpretabilidad e independencia de resolucién en todos los

componentes salvo la mascara de segmentacion.

El objetivo final de nuestro trabajo es contribuir a democratizar la edicién
fotogréfica con soluciones précticas, explicables y eficientes: un sistema capaz
de proponer ajustes técnicos expresados con el mismo vocabulario utilizado en
la edicion fotogréfica, capaz también de seleccionar areas de interés mediante
instrucciones naturales, y de ejecutarse en dispositivos méviles sin exigir

infraestructuras especializadas ni comprometer la privacidad del usuario.

La mejora automdtica de imagenes ha evolucionado desde técnicas algoritmi-
cas clasicas (como los métodos de ecualizacion de histograma) hasta métodos
de aprendizaje profundo capaces de aprender transformaciones a partir de
datos. Las primeras propuestas basadas en redes convolucionales abordaron
tareas especificas (correccion de exposicion, por ejemplo) o estilos locales guia-
dos por un proceso de segmentaciéon previo. Aunque eficaces, estos métodos
suelen generar la imagen final en pixeles, lo que complica la escalabilidad
a altas resoluciones y produce resultados poco interpretables o dificiles de

ajustar.

Una linea interesante ha sido la de aprender ediciones en lugar de producir
pixeles finales. Este planteamiento refuerza la independencia de resolucién
y la interpretabilidad, al representar la salida como pardametros de ajustes
fotograficos y no como mapas de pixeles. Sin embargo, la disponibilidad de
conjuntos de datos con parejas de imdgenes (original, editada) es limitada y a
veces restrictiva en términos de licencia. Para superar esa limitacién han sur-
gido aproximaciones generativas (GANSs) y de aprendizaje por refuerzo que
aprenden secuencias de ajustes a partir de colecciones de imédgenes “buenas”
y “malas”, sin mapear una a una, lo que presenta retos de estabilidad en el

entrenamiento.

El aprendizaje por transferencia se ha consolidado como una estrategia prefe-
rente en vision artificial: un extractor de caracteristicas preentrenado (ResNet,
por ejemplo) puede utilizarse como base para tareas de mejora. Junto a ello,
las funciones de pérdida perceptuales basadas en redes neuronales (tales
como VGG, entre otras) han demostrado mejor correlacién con la calidad
visual percibida que las distancias pixel a pixel. A nivel de ingenieria, la
diferenciabilidad de las operaciones de procesado de imagen resulta crucial

para integrar filtros en arquitecturas entrenables extremo a extremo.
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En cuanto a los datos, la degradacion sintética ha resultado ser una receta efec-
tiva de supervision automadtica: a partir de fotos de alta calidad se generan
variantes empeoradas mediante combinaciones plausibles de filtros. El mo-
delo aprende a revertir esa degradacion sin necesidad de pares editados por

expertos, ampliando considerablemente la cantidad de muestras disponibles.

En paralelo, los tltimos afios han visto el auge de los modelos basados en la
arquitectura transformer, los modelos de difusiéon y los modelos multimodales
que combinan visién y lenguaje (VLMs). Los métodos basados en transfor-
mers han mejorado la modelizacién de dependencias de largo alcance en
restauracion y super-resolucion; los modelos de difusién, concebidos para
generacion de imdgenes, se han adaptado con éxito a tareas de traduccién
imagen a imagen (colorizacién, rellenado de zonas, estimacién de profundi-
dad) y se benefician de avances drésticos en muestreo rdpido (DDIM, familias
DPM-Solver, destilacion). En el terreno lenguaje-vision, el alineamiento entre
texto e imagen ha habilitado segmentaciéon de vocabulario abierto y basada en
expresiones identificativas, con pipelines modulares que combinan detectores
con arquitecturas fundacionales de segmentacién (como SAM). Al mismo
tiempo, algunos VLMs han comenzado a producir salidas espaciales median-
te la utilizacién de tokens especiales en el vocabulario o el uso de cabezas

auxiliares de segmentacion.

Finalmente, una tendencia emergente es la reutilizacién de grandes modelos
de difusién, ya entrenados a escala masiva com millones de pares texto-
imagen, para tareas de comprensién espacial no generativa. Reformulando el
objetivo y retocando minimamente la arquitectura se aprovechan su capacidad
de representacion y conocimiento espacial. Este es el enfoque que adoptamos
para CocoGold, incorporando ademds condicionamiento textual explicito.

Nuestra primera contribucién es FilterNet, que aborda el aprendizaje auto-

supervisado de parametros de filtros.

FilterNet parte de un extractor ResNet preentrenado y afiade una cabeza pre-
dictiva que produce, de una sola pasada, seis valores en el rango normalizado
(—1,1): exposicion, brillo, contraste, sombras, altas luces y temperatura de
color. Para entrenar de extremo a extremo con backpropagation es necesario
renderizar, dentro del propio modelo, una versién mejorada de la imagen
usando filtros diferenciables. Implementamos la mayoria mediante curvas
de tonos paramétricas (pares alto/bajo para cada ajuste) aplicadas en espacio
RGB lineal con 10 bits de precisién, y combinadas con la imagen original

con ajustes de transparencia. La temperatura de color, en cambio, se resuelve
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con matrices de ganancia 3 x 3 previamente calculadas, y para la exposicion
aplicamos su definicion fotométrica. Este disefio emula el comportamiento de
aplicaciones profesionales, evitando saturaciones o artefactos que se observan

con métodos simplistas de contraste o brillo.

El entrenamiento es auto-supervisado: a partir de un conjunto de fotos “bue-
nas” generamos muestras degradadas mediante combinaciones controladas
de los seis filtros. El objetivo del modelo es aproximar la foto de referen-
cia a partir de la imagen degradada, aplicando los filtros mencionados. La
funcién de pérdida combina: (i) término pixel a pixel en sRGB; (ii) pérdida
perceptual con caracteristicas VGG de varios niveles; y (iii) pérdida de estilo
(matrices de Gram), con el objetivo de captar estructura, textura y color en

mayor consonancia con la percepcién humana.

Estudiamos diversas variantes que favorecen la estabilidad y la generalizacion.
Por ejemplo, inicializamos los pesos de la cabeza de regresiéon con valores
cercanos a cero (en el centro del rango predictivo de los filtros) para evitar
predicciones extremas en las etapas iniciales de entrenamiento. Utilizamos
también una capa que denominamos maskout, andloga a dropout, que utili-
zamos para desactivar aleatoriamente alguno de los seis canales con objeto
de fomentar combinaciones alternas. En cuanto a la preparacién de datos,
utilizamos regimenes de degradaciéon moderados, reduciendo la probabilidad
de saturacién irrecuperable (clipping), y acercando la distribucién de datos de

entrenamiento a escenarios reales.

Para evaluar FilterNet (Tabla 5.1) usamos métricas de referencia (PSNR, SSIM,
FSIMc) y dos métricas con mayor correlacion perceptual: DISTS y una pérdida
de contenido basada en VGG. Los resultados muestran mejoras consistentes
al afladir componentes perceptuales a la pérdida y al operar en RGB lineal.
En cuanto a la arquitectura, verificamos que ResNet-50 supera a ResNet-34, y
un breve entrenamiento del backbone completo mejora frente a mantenerlo

congelado por completo.

En cuanto a la implantacion del sistema, exportamos el modelo a Core ML con
cuantizacién a 16 bits, alcanzando tiempos de inferencia bastante inferiores
a un segundo, incluso en méviles de 2020 y anteriores. Esto nos permiti6é
incorporar el modelo a una aplicaciéon popular de fotografia, validando la
viabilidad de nuestro enfoque paramétrico, interpretable y optimizado para

ejecucion local (Fig. 1).
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FIGURA 1: Esquema de inferencia local con FilterNet (copia de

Fig. 3.7). El modelo predice pardmetros de filtros a partir de

una imagen en miniatura. Dichos pardmetros se aplican a la

imagen original a resolucién completa, manteniendo la ediciéon
no destructiva e interpretable.

Como segunda contribucién, CocoGold aborda la tarea de segmentacion
utilizando técnicas de difusién guiada por texto.

La edicién local requiere identificar regiones de interés. CocoGold reutiliza
Stable Diffusion 2 y reformula la tarea de segmentacién como generacion
condicionada por imagen y texto: dada una imagen y un término expresado
con texto (por ejemplo, “gato”), el modelo aprende a producir una copia de
la imagen donde las regiones asociadas al término aparecen destacadas en
blanco. Para ello concatenamos la representacion latente de la imagen original
y de la imagen objetivo, e introducimos ambas como entradas al sistema, adap-
tando la primera capa de la U-Net para aceptar 8 canales (correspondientes
a 2 imagenes) en espacio latente. El resto de la arquitectura del modelo de
difusiéon no necesita cambio alguno. El condicionamiento con texto utiliza el
modelo CLIP, al igual que el modelo Stable Diffusion en su versién estandar.
El entrenamiento se desarrolla sobre la U-Net; tanto CLIP como el codificador

de imagenes (VAE) permanecen congelados.

Nuestro dataset de entrenamiento se basa en COCO 2017. Creamos un ite-
rador que, para cada muestra solicitada, proporciona un recorte aleatorio

que contiene algtn drea perteneciente a una de las categorias de objetos de



Xiv

COCO. Como imagen objetivo, preparamos ese recorte con dicho drea en color
blanco. Puesto que COCO presenta fuertes desequilibrios entre categorias,
seleccionamos para nuestro prototipo un subconjunto de 14 categorias con
similar representacion. El proceso de inferencia sigue el patrén estdndar en
Stable Diffusion: DDIM, con 50 pasos de reduccién de ruido. El modelo, como
se ha indicado, genera una copia aproximada de la imagen objetivo, con la
mascara de segmentacién sobrepuesta en color blanco. Gracias a un proceso
de post-procesado (selecciéon de umbrales de color, seguido de operaciones
morfolégicas para eliminar falsos positivos de pequefio tamafio), obtenemos
la méscara binaria de segmentacion. Para conseguir compatibilidad con esce-
nas que contienen dreas blancas de forma natural (cielos sobresaturados, por
ejemplo), aplicamos a la imagen original una desaturacién selectiva, de modo
que la copia generada no confunda 4reas realmente saturadas con el color
blanco a generar en las zonas de segmentacion. Este pequefio truco permite al

modelo trabajar con todo tipo de imagenes.

Para la evaluacion de resultados medimos IoU (Intersection over Union) y pre-
cisiéon por pixel sobre el dataset de validaciéon de COCO, bajo un protocolo
acorde con la tarea formulada (clase tnica condicionada por texto, sin exis-
tencia de muestras negativas al utilizar siempre recortes que contienen la
categoria objetivo). Observamos una mejora de generalizacion sobre clases no
vistas durante el entrenamiento al aumentar la duracién del mismo, aunque
el rendimiento en este caso es manifiestamente inferior al de clases entrena-
das. La agregacion de varias predicciones aporta ganancias modestas. Sin
embargo, observamos que métodos de inferencia de pocos pasos, tales como
trailing DDIM, funcionan sin cambios sobre el modelo previamente entrenado,
lo que nos permite utilizar inferencia de tan sé6lo 1 a 4 pasos para obtener
resultados satisfactorios. Esto reduce enormemente el tiempo de latencia y la
aplicabilidad préactica del método en hardware de consumo.

La integracion de FilterNet y CocoGold da lugar a COCONET, una prueba de

concepto para edicién local basada en filtros técnicos.

Partiendo de las méscaras de CocoGold exploramos dos integraciones simples
de FilterNet: (A) predecir pardmetros globales sobre la imagen completa, y
aplicarlos en la zona segmentada; (B) aplicar FilterNet sobre un recorte alre-
dedor del 4rea segmentada para obtener parametros mds ajustados a dicha
region, y aplicarlos igualmente sobre la méscara de segmentacién. En ambos
casos, un difuminado suave del contorno facilita transiciones naturales. A

nivel practico, este pipeline combinado respeta los pixeles fuera de la méscara
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ORIGINAL FuLL BBOX

FIGURA 2: COCONET: edicién local aplicando los parametros
de FilterNet (predichos globalmente o utilizando un recorte
alrededor del 4rea de interés) sobre la méascara de CocoGold.

(se toman del original) y preserva el caracter no destructivo e interpretable
del proceso. La limitacién principal es la resoluciéon de la mascara de seg-
mentacién: mientras FilterNet es completamente agnoéstico a la resolucién, la
segmentacion produce una mdscara binaria de tamarfio fijo. Esta restriccién
puede mitigarse con técnicas de aumento de resolucién guiadas por bordes,
tales como las utilizadas en DiffDIS o en aplicaciones reales demostradas en la
industria: es el caso del tratamiento de imdgenes de profundidad en el iPhone,
donde la mdscara (de profundidad, en este caso) es de baja resolucién pero
se adapta a tamafio real mediante procesos especializados que respetan los
bordes.

La Figura 2 muestra los resultados de COCONET utilizando cada uno de los
dos métodos indicados.

Para concluir, ofrecemos un breve resumen de resultados, limitaciones identi-

ficadas y lineas de trabajo que pretendemos abordar en el futuro.

En esta tesis pretendemos demostrar que es posible acercar la calidad y fle-
xibilidad de la edicién profesional a experiencias cotidianas y accesibles, sin
renunciar a la interpretabilidad ni a la eficiencia en dispositivos de consumo.

Las contribuciones centrales son:

¢ Un enfoque de mejora fotografica basado en la prediccién de parametros
de filtros fotograficos, en lugar de generar pixeles editados. Esta decisién
hace al sistema independiente de la resolucién, controlable por el usuario

y facil de implantar, incluso localmente.

¢ Una arquitectura de filtros diferenciables que replica de forma realista
operaciones fotogréficas en espacio RGB lineal con 10 bits de precision,
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con pérdidas perceptuales que conducen a resultados més acordes con

la evaluacion humana.

* Una estrategia auto-supervisada de generacién de datos que evita de-
pender de pares editados, permitiendo entrenar con colecciones de fotos
de alta calidad degradadas de forma plausible.

* Validacion, a través de CocoGold, de que los modelos de difusioén preen-
trenados pueden reutilizarse eficazmente para segmentacién guiada por
texto con minimas modificaciones, formulando la tarea como generacién
imagen a imagen.

* Una integracién (Coconet) que aplica los pardmetros de FilterNet de
forma localizada sobre las méascaras de CocoGold, habilitando ediciones
no destructivas y semédnticamente informadas a partir de instrucciones

simples.

Entre las limitaciones sefialamos: (i) la resolucién fija de las mdscaras, que pue-
de producir imprecisiones en detalles finos como el cabello y otras estructuras
detalladas; (ii) la restriccién, en esta primera version, a términos de una sola
palabra, lejos de descripciones ricas y expresiones identificativas que abundan
en casos reales; y (iii) la latencia propia de los modelos de difusién, mitiga-
ble con procesos de eliminacién de ruido como los indicados, destilacién, o

técnicas de entrenamiento disefiadas para pocos pasos de inferencia.

Como lineas de trabajo futuras proponemos dos direcciones complementarias.
La primera consiste en extender CocoGold a un verdadero escenario de voca-
bulario abierto y lenguaje natural, incorporando expresiones identificativas
(“la persona de la izquierda con camisa roja”). Dado el fuerte alineamiento
multimodal de los modelos de difusién, postulamos que esta ampliacién de-
pende mads del curriculo de datos que de cambios profundos de arquitectura.
Paralelamente, explorar pérdidas y sefiales auxiliares sensibles a contornos

podria mejorar la fidelidad de bordes sin sacrificar la simplicidad del sistema.

La segunda direccién es complementar el enfoque con VLMs como predictores
de pardmetros de edicién basados en intenciones expresadas por el usuario, en
lugar de estimar pardmetros autométicos tan sélo. Un VLM podria recibir una
imagen y una instruccién en lenguaje natural (“haz el cielo mas dramaético”,
“ilumina la cara manteniendo el fondo”) y devolver un vector interpretable
de parametros para conseguir tal efecto. Para entrenar un sistema de estas
caracteristicas planteamos la construcciéon de un dataset sintético utilizando

LLMs para generar variabilidad y riqueza en las descripciones.
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En conjunto, FilterNet, CocoGold y su integracién inicial en Coconet, marcan
un camino pragmatico hacia sistemas de edicién fotografica mas intuitivos:
automaticos cuando el usuario lo desea, ajustables cuando la intencion artis-
tica requiere control fino, y siempre respetuosos con los datos originales. El
equilibrio entre independencia de resolucién, interpretabilidad y viabilidad
en moviles convierte a estas propuestas en una base sélida sobre la que seguir
construyendo experiencias de edicién centradas en las personas y habilitadas

por IA.
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Chapter 1

Introduction

The editing of photographs is as old as photography itself. Analog photog-
raphers applied darkroom techniques, such as Dodge and Burn [1], to adapt
the light and dark areas of an image captured in film to the much narrower
dynamic range of printed media. Technical, artistic, and communications

reasons persist to this day.

Digital photography made photography more approachable, and made it
easier to apply traditional editing processes and derive new ones. Even
though millions of people take photographs every day and modify them on
computers and mobile phones, professional editing tools still require a steep
learning curve to master. This complexity is the reason why most users rely
on simple, one-touch filters that don’t require any technical specialization
or familiarity with the theoretical foundations of digital image processing.
Very frequently, these filters are algorithmically programmed and follow a
set of fixed recipes, whose rules are applied to any target photo. Professional
editors, on the other hand, are able to apply dozens of edits on a photo to
achieve the look and style they are after, attract attention to a subject, adjust

areas too light or too dark, and many other technical and artistic reasons.

The democratization of photography through mobile devices has created an
unprecedented demand for automatic photo enhancement tools. Modern
smartphones capture billions of photos daily, yet the vast majority of these
images never undergo any form of enhancement beyond the automatic pro-
cessing applied by the camera software. This gap between the capabilities of
professional editing tools and the needs of casual photographers presents both
a challenge and an opportunity for applying machine learning techniques to

photo enhancement.
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The goal of this work is to explore how deep learning methods can be applied
to photo editing. In particular, we are primarily interested in the topic of
automatic improvement, where a deep learning system is able to determine a
set of operations that would increase the technical quality of a photo, based
on the contents of that photo or the way it looks. By leveraging the accu-
mulated experience of deep learning on computer vision, we aim to make
technical photo editing more approachable to end users, on the devices they
use every day. To achieve this goal, we also need to pay attention to practical
deployment considerations and technical constraints, such as the impact on
memory consumption, latency, power, or maximum resolution supported. If
we succeed, these methods will allow users to enjoy more flexibility in their

photo editing needs, without requiring a high level of technical specialization.

Let’s stop a second on the term technical photo editing, which we used in the
previous paragraph, and clarify what we mean. We use this term to refer
to edits that do not impose stylistic choices. Our goal is to fix issues that
naturally occur when capturing images, such as underexposure when shooting
in the dark, color casts motivated by artificial light sources, etc. We aim to
revert these imperfections in a sensible way, but also neutrally in terms of
aesthetic preference. Once photos have been technically recovered, they can be

used as starting points for users to apply styles of their choice.

1.1 The Evolution of Photo Enhancement

Photo enhancement has evolved through several distinct phases. In the analog
era, photographers relied on chemical processes and physical manipulations
in the darkroom. The transition to digital photography introduced pixel-
based manipulations and mathematical transformations. The current era is
characterized by the application of machine learning techniques that can learn
complex enhancement strategies from data rather than relying on hand-crafted

algorithms.

Each phase has brought its own advantages and challenges. Digital pro-
cessing made edits non-destructive and infinitely repeatable, while machine
learning promises to make sophisticated edits accessible to users without
technical expertise. However, these advances also introduce new challenges:
ensuring that automated enhancements respect artistic intent, maintaining
computational efficiency for real-time applications, and providing users with

meaningful control over the enhancement process.
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In recent years, deep learning has had a huge impact on computer vision
tasks, such as image classification, object detection, semantic segmentation,
and many others. Generative methods have also been applied to some creative
tasks, such as style transfer, or the ability to create plausible visual content
based on different types of inputs. These methods have also been explored
for photo editing, but it’s rare that they can work on high-resolution photos,
such as those taken by any modern mobile phone. Some recent efforts attempt
to solve this problem by learning the parameters of editing functions that
can be applied to the full-resolution photo, but limitations still exist: editing
functions are heavily simplified versions of tools available in professional
editing tools [2, 3]; learning is difficult or relatively unstable [4]; final results

are frozen and the user cannot tweak the applied parameters (black boxes) [5].

1.2 From Automatic to Interactive Enhancement

Professional photo editing tools have evolved significantly in recent years.
Adobe Lightroom, Photoshop, and similar software now incorporate sophis-
ticated Al-powered features including automatic subject selection, sky re-
placement, and intelligent masking. These tools demonstrate that localized,
content-aware editing is technically feasible and highly valued by photogra-
phers. However, these capabilities remain largely confined to desktop appli-
cations that require significant technical expertise, commercial subscriptions,
and a complex multi-step workflow: select, refine, adjust, blend. Moreover,
most automatic enhancement systems — particularly those designed for mobile
devices — still operate globally, applying uniform adjustments across the entire

image without considering local variations in content or lighting.

The spectacular advances in Large Language Models (LLMs) and their integra-
tion with vision systems opens new research directions for democratizing and
simplifying these professional capabilities. We can envision how users could
potentially express their editing intent through natural language: “brighten

s

the shadows,” “make the sky more dramatic,” or “enhance the person’s face
while keeping the background soft.” The challenge lies not just in achieving
localized edits — which professional tools can already do — but in making this
process intuitive, conversational, and accessible on the devices people use
every day, while maintaining photographic quality. These interfaces, in fact,
could become natural Uls to extend our definition of technical editing towards

ways to capture user intent and apply stylistic and artistic edits.
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To bridge this gap between professional capabilities and everyday accessibility,
we need systems that can: (1) understand and predict high-quality enhance-
ments automatically without requiring technical expertise, (2) identify and
segment specific regions based on natural language descriptions rather than
manual selection tools, and (3) apply different treatments to different parts
of an image while maintaining coherence — all within the computational con-
straints of mobile devices. This requires combining the strengths of automatic
enhancement systems with the spatial understanding capabilities needed for
localized editing, while maintaining the simplicity and efficiency required for

consumer applications.

As a first step toward this vision, diffusion models — originally designed for
image generation — show promise for being repurposed for text-grounded
understanding tasks. By leveraging their pre-trained visual-linguistic repre-
sentations, we can potentially identify and segment objects specified through
natural language without requiring complex architectural modifications or
extensive task-specific training. This capability could form a crucial building
block for localized, instruction-based photo enhancement.

1.3 The Promise and Challenges of Generative Al
for Photography

Generative techniques can create images based on natural-language text de-
scriptions supplied by the user. This can be achieved using autoregressive
methods, such as DALL-E [6] or Parti [7]; or diffusion models, like Stable
Diffusion [8], Imagen [9], or DALL-E 2 [10]. Even though these methods were
designed to interpret textual descriptions of images and generate new images
that match those descriptions, later research showed that they can be adapted
to accept images (instead of text) to guide the generation process [11]. It is
also possible to use other conditioning signals — such as depth maps or canny
edges [12] — with the same purpose. Progress has been fast, helped by open
models like Stable Diffusion that make experimentation easy. Quality has
advanced dramatically, as evidenced by some closed models like Google’s
Gemini 2.5 Flash Image (aka “nano-banana”) [13], state of the art for image
generation and transformation. Yet for photographic editing these approaches
remain challenging: they often lack arbitrary-resolution support, behave as

black boxes (results cannot be tweaked, except by iteration), and generate
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images anew rather than actually applying edits to them. These constraints

conflict with many professional, artistic, or documentary use cases.!

Given these limitations, we focus on edits rather than generation: improving
exposure, color, or brightness, and doing so in a parametric way that can be
understood, modified by the user, and applied to images of any resolution.
When we rely on generative models, we do so for their learned representations
and spatial understanding, but not to synthesize edited results.

Recent work has begun to explore how generative models can be adapted for
more conservative editing tasks. Marigold [14] demonstrated that diffusion
models pre-trained for image generation can be effectively repurposed for
depth estimation by reformulating the task as image-to-image translation.
This insight — that generative models can be adapted for non-generative
vision tasks with minimal architectural changes — opens new possibilities for
leveraging their powerful representations while maintaining the integrity of

the original image (see Section 2.7).

Furthermore, the computational requirements of current generative models
pose significant challenges for deployment on consumer hardware and mobile
devices. Most state-of-the-art diffusion models require powerful GPUs, mak-
ing them challenging to use in real-time mobile applications. This motivates
the development of lighter-weight approaches that can deliver meaningful
enhancements within the constraints of mobile hardware, and encourages

exploration of fast inference methods when diffusion models are used.

Happening in parallel with the evolution of text-to-image models, large lan-
guage models (LLMs) have gone through tremendous progress. The possibil-
ity to use natural language as a UI has been anticipated by the community for
many years, but LLMs have just crossed a quality threshold that has allowed
the development of general-purpose chat assistants, such as ChatGPT [15,
16] or Claude [17]. These state-of-the-art models are closed, in the sense that
they are only accessible through private web services and APIs and can only
be examined by researchers through these methods. Fortunately, models
with varying levels of openness are also being published, whose quality is
approaching that of the best closed models [18, 19, 20, 21, 22, 23]. The in-
creased accessibility makes it much easier to use this powerful technology
for tasks such as synthetic dataset generation, or integration with computer

vision models in complex pipelines. This is a promising research direction

INevertheless, we expect advances in this area to continue, and they may soon close the
gap between editing and generation for most practical purposes.
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that could facilitate the creation of intuitive editing pipelines, and the tasks

we propose as future work in Chapter 6.2.

The capability of LLMs for synthetic data generation has been explored to en-
rich generative text-to-image tasks in the context of image editing. This is the
case of InstructPix2Pix [24], which is able to generate a modified image based
on an existing image used as a reference, combined with editing instructions
supplied in natural language. A big part of the success of the method is the
clever use of an LLM to produce a rich dataset of image editing instructions,
bootstrapped with a small set of human-supplied data. As pointed out before,
this is a very promising area where we expect lots of progress. However, it still
suffers from the same drawbacks we outlined: it does not support arbitrary
resolution, modifications are generative so new data is generated rather than
performing image transformations on the original photo, results are opaque
and cannot be easily tweaked by the user, and the process is stochastic in

nature. We will further explore these methods in this work.

A recent approach that combines the strong capabilities of LLMs with strong
computer vision models is the integration of both into combined Vision-
Language Models, or VLMs [25, 26, 27, 28, 29]. These models encode an image
(or several ones), plus natural language text inputs, and process the combined
representations through an LLM which produces text responses. This sim-
ple and unified architecture has been successfully used to tackle traditional
computer vision tasks. Tasks such as OCR, captioning, or visual-question
answering were clear candidates to be approached by models that understand
images and text, and produce text as output. But notably, VLMs have also
been successfully applied to not-so-obvious tasks like object detection and
semantic segmentation, whose outputs are bounding boxes and segmentation
masks. This is achieved by training the LLM portion of the VLM to produce
some sort of structured text, like formatted output (json, for instance), or
through the use of geometry-aware language tokens added to the model’s
vocabulary, and then translating those outputs to boxes or masks. This was
tirst shown by the PaliGemma models [26, 27], whose pretraining scheme
used a great variety of computer vision tasks and demonstrated the ability for
these models to learn complex representations of the image and text inputs,

allowing their use for spatial-aware tasks.

Recent VLMs have further advanced these capabilities. The Qwen-VL family
[28, 29] has demonstrated state-of-the-art performance on referring expres-
sion comprehension benchmarks like RefCOCO, RefCOCO+, and RefCOCOg,
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achieving over 90% accuracy through sophisticated spatial position embed-
dings and multimodal rotary position encoding (M-RoPE). Similarly, Moon-
dream [30] has introduced grounded reasoning, where the model can pause to
explicitly reason about spatial relationships and point at objects in images
during inference, dramatically improving performance on counting and lo-
calization tasks. These advances show that VLMs are becoming increasingly
capable of precise spatial understanding — a crucial requirement for localized

photo editing applications.

However, it’s an open question whether text generation (the output of LLMs
and VLMs) is sufficient to model and solve complex geometric tasks where
precision and detail are important. Recent work confirms that VLMs can be
reasonable generalists for vision tasks, but lag behind specialist vision models

for specific tasks, in particular geometric ones [31].

1.4 Goals

The convergence of these technologies — neural photo enhancement, represen-
tational capabilities of diffusion models, and vision-language understanding —
presents an opportunity to create more flexible and intuitive photo editing sys-
tems. By combining automatic enhancement capabilities with text-grounded
segmentation, we can work toward a system that applies interpretable edits

to specific regions based on text instructions.

This vision requires addressing several technical challenges, that are our

motivating goals for this work:

* Create a system capable of predicting technical enhancements that im-

prove photos taken in unfavorable conditions
¢ Identify regions of interest from text descriptions

* Apply technical enhancements on local regions, blending seamlessly
within the image

* Maintain real-time performance suitable for interactive editing

¢ Preserve the non-destructive and interpretable nature of edits so users

can refine results
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1.5 Contributions and Thesis Organization

Aligned with the goals stated in the previous section, this dissertation makes

several contributions to the field of neural photo enhancement:

1.

We introduce FilterNet (Chapter 3), a neural network that predicts pa-
rameters for traditional photographic filters rather than directly generat-
ing enhanced pixels. This design choice enables resolution-independent
editing and produces interpretable results that users can further adjust.

. We develop a self-supervised training approach for Filternet that elim-

inates the need for paired training data. By automatically generating
degraded versions of high-quality images and using a multi-component
loss function (combining pixel, perceptual, and style losses), we achieve
effective photo enhancement that runs on modest hardware and can be
deployed to mobile devices (Chapter 5.1.1).

. We demonstrate how models trained to bridge visual and textual modal-

ities can be adapted for localized photo editing tasks. We show that
diffusion models, despite being trained for generation, contain rich rep-
resentations suitable for dense prediction tasks, like segmentation, when

properly fine-tuned.

We present CocoGold (Chapter 4), which repurposes pre-trained dif-
fusion models for text-grounded segmentation. By reformulating seg-
mentation as a generative task, we leverage the visual-linguistic under-
standing from billions of image-text training pairs while requiring only
minimal architectural changes and modest computational resources for

fine-tuning.

. We combine FilterNet with CocoGold to create COCONET (Chapter 5.3),

a unified pipeline for text-guided local photo enhancement. Users can
select objects using simple text terms, and the system automatically
predicts appropriate photographic adjustments (exposure, contrast, etc.)
for those regions. While the segmentation operates at a fixed resolution,
the predicted filter parameters remain interpretable and can be applied

at any image resolution.

Figure 1.1 displays a visual conceptualization of the systems contributed by

this work.
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FilterNet

CocoGold

FIGURE 1.1: Conceptual pipeline. FilterNet predicts global filter

parameters that can be used to render at full resolution. Coco-

Gold uses text inputs to generate a segmentation mask. Coconet

extends FilterNet with CocoGold masks to achieve local edits
based on parametric filters.

These methods establish a foundation for future interactive photo editing
systems driven by complex text descriptions where users can express editing
intents verbally.

The remainder of this dissertation is organized as follows:

¢ Chapter 2 provides a comprehensive review of the state of the art in
neural photo enhancement, adjacent, and supporting areas. It walks
through various research topics related to image and text representations,
computer vision, or image generation; and discusses how these methods

relate or can be applied to photo editing.

¢ Chapter 3 presents the FilterNet architecture and methodology in de-
tail. FilterNet is a novel method to estimate global automatic edits that
supports resolution independence, interpretability, and is efficient in the

use of resources.

¢ Chapter 4 discusses CocoGold, our exploration of diffusion models
for text-grounded image segmentation. It demonstrates a simple way
to leverage the rich text-image relationships encoded in pre-trained

diffusion models, repurposing them for segmentation.
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Chapter 1. Introduction

¢ Chapter 5 describes our experimental setup and results, including ab-
lation studies and performance analysis. The chapter ends with ex-
periments that integrate FilterNet with CocoGold, showing a proof-of-
concept method to extend FilterNet for local edits, where the subject

areas are expressed using simple text terms.

¢ Chapter 6 concludes with a summary of our contributions and outlines

future research directions that arise as natural continuations of this work.

¢ Capitulo 7 es un resumen en castellano de las ideas principales de nues-

tra investigacion, incluyendo antecedentes, metodologia y resultados.



11

Chapter 2

State of the Art

2.1 Overview and Scope

This chapter contextualizes methods for photo enhancement, contrasting clas-
sical heuristics with learning-based approaches that predict either pixels or
interpretable parameters. We then review enabling components (transfer
learning, perceptual losses, differentiability) and supervision regimes (self-
supervision, synthetic degradation) that make these systems practical. Finally,
we move from global enhancement to localized, text-grounded manipulation
by surveying segmentation approaches (open-vocabulary, referring expres-
sions, foundation models), and show how diffusion models can be adapted
from generation to dense prediction tasks that serve photo editing needs.

2.2 Photo Retouching and Enhancement

2.2.1 Classical and Heuristic Photo Enhancement

Classical automatic correction methods, such as global histogram equalization
[32] and CLAHE [33], remain strong baselines for exposure and contrast
adjustment. However, these approaches operate on summary luminance
statistics rather than image semantics: they can amplify noise, push highlights
into saturation, or distort skin tones, and they do not coordinate color and
tone in a way that preserves photographic intent. These limitations motivate

learning-based methods that infer content-aware, coordinated adjustments.

2.2.2 Deep Learning Approaches to Photo Enhancement

The application of deep learning techniques to the problem of image editing

and retouching has been previously addressed by diverse authors. Yan et
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al. [2] use a combination of features to enrich each pixel with information
about its vicinity, and they also consider global image attributes. In order to
provide local context, they perform two previous segmentation steps —scene
parsing and object detection— and then select the most representative mask
categorization for a group of related pixels. Their focus is to learn artistic
styles and how to apply them in a local-sensitive manner. Even though their
method can be configured to work with global adjustments, their results
require a considerable amount of consistency, which is enforced by various
means: a single photographer is in charge of creating all the styled image
pairs; the photographer knows what the categories of the segmentation step
are (and treats those objects accordingly); finally, the effects are applied using
Photoshop Actions to ensure that all filter amounts are the same when applied
to different images. Furthermore, the results are obtained as a rendered
version of the retouched image, so scalability to high-resolution images is

complex. The nature of edits is opaque and unknown to the final user.

A fundamental limitation of Yan et al.’s approach is the requirement for strict
consistency in the training data creation process. This constraint significantly
limits the scalability of the method and makes it challenging to adapt to
diverse photographic styles or multiple photographers’ preferences. Addi-
tionally, the pixel-based output representation means that the system must
process images at their final resolution during both training and inference,
which poses computational challenges for modern high-resolution photogra-

phy where images typically contain tens of megapixels.

Wang et al. [3] focus their attention on exposure correction. They obtain
good results by learning an illumination mapping as an intermediate result,
and then leverage that mask to perform the exposure correction. One of
their contributions is the use of a sensible loss function that combines several
aspects, such as the smoothness of the illumination mask, the color vector
angle difference in RGB space, and the L2 pixel difference in the CIE Lab
color space. Their method seems to generalize well in the context of exposure
correction, but it also produces final pixel representations of the input images.
The lack of availability of suitable datasets is a frequent limitation of these
supervised training methods, so the authors resort to creating their own
dataset consisting of 3,000 underexposed images with their correctly exposed

counterparts.

The illumination-based approach of Wang et al. represents an interesting
middle ground between purely pixel-based methods and parameter-based
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approaches. By explicitly modeling illumination as an intermediate represen-
tation, they achieve better interpretability than end-to-end pixel generation
methods. However, the method is specialized for exposure correction and
does not generalize to other common photographic adjustments such as color

temperature, contrast, or highlight/shadow management.

Beyond models, suitable datasets and supervision choices strongly influence

feasibility; we summarize key datasets next.

2.2.3 Datasets for Photo Enhancement

One significant effort in producing a dataset suitable for supervised learning of
image edits was undertaken by Bychkovsky et al., who created the MIT-Adobe
FiveK Dataset [34]. It consists of 5,000 photographs in RAW format, plus five
sets of edits performed by individual photographers. This dataset has been
influential in the field, as it provides ground truth edits from multiple experts,
allowing researchers to study the subjective nature of photo enhancement
and the diversity of editing styles. Unfortunately, the dataset license does not
support commercial use, which limits adoption in applications that require

permissive licensing.

In addition to the dataset itself, Bychkovsky et al. [34] also introduce the
concept of learning edits instead of producing final image representations.
They do so by focusing on just tone (luminance) adjustment and applying

various regression methods on global image features.

The concept of learning edits rather than pixel outputs represents a paradigm
shift in photo enhancement research. This approach offers several advantages:
(1) the learned parameters are resolution-independent and can be applied to
images of any size; (2) the edits are interpretable and can be further adjusted
by users; and (3) the computational requirements during inference are sig-
nificantly reduced since only parameters need to be predicted rather than

full-resolution images generated.

We next consider generative and reinforcement learning approaches that
likewise aim for resolution-agnostic edits but differ in training dynamics and

inference.
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2.24 Generative and Reinforcement Learning Approaches

Another effort in the direction of learning edits was undertaken by Hu et al.
[4]. They create a resolution-agnostic image improvement model by applying
a sequence of piecewise-linear filters in a GAN-like reinforcement-learning
(RL) environment. One advantage of their approach is that they do not need
prepared image pairs, just a set of badly-exposed pictures and a different set
of pictures considered to be of high quality. One disadvantage is that conver-
gence of these models, like in other generative networks, is challenging and
fragile [35], so the authors resort to several training strategies to facilitate con-
vergence. Despite the relative instability in training, RL/GAN approaches are
often considered alternatives to purely generative translation models such as
CycleGAN [36] when preserving input resolution and avoiding hallucinated

content are primary objectives.

The use of reinforcement learning for photo enhancement introduces an inter-
esting sequential decision-making framework to the problem. In Hu et al.’s
approach, the agent learns to apply a sequence of edits, mimicking the work-
tlow of professional photo editors who typically apply multiple adjustments
in a specific order. However, the sequential nature of the approach can lead to
longer inference times and the GAN-based training can be unstable, requiring

careful hyperparameter tuning and training strategies.

2.2.5 Advances in Learnable Filters

Moran et al. [5] combine a U-Net-like architecture [37] with a set of learnable
piecewise-linear differentiable filters applied in three different colorspaces.
Filters are inspired by curve tools available in photo editing tools. While the
shapes of these filters are learned, they are never exposed to the end user
because the system uses them internally to generate the enhanced image pixels
instead of the edits. In addition, learned curves, while being interpretable,
cannot be easily decomposed as image editing primitives like brightness,

contrast, or color temperature.

The same authors also employ a loss function composed of several com-
ponents, which has been identified as a key factor to quality improvement
(Section 2.3.1).

These method choices are enabled by widely useful components: transfer
learning, perceptual losses, and differentiable operators, which we cover next.
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2.3 Transfer Learning and Deep Features

Instead of attempting to train a deep network from scratch, many systems rely
on well-known transfer learning techniques that leverage previously-trained
networks and fine-tune them to a different domain [38, 39, 40]. Convolutional
networks such as ResNet [41] are frequently used as feature extractors, with
custom predictive layers on top to adapt to particular tasks.

Transfer learning has become a fundamental technique in deep learning,
particularly for computer vision tasks where large-scale annotated datasets
may not be available. The success of transfer learning can be attributed to
the hierarchical nature of features learned by convolutional neural networks:
lower layers learn generic features like edges and textures that are useful
across different visual tasks, while higher layers learn more task-specific
features. This hierarchical feature learning makes it possible to adapt pre-
trained models to new tasks with relatively small amounts of task-specific
data.

Previous work has shown that the choice of pre-trained model and the layer
at which features are extracted can significantly impact transfer learning
performance. Models pre-trained on large-scale datasets like ImageNet [42]
have been shown to provide excellent initialization for a wide variety of
downstream tasks, including medical imaging [43], scene classification [44],

or malware detection [45].

Feature reuse is only part of the story; the loss we optimize also shapes

perceived quality, as we discuss next.

2.3.1 Perceptual Loss Functions

A key component of these architectures is the loss function that measures the
deviation between the output and the desired result. As Wang et al. describe
[3], the use of an appropriate loss function can be a significant factor in the
system’s quality. Johnson et al. [46] describe the use of a separate network to
extract feature vectors from both the network output and the target, using a
metric between those vectors as the basis for a loss function. We follow that
approach and combine it with additional loss components to achieve a simple
training strategy based on backpropagation.

The evolution of loss functions for image enhancement and generation tasks

represents a significant advancement in the field. Traditional pixel-wise losses
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like L1 or L2 distance fail to capture perceptual similarity because they operate
on individual pixels without considering spatial relationships or semantic
content. The introduction of perceptual losses by Johnson et al. [46] marked
a paradigm shift by leveraging the feature representations learned by pre-

trained networks as a proxy for human perception.

Further developments in perceptual losses include the use of style losses based
on Gram matrices [47], which capture texture and style information, combined
with metrics like LPIPS [48] that are explicitly designed to match human
perceptual judgments. The combination of multiple loss components, each
capturing different aspects of image quality, has become standard practice in

image enhancement and generation tasks.

In order to train end-to-end, the image processing primitives themselves must
be differentiable.

2.3.2 Differentiable Image Processing

Another key component of this strategy is the requirement for all operations
to be differentiable so that the loss error can be propagated across the network
and the weights accordingly adjusted. This is an active area of research in
many applications. For example, systems such as LIIF [49] learn an implicit,
differentiable and continuous image function to achieve 3D reconstruction
or 2D super-resolution. NeRF [50] takes advantage of the differentiability
of volume rendering operations to build a volumetric scene function and
generate new 3D views of complex scenes. In other scenarios, the use of
differentiable primitives is allowing the use of deep learning techniques to

tields such as physics simulation [51].

The requirement for differentiability has led to innovative reformulations of
traditional image processing operations. Classical operations like histogram
equalization, bilateral filtering, and even complex geometric transformations
have been reformulated in differentiable forms, enabling their integration into
end-to-end learning frameworks. This trend toward differentiable program-
ming has opened new possibilities for combining domain knowledge from

traditional image processing with the learning capabilities of neural networks.

With these enablers established, we turn to supervision strategies that reduce
reliance on paired data through self-supervision and synthetic degradation.
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2.4 Self-Supervised Learning for Image Enhance-

ment

2.4.1 Dataset Augmentation and Synthetic Degradation

Supervised learning, and in particular, supervised deep learning of image
enhancements, requires the use of rich and comprehensive datasets that can
provide the network with a vast variety of image pairs during the training
process. Dataset construction is a slow and labor-intensive process whose
results are sometimes difficult to extend beyond the scope of their original
contributions. In practice, licensing constraints and dataset scope can limit
direct use of resources such as [34, 3]. Some authors overcome the difficulty
of sourcing high-quality datasets by using other training methods instead of
supervised learning. For example, Hu et al. [4] use two sets of images rather

than a stricter dataset of exact image pairs.

Even in cases where existing datasets can be readily applied, the high amount
of weights to be trained in a deep learning network demands augmentation
techniques to increase the variability of the original dataset and try to reduce
overfitting. The use of ad-hoc augmentation methods for image-based net-
works is becoming more and more sophisticated. Consequently, specialized
software libraries such as Albumentations [52] are now being created for that

very purpose.

The evolution of data augmentation techniques has been crucial for the suc-
cess of deep learning in computer vision. Beyond traditional augmentations
like rotation, scaling, and color jittering, recent approaches have explored
learned augmentation policies [53], adversarial augmentations, and even us-
ing generative models to create synthetic training data. The key insight is
that augmentations should preserve the semantic content while introducing
variations that help the model generalize better.

A frequent setup in supervised approaches involves the preparation of im-
age pairs that combine images to be improved with reference ones [3, 34].
Because of the difficulties just mentioned, some authors have moved to use
transformations or augmentation-only approaches, in what can be considered
a type of self-supervised learning. For example, Alvarez et al. [54] create
a performant blur segmentation model by algorithmically blurring certain
areas of otherwise unblurred reference images. Antic et al. [55] also transform

reference images using methods appropriate to the problem at hand, and use
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that method for tasks such as super-resolution from microscopy videos or

colorization of black & white photographs and videos.

The concept of “crappification” introduced by Antic et al. represents a pow-
erful paradigm for self-supervised learning in image enhancement. By sys-
tematically degrading high-quality images in ways that mimic real-world
degradations, researchers can create virtually unlimited training data with-
out the need for manual annotation. This approach has been successfully
applied to various restoration tasks including denoising, deblurring, super-
resolution, and colorization. The key to success lies in accurately modeling
the degradation process to match real-world scenarios.

Equipped with robust supervision and training practices, we now review

recent modeling trends that improve quality and efficiency for enhancement.

2.5 Recent Modeling Trends for Enhancement

2.5.1 Transformer-Based Approaches

The success of Vision Transformers! (ViT) [56] has led to their application
in image enhancement tasks. The self-attention mechanism in transformers
allows for better modeling of long-range dependencies in images, which
is particularly beneficial for global adjustments. SwinIR [57] demonstrated
state-of-the-art performance in image restoration tasks using a hierarchical
transformer architecture. The Swin Transformer’s shifted window approach
[58] provides an efficient way to handle high-resolution images while main-

taining global context.

2.5.2 Diffusion Models for Image Enhancement

Diffusion models have emerged as a powerful generative approach for image
enhancement. Unlike traditional enhancement methods that directly predict
enhanced images, diffusion models learn to reverse a gradual noising process.
SDEdit [11] showed how diffusion models can be used for image editing by
adding noise to an input image and then denoising it with guidance. This
approach allows for controlled editing while preserving the overall structure
of the image. Palette [59] also demonstrated that diffusion models can be

n this section, transformer-based refers specifically to vision backbones (e.g., ViT, Swin)
applied to image restoration; general Transformer/LLM background is covered later in the
Chapter.
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used for various image-to-image translation tasks, including colorization,
inpainting, uncropping, and JPEG restoration. The key advantage is their
ability to generate high-quality, diverse outputs while maintaining fidelity to

the input image.

2.5.3 Real-World Image Enhancement Datasets

The challenge of obtaining paired training data for image enhancement has led
to innovative dataset creation methods. Recent work has focused on capturing
real-world degradations rather than synthetic ones. For example, RealSR [60]
introduced a dataset of real-world super-resolution pairs captured using
different focal lengths, providing more realistic training data than traditional

bicubic downsampling.

In the previous sections we have been implicitly considering methods for
global enhancement. For better interactive workflows we also need to consider
localized edits. In particular, we focus on segmentation as a way to bridge
this gap, and consider text inputs as a suitable and intuitive way to control

this process.

2.6 From Global to Local: Text-Grounded Segmen-
tation for Editing

The emergence of vision-language models has opened new possibilities for
text-driven image understanding and manipulation. This section reviews ap-
proaches that enable interaction with visual content through natural language,
which forms the foundation for more intuitive photo editing interfaces.

2.6.1 Language-Driven Segmentation Tasks

Powerful and precise object segmentation can be leveraged for photo editing
tasks, where the user selects the object they want to manipulate and the system
applies the desired changes to it. The integration of language and vision has
revolutionized semantic segmentation by enabling more flexible and intuitive
ways to specify what to segment. This has led to several distinct but related
tasks:
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Open-Vocabulary Segmentation

CLIP [61] demonstrated that contrastive learning on large-scale image-text
pairs could produce powerful visual representations aligned with natural
language. This breakthrough enabled zero-shot classification and laid the
groundwork for open-vocabulary segmentation — the ability to segment object

categories not seen during training.

Building on CLIP’s success, several approaches have emerged for open vocab-
ulary segmentation. LSeg [62] pioneered language-driven semantic segmenta-
tion by training a transformer-based image encoder to align pixel embeddings
with text embeddings from CLIP. This approach enables zero-shot general-
ization to unseen categories by leveraging the semantic structure of the text
embedding space. CLIPSeg [63] extends this paradigm by supporting both
text and image prompts for segmentation, adapting CLIP by adding a decoder
that generates segmentation masks conditioned on multimodal queries.

More recent approaches like OpenSeg [64] and OVSeg [65] improve open vo-
cabulary segmentation by better adapting frozen CLIP models. FC-CLIP [66]
shows that even a single frozen convolutional CLIP model can achieve strong
open-vocabulary segmentation with proper architectural design. These meth-
ods demonstrate the importance of preserving CLIP’s zero-shot capabilities

while adapting it for dense prediction tasks.

Referring Expression Segmentation

While open-vocabulary segmentation focuses on recognizing novel categories,
referring expression segmentation tackles a different challenge: identifying
specific objects based on natural language descriptions that may include
attributes, spatial relationships, and context. This task is evaluated on bench-
marks like RefCOCO / RefCOCO+ [67, 68], and RefCOCOg [69, 70], which
contain images paired with referring expressions like “person in red shirt on

the left” or “the smaller of the two dogs.”

Early approaches to referring expression segmentation often used modular
pipelines combining language parsing, visual feature extraction, and reason-
ing modules. More recent end-to-end approaches leverage transformer archi-
tectures to jointly process language and visual features. LAVT [71] achieves
strong performance by progressively fusing language and visual features at
multiple scales. RefFormer [72] uses a unified transformer architecture that

treats referring expression segmentation as a direct set prediction problem.
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The distinction between these tasks is important: open-vocabulary segmen-
tation asks “can you segment any zebra?” while referring expression seg-
mentation asks “can you segment the zebra on the left eating grass?” For
interactive photo editing applications, referring expression capabilities are
particularly valuable as they align with how users naturally describe their

editing intentions.

It’s worth noting that referring expression benchmarks like RefCOCO have
an inherent limitation: while they evaluate the ability to understand complex
descriptions, they’re built on datasets with fixed object categories (RefCOCO
uses COCQ'’s 80 categories). This creates an interesting tension: models are
tested on their ability to understand referring expressions, but only for a
predefined set of object types. True open-vocabulary referring expression
segmentation would require both understanding complex descriptions and
generalizing to novel object categories, a challenge that current benchmarks
don’t fully address. Recent work has begun exploring this intersection, often
by combining open-vocabulary detection models with referring expression

understanding.

2.6.2 Foundation Models for Segmentation

The Segment Anything Model (SAM) [73] represents a paradigm shift in seg-
mentation by introducing a promptable segmentation model trained on over 1
billion masks. SAM’s class-agnostic approach and strong zero-shot generaliza-
tion have made it a foundation for many subsequent works. However, SAM

lacks semantic understanding and cannot directly handle text-based queries.

To address this limitation, several works combine SAM with language models.
LISA [74] connects LLaVA with SAM through an embedding prompt, enabling
reasoning-based segmentation. SEEM [75] proposes a more unified approach
that segments “everything everywhere all at once” by jointly modeling visual
and textual prompts. X-Decoder [76] takes a different approach by proposing
a generalized decoding framework that unifies pixel-level, image-level, and

language tasks.

2.6.3 Detection-Based Approaches for Text-Grounded Local-
ization

Grounded language-image pretraining has shown remarkable success in open-
vocabulary object detection. GLIP [77] unifies object detection and phrase
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grounding by reformulating detection as a grounding problem, enabling
strong zero-shot transfer to new object categories and domains. Grounding
DINO [78] extends DINO with grounded pre-training, achieving state-of-the-

art performance on open-set object detection.

Recent benchmarking efforts have revealed important insights about text-
grounded localization. The Ref-L4 benchmark [79] demonstrates that while
models like Qwen-VL [28, 29] and CogVLM [80] achieve impressive accuracy
on RefCOCO benchmarks, significant labeling errors in these datasets (14-24%)
have masked true model capabilities. When evaluated on cleaned datasets,
these models show even stronger performance, with Qwen2-VL achieving
93.2% accuracy on RefCOCO. This suggests that current VLMs are more
capable at spatial understanding than previously thought, particularly when

given high-quality supervision.

These detection models can be combined with SAM for open-vocabulary
segmentation through a two-stage pipeline: first detecting objects based on
text descriptions, then segmenting them using SAM. While effective, this
pipeline approach can be computationally expensive and may struggle with
ambiguous object boundaries where detection and segmentation disagree.

2.6.4 The Rise of LLMs as Universal Uls

Large language models (LLMs) have had a rapid evolution since the Trans-
former architecture was introduced [81]. They have progressed through

masked-language encoders (such as BERT [82]), sequence-to-sequence encoder-
decoder models (T5 [83]), and auto-regressive decoders like the GPT family

[15]. Today, they are primarily built as auto-regressive decoders and have

culminated in general-purpose closed systems such as GPT-5 [84], GPT-4 [16],
as well as open families like Llama [85, 18], Qwen [19], Gemma [20, 21, 22], or

OpenAl’s gpt-oss [86].

Progress has been driven by scale (in number of parameters, data, and com-

pute), together with improved optimization and regularization.

Modern LLMs typically follow a two-stage training pipeline: (1) web-scale
pre-training, and (2) post-training for usefulness and alignment via supervised
fine-tuning and preference optimization. Public reports describe these stages
for frontier models [16, 17, 18], and recent work explores reinforcement-
learning post-training to boost reasoning ability [23]. These steps are designed
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to improve instruction following, factuality, and robustness, allowing their

use in interactive conversational applications.

LLMs have thus emerged as “universal Uls”, where they can interpret natural-
language goals, plan, and coordinate tools through standardized function-
calling interfaces?, turning free-form requests into structured and concerted

actions.

Deployment has advanced rapidly as well. The use of sparsity through
mixture-of-experts (MoEs) routing [87] allows for fast inference even at high
scale. Parallel inference and attention-focused optimizations [88] alleviate the
quadratic complexity on sequence length, and quantization methods make it
possible to run LLMs on consumer hardware [89, 90].

LLMs can also be used for visual understanding. Combining a powerful image
feature extractor with an auto-regressive LLM stage allows the language
model to refer to visual and text inputs, and generate responses that take both
into account. This is the foundation of VLMs.

2.6.5 VLMs as General-Purpose Tools

Vision-Language Models, or VLMs, incorporate a vision component to LLMs,
providing them with the capability to accept both visual and text inputs for
auto-regressive LLM text-generation phase. Thanks to the demonstrated
generalization capabilities of LLMs, VLMs can be used for tasks such as
visual question answering, captioning, synthetic data generation, detection,
segmentation, and many more.

VLMs have shown impressive visual understanding capabilities. Models like
LLaVA [25], BLIP-2 [91], and Flamingo [92] can answer complex questions
about images but initially lacked pixel-level output capabilities.

Several works attempt to bridge this gap. PaliGemma [26] and its successors
demonstrated that VLMs can be adapted for spatial tasks like object detection
and segmentation by adding geometry-aware tokens to the vocabulary and
training on diverse vision tasks. This approach requires extensive pre-training
on millions of examples to learn spatial reasoning and careful architectural
modifications to output spatial information.

2For example, the Model Context Protocol: https://huggingface.co/docs/hub/en/h
f-mcp-server.
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More recent VLMs have made significant advances in geometry-aware un-
derstanding. Qwen-VL and Qwen2-VL [28, 29] achieve state-of-the-art per-
formance on referring expression comprehension benchmarks (RefCOCO,
RefCOCO+, RefCOCOg), surpassing 90% accuracy through sophisticated
architectural innovations. Qwen2-VL introduces Multimodal Rotary Position
Embedding (M-RoPE), which decomposes positional information into tem-
poral, height, and width components, enabling precise spatial reasoning for
both images and videos. The model processes images at arbitrary resolutions
dynamically, converting them into variable numbers of visual tokens, which
is crucial for handling high-resolution photographs in editing applications.

Qwen3-VL [93] achieves even better spatial understanding, thanks to an im-
proved version of M-RoPE called Interleaved-MRoPE. It is capable of judging

object positions, viewpoint changes, and occlusion relationships.

Moondream [30] introduces grounded reasoning, a paradigm where the model
can pause during inference to think step-by-step about spatial relationships
and explicitly point at objects in images. This capability dramatically im-
proves performance on tasks requiring accurate visual interpretation, such as
counting objects or understanding complex spatial arrangements. By allow-
ing the model to “ground” its reasoning with spatial positions when needed,
Moondream addresses the confirmation bias issues that plague many VLMs
[94], and provides an auditable reasoning trace — valuable properties for photo

editing applications where accuracy and interpretability are crucial.

However, adapting VLMs for dense prediction presents challenges: significant
architectural modifications are required, extensive spatial reasoning data is
needed, and there’s a risk of catastrophic forgetting of language capabilities.
Our approach with CocoGold sidesteps these issues by leveraging diffusion
models’ inherent spatial understanding rather than teaching language models

to reason about space.

Despite these challenges, VLMs are a fruitful and promising area of research
because they demonstrate extraordinary generalization capabilities and can
be adapted to multiple downstream tasks. Large language models (LLMs) are
initially trained for just the auto-regressive text generation task, but they can
be post-trained, fine-tuned, prompted and adapted to tackle a vast number of

problems, including winning gold medals at the International Mathematical
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Olympiad?, assist in coding tasks*, manipulate external tools with a formal

APP?, and many more.

We now turn to diffusion models, highlighting how they can be repurposed
from generation to dense prediction in service of photo editing.

2.7 Diffusion Models: From Generation to Dense

Prediction and Segmentation

While diffusion models were initially developed for image generation, recent
work has demonstrated their versatility for other vision tasks. This section
explores how the rich representations learned by diffusion models can be

repurposed for non-generative applications.

2.7.1 Diffusion Models for Dense Prediction

Marigold [14] pioneered the adaptation of pre-trained diffusion models for
dense prediction tasks, specifically depth estimation. By reformulating depth
prediction as an image-to-image translation task in the latent space of Stable
Diffusion, Marigold demonstrated that minimal architectural modifications
could unlock the model’s spatial understanding capabilities. The key insight
was to leverage the dual image conditioning mechanism, where the model
learns to generate depth maps conditioned on RGB images.

This approach offers several advantages: it preserves the pre-trained model’s
rich visual representations, requires minimal architectural changes (only mod-
ifying the first convolutional layer), and achieves strong performance with
relatively little task-specific training data. The success of Marigold suggests
that diffusion models could be similarly adapted for other dense prediction
tasks.

2.7.2 Leveraging Diffusion Features for Segmentation

Segdiff [95] showed that the diffusion process can be trained for tasks other
than generation, and they achieved state-of-the-art results, at the time, for

Shttps://deepmind.google/discover/blog/advanced-version-of-gemini-with-dee
p-think-officially-achieves-gold-medal-standard-at-the-international-mathema
tical-olympiad/, https://x.com/alexwei_/status/1946477742855532918

“https://github.com/hesreallyhim/awesome-claude-code

Shttps://huggingface.co/docs/hub/en/hf-mcp-server
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segmentation tasks. Their approach was to train an end-to-end specialized
segmentation model from scratch, instead of relying on pre-trained backbones.
While this is an early effort that showed the versatility of the diffusion training
process, later works have focused on leveraging the rich representations of
pre-trained models and their effective use af foundation models that can be
adapted to computer vision tasks, despite being trained for generation.

ODISE [96], for instance, uses internal representations from text-to-image
diffusion models for open-vocabulary panoptic segmentation, by cleverly
combining a frozen diffusion model, a frozen CLIP discriminative model,
and training an implicit captioner and a mask generator from the frozen
representations. They show impressive generalization to unseen classes and

open vocabulary queries through this carefully architected pipeline.

A particularly notable recent advancement is DiffDIS [97], which demon-
strates that diffusion models can achieve state-of-the-art results in binary
dichotomous image segmentation (DIS) [98], which is the task to identify
category-agnostic foreground objects in images. Unlike methods that extract
teatures from pre-trained models, DiffDIS trains the U-Net architecture within
Stable Diffusion V2.1 for high-resolution, fine-grained segmentation. One of
their key contributions is the use of a one-step denoising approach that dra-
matically reduces inference time while maintaining exceptional segmentation
quality. In addition, they use an auxiliary edge detection step (used as an
additional conditioning signal) that improves quality and helps overcome the
probabilistic nature of diffusion without the need for ensembling. This work
provides strong validation for using diffusion models in segmentation tasks,
though it focuses on the dichotomous segmentation problem rather than on

multi-class, text-grounded segmentation.

2.7.3 Fast Diffusion Sampling

While diffusion models traditionally require hundreds or thousands of de-
noising steps for high-quality generation, recent research has dramatically
reduced this computational burden. These advances are particularly relevant

for adapting diffusion models to real-time applications like photo editing.

Deterministic Sampling Methods

DDIM (Denoising Diffusion Implicit Models) [99] pioneered fast sampling
by reformulating the diffusion process as a deterministic ODE rather than a
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stochastic SDE. This allows for:
¢ High-quality generation with 50-100 steps instead of 1000
* Deterministic outputs given the same random seed
* Meaningful interpolation in latent space

Building on DDIM, DPM-Solver [100] and DPM-Solver++ [101] use higher-
order ODE solvers to achieve comparable quality with just 20-25 steps. These

methods have become standard in practical diffusion model deployments.

Trailing DDIM timesteps [102] modify timestep spacing and zero-terminal
SNR at inference, improving performance in the low-step regime and enabling

single-step inference when coupled with appropriate training.

Consistency and Distillation Acceleration
Recent approaches aim to reduce sampling to just 1-4 steps:

Progressive Distillation [103] trains a student model to match the output of a
teacher model using twice as many steps, progressively reducing the required
steps through multiple distillation rounds.

Consistency Models [104] learn to map any point along the diffusion tra-
jectory directly to the final output, enabling single-step generation while

maintaining the ability to trade off speed for quality with multiple steps.

LCM (Latent Consistency Models) [105] adapt consistency training to latent
diffusion models like Stable Diffusion, achieving high-quality results in just
4-8 steps, demonstrating that complex vision tasks can be performed with

minimal denoising steps.

LCM-LoRA [106] showed that LCM distillation can be performed using
LoRA [107] adapters instead of fine-tuning the pre-trained model weights.
Furthermore, LCM-LoRA adapters excel at generalization and can be used as
universal accelerators for arbitrarily fine-tuned models, without additional
training.

The universal nature of LCM-LoRA suggests similar acceleration techniques

can be applied to fine-tuned models without full retraining.

Adversarial Diffusion Distillation (ADD) [108] combines teacher-student
distillation with an adversarial loss to produce few-step (even single-step)
generators with strong prompt adherence, e.g., SD-Turbo [109].
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Latent Adversarial Diffusion Distillation (LADD) [110] performs ADD fully
in latent space, enabling faster training and higher resolutions; recent single-
step models such as FLUX.1 [schnell] [111] exemplify this recipe.

Task-Specific Optimizations

Non-generative tasks like depth estimation or segmentation can enjoy specific
optimizations enabled by the nature of the task.

Marigold [14, 112] demonstrates that depth estimation can work effectively
with just 4 denoising steps when the model is specifically fine-tuned for this
setting. The key insight is that depth prediction requires less stochasticity

than image generation.

DiffDIS [97], which uses a different approach for dichotomous segmentation,
demonstrates that careful training based on the latest distillation techniques
can enable single-step diffusion for segmentation tasks. DiffDIS, for example,
builds upon Adversarial Diffusion Distillation, but without requiring a post-
training distillation process. Instead, 1-step performance is baked in as part of
the DiffDIS training recipe. The authors initialize the U-Net weights from the
SD-Turbo model [109] (which was distilled from Stable Diffusion using ADD),
instead of using the original Stable Diffusion weights. Furthermore, timesteps
are hardcoded to 999 during training, forcing the model to always predict in a
single step. The diffusion noise schedule, following previous literature, uses
1,000 steps, but the model is only shown samples from the last, fully-noised
step.

Bringing these threads together, we synthesize their implications for practical

photographic editing.

2.8 Implications for Photo Enhancement

The convergence of these technologies — open-vocabulary understanding,
adaptable diffusion models, and combined visual and textual representations
— creates new opportunities for photo enhancement systems. Text-grounded
segmentation capabilities enable users to specify regions of interest natu-
rally, while preserving non-destructive, parameter-based approaches for inter-

pretable editing.

The key insight from our review is that different model architectures excel at

different aspects of the problem:
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¢ Parameter-prediction models demonstrate efficient, interpretable global

enhancement

* Vision-language models like CLIP provide strong text-image alignment
but require adaptation for spatial tasks

¢ Foundation models like SAM excel at segmentation but lack semantic

understanding

* Diffusion models offer rich visual-linguistic representations that can be

efficiently adapted for spatial tasks

Next Chapters. The next chapters detail two complementary directions

aligned with the conclusions from this review and our research goals.

¢ Chapter 3: a parameter-prediction approach to automatic global en-
hancement that emphasizes resolution independence and interpretabil-
ity.

¢ Chapter 4: adapting diffusion models for text-grounded segmentation,
enabling localized edits based on natural-language descriptions.

Section 5.3 discusses COCONET, a combined pipeline that applies interpretable
parameters locally using text-grounded segmentation.
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Chapter 3

FilterNet: Self-Supervised Learning

for Photo Enhancement

3.1 Introduction

This chapter introduces FilterNet, a model that predicts parameters of photo-
graphic operations to perform technically meaningful global edits on arbitrary-

resolution images.

3.1.1 Overview

Our design is guided by the requirements established in Chapter 1 for technical
photo editing:

* Resolution independence: predicted parameters can be applied to the
full-resolution image, minimizing prediction memory consumption,

avoiding tiling artifacts and resizing limits.

¢ Interpretability and control: outputs correspond to familiar photo-
graphic adjustments that users can inspect and refine, rather than black-

box finalized images.

¢ Efficiency: inference is lightweight enough for interactive use and mo-

bile deployment.

* Robustness: edits improve common capture issues (exposure, color,
contrast) while preserving natural appearance, especially for skin tones.

Method at a glance. FilterNet maps an input image to a compact vector of
edit parameters that control a differentiable set of photographic operators
(exposure, contrast, brightness, white balance, highlights, and shadows). A
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differentiable renderer applies these operators during training so the model
learns enhancement parameters by backpropagation. At inference time, the
predicted parameters can be applied to images of arbitrary size using non-
differentiable counterparts of the same filters.

Training without paired data. To avoid the need for expert-edited pairs,
we adopt a self-supervised strategy. We synthesize degradations from high-
quality images and train FilterNet to predict edit parameters that undo those
degradations. A multi-component objective combines pixel-level fidelity with
perceptual and style loss components to stabilize learning and encourage
natural-looking results. This chapter focuses on the method while Chapter 5

summarizes quantitative and qualitative results, metrics and ablations.

Contextualization in our research. FilterNet addresses the first step towards
our vision: automatic, global, interpretable enhancements based on param-
eterized edits instead of generation. Chapter 4 introduces CocoGold, which
addresses segmentation guided by text inputs. We combine both compo-
nents in Section 5.3 to demonstrate text-guided local enhancement: FilterNet

supplies the adjustments, while CocoGold indicates where to apply them.

3.1.2 From Heuristics to Interpretable Edits

Classical baselines are summarized in Section 2.2. In brief, heuristic methods
like histogram equalization and CLAHE operate on luminance statistics and
can introduce artifacts in highlights and skin tones. FilterNet takes a different
stance: it predicts a compact set of photographic parameters that jointly
govern tone, color, and contrast, producing edits that are both interpretable

and robust across content.

Deep learning methods use a different approach: they try to capture the
essence of professional photographers’ work to achieve one-touch adjustments
that take into account the characteristics of the image instead of applying fixed
rules or compensate with heuristics. Usually, these deep learning methods
are trained on relatively low-resolution images and are difficult to scale to
larger resolutions, which is especially important for photography applications.
Resolution-agnostic approaches started to emerge to address this problem.
This is the case of LIIF [49], which learns an implicit function representation
that can be rendered at any resolution. LIIF is intended for single-image super-

resolution and not editing; in addition, inference is costly at high resolution.
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Exposure [4] uses adversarial components that typically complicate training
and tuning; more importantly, it trains in a multi-step sequence and relies on
paired RAW photos retouched by experts, while FilterNet is self-supervised
and predicts all parameters in one forward pass, as we'll see.

To better ground this discussion, Figure 3.1 shows representative input/out-
put pairs from real-life unmodified photos captured with mobile phones and
consumer DSLRs, with various subjects and lighting conditions. FilterNet is
able to improve tonality, exposure, and color temperature while being respect-

ful of human features and avoiding opinionated stylistic modifications.

FIGURE 3.1: Original straight-out-of-camera photos (odd

columns) and optical adjustments proposed by FilterNet (even

columns). Results improve tonality, exposure, and color tem-

perature while being respectful of human features and avoiding
extreme stylistic changes.!

Original FilterNet

Original FilterNet Original FilterNet

FilterNet proposes a method to learn editing parameters that can improve the
technical quality of digital photos, achieving the following contributions:

* An end-to-end system to enhance photographs of arbitrary resolutions.
The model is able to propose enhancements to six different factors, with-
out imposing a particular visual style and avoiding artifacts or unnatural
results. The six areas improved are: color temperature, exposure, bright-
ness, contrast, shadows and highlights. High-resolution enhancement
is made possible by the fact that our model is configured to learn the
intensities of the filters that best improve the images presented as inputs
to the network. Training is performed using downscaled images, but the

results are applied to full-resolution photos when the model is deployed.
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* The validation that transfer learning can be applied to the photography
enhancement task in a differentiable backpropagation setting. Training
stability is improved with respect to alternative generative approaches
based on reinforcement learning or adversarial networks. Furthermore,
training requires modest computing resources and deployment is effi-

cient even in constrained environments, such as mobile phones.

* A self-supervised data preparation method where training pairs are
synthetically generated from high-quality photos using a degradation

process. This provides great variety and generalization capabilities.

* The development of high-quality differential image processing filters
that can reproduce the operations of image editing primitives imple-
mented in commercial applications. These differentiable filters can be
applied to image batches in parallel, during the forward training pass,
in order to produce rendered versions of the inputs. Because filters are
differentiable, their gradients can be computed for loss attribution using
backpropagation.

* The analysis of factors and methods that contribute to improved en-
hancement quality and more stable training. Loss components com-
puted from feature-extraction CNNSs, the use of a 10-bit linear sRGB
colorspace for image processing, sensible weight initialization schemes,
and image preparation methods with varying degrees of transforma-
tion are measured. Experimental results and metrics are provided in
Chapter 5.

Our research on FilterNet has also been validated by its use in a well-known
iPhone photography application 2. Users can instantly get automatic enhance-
ment results by simply tapping a button. Furthermore, they are able to see
how the result is composed of various amounts of the filters we mentioned, so
they can learn from the suggestions or tweak those values to their liking. This
tfeature uses an on-device FilterNet model to minimize latency and ensure
privacy. It supports all current iPhones and takes less than half a second to

run, including rendering at full-resolution, on all devices.
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Pre-trained
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FIGURE 3.2: FilterNet overview diagram. The gray background
area shows the modules used at inference time, where the net-
work estimates the values or intensities of the enhancement
filters to apply, as discussed in Section 3.7. In order to train
the model, custom filter rendering layers are used to apply the
enhancements (3.5), and the results are compared against the
reference high-quality images (3.4, 3.6). The training process
is based on a single dataset of high-quality photographs from
which bad pictures are created by applying random transforma-
tions using the process described in Section 3.3.
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3.2 Task Definition and Base Architecture

FilterNet is designed to learn the task of enhancing photos by applying a fixed
number of global filters with varying degrees of intensity. The outcome we
are interested in is the set of filter intensities that improve an input image.
The improvement is measured as to how close the result is with respect to
a reference, high-quality image. In order to train the model, the network
generates improved versions of the input images and compares them against
their high-quality counterparts. That comparison yields a loss figure used in
a backward pass to update the weights of the trainable network layers. As
Figure 3.2 shows, the main components of the architecture are:

* A method to obtain as many bad quality images as we need, from the
high-quality dataset we prepared. This allows the use of the high-quality
images in a self-supervised fashion. Section 3.3 provides more details
about data preparation.

* A set of differentiable parallel filters carefully crafted to replicate typical
operations performed in professional photo editing tools, as explained
in Section 3.5. Filters are applied in a linear RGB color space using 10-bit
precision.

* A loss function that compares the images enhanced by the network with
the high-quality reference images. As discussed in Section 3.6, we use a

combination of metrics to create a robust loss function.

* Abackbone network, previously trained on ImageNet, used in a transfer-
learning fashion to leverage its feature-extraction capabilities on our

relatively small dataset.

Figure 3.2 also depicts the modules that are used at inference time, as opposed
to the ones used during training. In training mode, the network needs to render
the images in order to compare them against the high-quality references.
However, when the model is deployed, the rendering operation is not required:
the model produces the values (or intensities) of the filters to be applied. This
allows the model to enhance images of any resolution, despite training it with
downscaled samples. At inference time, the filter parameters are estimated
from a low-resolution version of the input image. Then the editing application
uses those values to render the high-resolution original, making the process
suitable for end-user photography applications.

Zhttps://9tobmac.com/2020/06/03/camera- iphone-ipad-update-magic-ml/
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The task was modeled after a transfer-learning architecture. We chose to focus
on residual networks of the ResNet family because their generalization to
other tasks and domains has been well established [45, 43, 44]. FilterNet is
built on the ResNet-50 variant, which in addition to having shown excellent
transfer-learning performance, also represents a reasonable compromise be-
tween quality, inference time, and model size. The ResNet backbone we used
was pre-trained on ImageNet [42] on a classification task. As other authors
have shown, ResNet provides excellent generalized feature extraction capabil-
ities without having to undergo a very lengthy and data-intensive training

from scratch.

With FilterNet, we validate self-supervised learning in a transfer-learning
setting for high-resolution image enhancement. We concentrate on the ResNet
networks for our experiments, in order to attain some homogeneity and
consistency that would allow us to extract general conclusions about the
overall effectiveness of the solution and the impact of its constituent compo-
nents. Other backbone architectures are possible, but we didn’t thoroughly
explore them. As a comparison data point, Section 5.1.5 shows the use of
a much smaller SqueezeNet network in the context of studying different
size-performance trade-offs.

As Section 5.1 describes, our experiments show that both ResNet-34 and
ResNet-50 have a similar conceptual training behaviour. The main differences
are that ResNet-50 produces better quality (all other conditions being equal),
but trains slower. We used ResNet-34 to iterate and experiment faster, and then
validated on the final ResNet-50 models we chose for deployment. ResNet-101
was discarded because of size and latency considerations, as our model was

intended to run in mobile devices.

All code was written using PyTorch [113] and fastai [114].

3.3 Dataset and Data Preparation

Since our ultimate goal was to create a general-purpose photo enhancement
model, we needed appropriate good quality data with sufficient photographic
merit. We also needed it to cover most of the topics users would take pic-
tures of in their daily lives. In order to comply with those requirements, we

compiled a new dataset from photos downloaded from public sources.
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One important reason to curate a new dataset was that many datasets fre-
quently used for computer vision tasks lack a focus on technical photographic
merit. Instead, they are meant for tasks such as object detection or segmenta-
tion, where photographic quality or color accuracy are less critical than subject
variety. This is the case even for Google’s extensive Open Images Dataset>.
Despite its vast scale, it was excluded because of the difficulty of searching for
high-quality images from the point of view of technical photographic merit.
As it was briefly touched-upon in Chapter 2, we did not consider the use
of the MIT-Adobe FiveK Dataset [34] either, because of its restrictive license.
Modern datasets such as LAION-5B [115] could potentially be used, but our
work predates this collection, and it would require extensive filtering and

culling of images that are representative of real photographic conditions.

In order to gather a representative set of pictures, we wrote a script to down-
load 7,200 images across 16 different categories using keyword-based search.
After a deduplication step (some images were valid results for different search
queries), we wrote an app to aid us in culling through the images to create
a relatively consistent set. For example, some images had been converted to
black and white or adopted a heavily desaturated look, while others used
vibrant and very saturated colors. While significant desaturation is a perfectly
valid artistic choice, our purpose was to focus on technical enhancement and
avoid creating an opinionated model that tried to enforce a particular style
vision. In addition, having similar photos edited in radically different direc-
tions could make the model harder to train or achieve a dull, intermediate
look as a compromise among all edit styles. We used the app to review all
photos and manually exclude extreme edits and unrepresentative images such
as illustrations or vector art, ending up with a dataset of 4,885 high-quality
photos, correctly exposed and with natural-looking colors. Those images are
representative of 16 particular topics, including subjects such as landscape,
architecture, portraits, or group photos, but the topics themselves were not

used after collection.

All images were downloaded at a resolution of 1280 pixels in the longest
dimension, which is enough to apply editing filters and obtain results visu-
ally similar to the ones that would have been obtained on higher-resolution

photographs.

Training images were obtained by applying random transformations to down-
loaded photos, making it possible to create a virtually unlimited supply of

3https:/ /storage.googleapis.com /openimages/web/index.html
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TABLE 3.1: Custom predictive layers, appended after the ResNet-

50 backbone.

Layer Type Hyperparameters Output
AdaptiveAvgPool2d 512 x1x1
AdaptiveMaxPool2d 512 x1x1

Flatten 1024
BatchNorm1d e=10" 1024
Dropout p=0.25 1024
Linear 512
Activation ReLU 512
BatchNorm1d e=10" 512
Dropout p =025 512
Linear 512

Activation Sigmoid in (—1,1) 6

Maskout p=01 6

training data from the relatively small dataset we collected. In general, we
performed the transformation process prior to training for performance and
reproducibility considerations. Factors that affect the characteristics of the
training dataset and therefore have an impact on training include:

¢ The set of filters used.
¢ The range of variation allowed for each filter.

¢ The total range of variation allowed, considering all filters simultane-

ously applied to an image.

¢ The number of transformation runs applied to the original set, which

translates to the number of training samples to use.

For simplicity, we did not explore combinations of filters that tend to co-occur
naturally; or conversely, we did not prevent transformations that may engage
changes that go in opposite directions. We plan to address this line of work as

part of our future work on user-intent predictions (Section 6.2).

Experiments that explore these factors will be further discussed in Section 5.1.

3.4 Custom Predictive Head

Table 3.1 expands on the Custom Predictive Layers depicted in Figure 3.2, show-
ing the layers appended after the ResNet-50 backbone. The purpose of this
custom model head, which replaces the standard classification head the ResNet

architecture was designed for, is to learn the parameters of the 6 filters that
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Original Curve applied

a=0."7

Contrasted, alpha blended

FIGURE 3.3: Applying contrast with 0.7 intensity. A contrasted

version of the image is produced by filtering through a high-

contrast tone curve, and the result is interpolated (or alpha-
blended) with the original.

are rendered immediately afterwards. All the filters are designed to operate
in the normalized (—1, 1) range, so we chose a sigmoid curve (translated to
that range) as our final activation layer. The (—1,1) range is denormalized
where necessary to the natural filter units when it makes sense. Such is the

case of the color temperature filter, as we will comment in Section 5.1.2.

The Maskout layer refers to the use of a regularization technique we devised
that is very similar to dropout [116], [117]. The goal is to randomly disable
the output of some of the predicted filters, forcing the network to compensate
by using other filter combinations. The difference with respect to the usual
dropout implementation is that we do not scale the outputs by factor 1/(1 — p),
with p being the probability of dropout. We want to randomly exclude filters
to encourage the model to explore others, but we don’t want to increase the
intensity of the filters we didn’t exclude. The output of the predictive layer
is interpreted as a filter intensity amount, and those semantics would be
invalidated if we scaled the values unaffected by the dropout.

3.5 Filter Rendering

The filters our model learns are exposure, brightness, contrast, shadows, high-
lights, and color temperature. All filters are applied globally, but shadows and
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highlights are designed to operate on the dark and light areas of the histogram.
These filters represent an adequate set of operations that photographers may
want to apply to improve the optical characteristics of a photo before they
attempt any further artistic-oriented edits. Even though there is some overlap
in the nature of the changes they perform (a high brightness, for example, can
be correlated with a high exposure value), the selection is still representative
of the basic toolbox most editing applications provide. Different filter combi-
nations may lead to satisfactory results. Since the training process does not
use information about the transformations applied to originals, we do not
impose a particular preference to the system on the combinations that it can
learn.

Image enhancement operations can be implemented in very different ways,
producing different results. For example, contrast can be computed by inter-
polating the original image with a gray image with the same mean luminosity
as the original. Interpolation-based methods can be a convenient abstrac-
tion to represent multiple enhancement operations, and they can be found
in implementations such as Python’s Pillow library*. On the other hand,
OpenCV uses a multiplication factor to compute contrast®, and this is the
same approach inherited by the Albumentations library [52]. Unfortunately,
these simple methods are not usually found in professional tools, because they
tend to produce extreme and unpleasant results for high-intensity variations.
Photography applications model their editing tools in such a way that results
are pleasing and can be controlled using fine-grained UI controls. Adobe Pho-
toshop, for instance, decided years ago to move away from a mathematical
formula to a method better suited for photographers®.

In our case, most of our filter implementations are based on the concept of a
tone curve. As Figure 3.3 shows, a high-contrast tone curve is applied to the
original image to generate a contrasted version, and the result is alpha-blended
with the original to modulate the intensity of the transformation. Tone curves
are generated from a short number of control points using Catmull-Rom
splines [118]. Usually, a single filter consists of two different tone curves,
as depicted in Figure 3.4: one of the curves is applied to positive values
of the transformation (high contrast, for instance), while the other curve in

the pair is applied to negative values of the transformation. These curve

*https:/ /python-pillow.org
5https: //docs.opencv.org/3.4/d3/dcl/tutorial_basic_linear_transform.html
®https:/ /www.photoshopessentials.com /photo-editing /brightness-contrast/
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FIGURE 3.4: Curve pairs to increase / decrease contrast.

pairs are sometimes symmetrical, but they do not need to. Because tone-
transformed images are blended with the originals, these transformations are
essentially not invertible, in the sense that the original image cannot be easily
recovered from the transformed version even if we knew the intensity of the
transformation. A naive regression-only approach trained to learn applied
transformations would not suffice to recover the untransformed image, as we
illustrate in Fig. 5.5.

For optimization and parallelization reasons, we pre-computed lookup tables
for all the curve pairs used in our filters, using 10-bit precision per channel
instead of the usual 8-bit precision that is commonplace in computer vision
tasks. We perform all computations in linear RGB color space, instead of
sRGB. The use of 10-bit linear RGB color exactly matches the format used
in professional rendering pipelines, like the one used in our iOS app. This
ensures that filters rendered while training match their non-differentiable

production counterparts.

More importantly, colors in sRGB are encoded using a non-linear transfer
function, whereas linear RGB encodes pixels using values proportional to
physical light intensity and are therefore suitable for mathematical operations.
Note, however, that despite using 10-bit precision, our method does not
require input images in the RAW format. Both the FiveK paper [34] and



3.5. Filter Rendering 43

—— high contrast
—— derivative
3.0

2.5 1

2.0 1

1.5 1

1.0 1

0.5 A1

0.0 1

0.0 0.2 0.4 0.6 0.8 1.0

FIGURE 3.5: Tone curve and corresponding numerical deriva-
tive.

Exposure [4] use RAW files for input, but this limits the applicability of the
methods. We use standard sRGB JPEG files as our input because that is the
most usual real-life scenario, but perform all calculations with a precision of
10-bit per channel after converting colors to the linear colorspace. Linear to
sRGB and sRGB to linear conversions are performed following the piecewise

transfer function described in the specification [119].

Because tone curves are applied in custom network layers, the transforma-
tions need to be differentiable in order for the loss figure to be propagated
and attributed correctly. Just as the curves are applied using lookup tables,
the same approach was adopted for their gradients. Figure 3.5 shows the
representation of a tone curve and its numerically-computed differentiation
table.

Not all filters are implemented using the tone curve method. In the case of
exposure, we simply apply the mathematical definition, computing 2°°c, where
ev is the amount of increase or decrease in exposure and c is the original color

intensity, per channel.

All filters in the network are allowed to vary in the (—1,1) interval. In the case
of tone-curve filters (brightness, contrast, highlights, shadows), the absolute

value is interpreted as the opacity of the transformed layer. Negative values
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use the low curve (decreasing the corresponding parameter), while positive
values use the high curve of the curve pair. In the case of color temperature, we
pre-compute a 3 x 3 gain matrix for each 10K step between 2700K and 15000K,
and map the filter variation range (—1,1) to the kelvin range (15000, 2700).
The gain matrix associated with the neutral temperature, considered to be
6500K, is the identity matrix I3. Gains for different temperatures transform
the original (R, G, B) triplet into a new triplet by matrix multiplication.

3.6 Loss Function

FilterNet is designed to produce enhanced images starting from randomly-
transformed pictures derived from a set of high-quality references. To compare
the effectiveness of the model, we need to measure the difference between
FilterNet’s output and the reference pictures. Following previous research
[46, 55], we created a loss function that uses a pre-trained image network to
extract features for comparison, instead of just computing the pixel difference
between the images. As shown in Figure 3.6, the loss function is made of a

combination of the following factors:
* A measure of the difference between the image pixels, /p.

* The difference between features extracted from both images by a VGG-16
model, /.

* The difference between Gram matrices computed from the features
extracted by the VGG in the previous step, /.

The Gram matrix loss component, ¢, captures style and texture information
following the formulation of Gatys et al. [47]. Given feature maps with
C channels and spatial dimensions H x W, the Gram matrix G € RE*C is
obtained by reshaping the feature tensor into F € R“*H" and computing
G = FF'. Each entry Gij represents the correlation between feature channels
i and j across all spatial positions. By discarding explicit spatial structure
while preserving inter-channel correlations, the Gram matrix encodes textural
patterns, color statistics, and stylistic characteristics that are invariant to
spatial arrangement. Minimizing the discrepancy between Gram matrices
encourages the enhanced images to preserve natural texture characteristics
and to suppress artifacts that could appear visually artificial. Computing

Gram matrices from multiple VGG layers (relu3_3, relu4_3, and relu5_3)
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allows the model to capture style information at progressively higher levels
of abstraction.

In all cases, the base difference metric was mean L1 distance, which was
applied to each of the items above. Therefore, the individual components of

the loss function can be conceptually summarized as follows:

lp = lpase(%,y)
lr = lpase(F (%), F(y))

g = Lpase(Gram(F(%)), Gram(F(y)))

Where (p 45E is the L1 distance between the corresponding matrices, averaged,
F(-) is the output of the last three activation layers in the VGG network
(usually denoted as relu3_3, relu4_3, and relu5_3 in VGG diagrams), and
Gram(-) is the gram matrix of the supplied matrix argument.

The combined loss function can be expressed as:

or simply

L=W. LT

where Wy = (wp, wf, wy) are training hyperparameters that represent the
contribution of each loss component, and L = (£, {5, ().

Note that the loss function is computed between sRGB images, and not in
linear mode. There are two reasons for this. First, the input to the loss network
is expected to be an sSRGB image, because that is how the original VGG model
was pre-trained. Second, quality metrics and loss measures are, to the best of
our knowledge, always computed between sRGB images in the literature, so
we do the same for consistency. That is why Figure 3.2 shows a linear to sRGB

transformation block before the loss function is applied.



46 Chapter 3. FilterNet: Self-Supervised Learning for Photo Enhancement

relu3_3, relud_3, relu5_3
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FIGURE 3.6: Components of the loss function. Outputs from the
VGG network are sampled from the last three activation layers
that precede maxpooling layers.

3.7 Final System Inference

Figure 3.7 shows a high-level overview of how the model works when de-
ployed for inference; for example, inside a mobile app. The user captures
a photo that may have been taken in less than ideal lighting or exposure
situations, and uses the enhancement feature to try to improve it. The model
was trained using images of just 299 x 299, so the first step in order to get
a prediction is to downscale the image to the same size. Based on the input
thumbnail, the model estimates the values of the parameters of the 6 editing
filters we trained the system on. The six filters are estimated at once in a single
inference run (and not incrementally on top of previous results), and the
predicted values represent the best combination — as estimated by the model -
that produces a pleasing enhancement, without imposing opinionated styles
or unnatural-looking variations. The application gets the values of the six
filter parameters, and renders the original, full-resolution image using the in-
app filters, whose implementations match the differentiable implementations
used for training. The image displayed in Figure 3.7 was taken indoors in a
museum in dim light. We can observe that the model recommends increasing
the brightness and exposure, decreasing the shadows and adjusting the white
balance; while contrast and highlights remain essentially untouched in this

case.

Figure 3.2 shows the inference pipeline in relationship with the training
pipeline.
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Original (12 Mpx) Adjusted (12 Mpx)

App Render Engine

Model-predicted improvement parameters

Il [f(H Rt S ‘
il &1 . Exposure:  +0.87
I : Temperature: ~ 6351K :
FilterNet i Brightness:  +0.69 !

Trained Model : Contrast: ~ +0.02 |
Shadows:  -0.19

Highlights: ~ -0.01

Downscaled for model inference

FIGURE 3.7: On-device FilterNet inference, as deployed in a
mobile app. The trained model predicts 6 different improvement
parameters using a small thumbnail as input. The predicted filter
parameters are applied to the original high-resolution photo in
a non-destructive way, producing an adjusted version of the
image that the user can keep editing. In this example, the photo
was taken indoors in a museum with dim lighting, and FilterNet
created a combination of filter parameters to increase exposure
and decrease shadows.

As noted in Section 3.4, multiple parameter combinations can produce similar
looks and filter effects overlap and correlate. We train without supervision
on the applied transformations, minimizing the distance to high-quality ref-
erences so the network learns to use the six filters jointly to bring degraded
inputs closer to them, irrespective of the final combination.

Sections 3.2 through 3.6 provided details on the dataset, model architecture
and training process that were used to train the system whose behaviour we

just described.

3.8 Summary

This chapter presented FilterNet, a self-supervised model that predicts pa-
rameters of photographic operators to perform technically meaningful global
edits at arbitrary resolution. By learning to output interpretable controls

(exposure, brightness, contrast, shadows, highlights, and color temperature)
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and applying them through production-matched, differentiable operators in
10-bit linear RGB, FilterNet delivers resolution-independent, non-destructive
enhancements that users can inspect and refine. Training is framed as a
degrade-and-restore problem with pixel, perceptual, and style (Gram) losses,
yielding stable learning and natural-looking results. We also described a
lightweight inference path that predicts all parameters in a single pass on a
thumbnail, and applies them to the original image, enabling efficient mobile
deployment.

Key contributions of this work include:

1. A parameter-prediction approach to photo enhancement that preserves
interpretability and supports resolution-independent application at full
image size.

2. A differentiable filter stack that mirrors professional editing tools, im-
plemented in 10-bit linear RGB to closely match production rendering
while remaining trainable end-to-end.

3. A self-supervised training recipe that synthesizes degradations from
high-quality images and combines pixel, perceptual, and style losses for
stable optimization without paired expert edits or RAW inputs.

4. A compact, single-pass inference procedure suitable for mobile deploy-
ment, demonstrated with on-device application and practical latency.

5. An analysis of design choices (operator parameterization, loss composi-
tion, precision, and color space) and ablations (with details in Chapter 5)
that inform robust, high-quality enhancement.

FilterNet is designed to operate globally on images. The next chapter (Chap-
ter 4) introduces CocoGold, a system that repurposes diffusion models for
text-grounded segmentation. Combined with FilterNet’s interpretable param-
eters, this enables the localized, instruction-driven editing pipeline evaluated
later in Section 5.3.
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Chapter 4

CocoGold: Text-Grounded

Segmentation with Diffusion

4.1 Introduction

In the previous chapters, we presented FilterNet (Chapter 3), a system that
successfully predicts global filter parameters for arbitrary-resolution photo
enhancement. While FilterNet demonstrates the potential of neural networks
to automate complex photo editing tasks, it operates as a fully automatic
system that applies uniform adjustments across the entire image. This global
approach, though powerful, does not allow users to express specific editing

intentions or to apply different treatments to different regions of an image.

To start addressing these limitations, we will focus on the segmentation task,
as a stepping stone towards our vision of text-driven, localized photo enhance-
ment, where users can specify editing intentions like “brighten the person’s

face” or “increase contrast in the sky”.

In order for segmentation to become part of a photo editing system with such
a natural, text-based Ul, it needs to be grounded on text inputs. Our State
of the Art review (Chapter 2) revealed a convergence of technologies that
could enable more flexible, instruction-based photo editing: vision-language
models [61, 25, 26] provide text-image alignment, foundation models like
SAM [73] excel at segmentation, and diffusion models [8] offer rich visual-
linguistic representations. However, these approaches face challenges when
adapted for text-grounded segmentation tasks. Detection-based pipelines,
like Grounding DINO [78], are computationally expensive, require various
components to be combined and can be error-prone. In addition, they must be
further combined with segmentation components (as Grounded SAM does)
to extract detailed segmentation masks to act upon. Vision-Language Models
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[25], unless already pre-trained for segmentation and spatial-aware tasks,
require careful fine-tuning to be adapted for the segmentation task, and have
intrinsic expressive limitations in terms of the restorative capacity that can be

achieved with discrete output tokens.

In this chapter we present CocoGold, a novel approach that repurposes pre-
trained diffusion models for text-grounded object segmentation. By leveraging
the insights from Marigold’s successful adaptation of diffusion models for
depth estimation [14], we demonstrate that these models can be efficiently
adapted for identifying and segmenting objects specified through natural
language. This capability represents a crucial building block toward our

vision of photo enhancement based on natural-language instructions.

4.2 Motivation and Key Insights

The development of CocoGold is motivated by several observations about the

current landscape of computer vision and photo editing:

4.21 The Segmentation Bottleneck

While FilterNet can predict filter parameters for enhancement, applying these
edits selectively requires accurate identification of image regions. Traditional
semantic segmentation approaches are limited to predefined categories and
struggle with the flexible nature of user instructions. Users don’t think in
terms of fixed class vocabularies — they express intentions using natural,

varied language that may refer to objects, attributes, or even abstract concepts.

Understanding the Task Landscape

The attempt to connect segmentation with language has originated various
segmentation tasks that involve language in some capacity. Let’s briefly

summarize the major areas and contextualize CocoGold in this landscape.

¢ Traditional Semantic Segmentation: Assigns each pixel to one of a fixed
set of predefined categories (e.g., person, car, tree). This is the classi-
cal semantic segmentation task, and is limited to classes seen during

training.
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* Open-Vocabulary Segmentation: Extends semantic segmentation to
handle novel categories not seen during training by leveraging vision-
language models, such as the foundational CLIP. Can segment “zebra”

even if only trained on “horse”.

* Referring Expression Segmentation: Identifies and segments specific
objects based on natural language descriptions that may include at-
tributes, spatial relationships, and context (e.g., “the red car on the left,”

“the tallest person wearing glasses”).

For the purposes of free-form, natural-language instructions used for photo
editing, it may appear that referrring expression segmentation would be the
best fit. However, current referring expression segmentation models and
benchmarks are usually based on relatively restricted datasets such as Ref-
COCO / RefCOCO+ [67, 68], and RefCOCOg [69, 70]. These datasets extend
COCO with annotated expressions that refer to specific object instances, but
are inherently limited to the original 80 COCO object categories. Referring
expression segmentation systems based on these datasets are able to dis-
ambiguate references and select specific object instances, as long as these
instances and expressions refer to the set of known categories. Models trained
on these datasets are not truly open with respect to novel object categories, or
to complex descriptions out of the domain of the object-centric expressions
covered in the datasets. More importantly, benchmarks that use these datasets

do not evaluate generalization to novel object categories and expressions.

CocoGold, in its initial implementation, is akin to open-vocabulary segmenta-
tion systems, because we purposefully focus on single-word prompts (e.g.,
“cat” or “chair”) as a practical simplification to establish the fundamental
capability of leveraging diffusion models’ text-image understanding for seg-
mentation. This simplified approach allows us to demonstrate that pre-trained
diffusion models are excellent candidates to perform text-guided segmenta-

tion, and show generalization to object categories not seen during training.

However, the fact that diffusion models have been trained on billions of image-
text pairs and understand nuanced text references, makes us optimistic about
extending the system — using the same simple training methodology — to rich
natural-language expressions, such as “the person wearing red on the left”.
We are hopeful that such a system would be successful on referring expression
segmentation tasks, while being capable of generalizing to arbitrary objects
and complex descriptions.
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4.2.2 The Diffusion Model Opportunity

Recent work has shown that diffusion models trained for text-to-image gener-
ation possess rich internal representations that can be repurposed for other
vision tasks, with or without relating visual information with language. For
example, ODISE [96] unifies pre-trained text-image diffusion and discrimi-
native models to perform open-vocabulary panoptic segmentation. It uses
features extracted from both a CLIP model and a Stable Diffusion one to train
additional components: an implicit captioner that produces text embeddings

rather than natural language captions, and a mask generator.

While ODISE shows impressive generalization to unseen classes, it requires
a complex, carefully orchestrated training and inference pipeline based on
feature selection from the frozen models. Marigold [14], on the other hand,
does not require feature extraction and selection. Instead, it repurposes the
generative diffusion process and shows that it can be successfully fine-tuned
for a variety of computer vision tasks [112]. Fine-tuning Marigold is a rela-
tively light-weight process, because it’s based on diffusion models that have
been trained on billions of images and, consequently, have learned power-
ful representations. Marigold, however, ignores the rich text information
present in the pre-trained text-to-image model, and has not been adapted for

segmentation.

DiftDIS [97] is similar to Marigold in that it leverages pre-trained text-to-image
models for segmentation, but it’s strongly optimized for the specific task of
binary dichotomous image segmentation. Like Marigold, it doesn’t use the

rich text information built into state-of-the-art text-to-image models.

CocoGold builds on the Marigold approach, improves it with language condi-
tioning and adapts it to segmentation. This has several advantages for our

application:

* Pre-trained Visual-Linguistic Understanding: Because diffusion mod-
els like Stable Diffusion have been trained on billions of image-text pairs,
they already understand the relationship between text descriptions and

visual content.

¢ Spatial Awareness: The U-Net architecture at the heart of diffusion
models naturally preserves spatial information thanks to the use of skip
connections [37]. It also preserves locality, typically through the use of
convolutional processing.
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¢ Minimal Adaptation Required: Following the Marigold approach, only
minor changes in architecture are required to repurpose these models,

making training simple, fast, and efficient.

4.2.3 Reformulating Segmentation as Generation

Our key insight is to reformulate the segmentation task as an image generation
problem, as conceptually illustrated in Fig. 4.1. Rather than predicting discrete
class labels or binary masks, we train the model to generate a modified
version of the input image where target objects are highlighted in white while

everything else remains unchanged. This formulation has several advantages:

1. It leverages the model’s existing image generation capabilities without

requiring new output heads or classification layers.

2. It naturally handles multiple instances — when asked to segment “cat”,

the model highlights all cats in the image.

3. It maintains the continuous nature of diffusion models, avoiding the

challenges of discrete optimization.

4. It produces interpretable intermediate results that users can understand

and verify.

4.2.4 Why We Call It Text-Grounded Segmentation

In its current incarnation, CocoGold is similar to open-vocabulary segmenta-
tion, because it uses single-word inputs, segments all objects that match the
specified class, and is capable of generalization to unseen classes. However, it
was not trained to fulfil the open-vocabulary segmentation task per se — the
reason we use single-word inputs is a deliberate simplification that allows us

to validate our assumptions, and is a starting point for subsequent iterations.

CocoGold was created to demonstrate that diffusion models trained on bil-
lions of images can be easily leveraged to combine text and image inputs for
segmentation tasks. Marigold and other methods had already established the
rich feature representation capabilities of diffusion models, and their ability to
be adapted to new tasks. However, these previous methods do not leverage
the — equally rich — text representation capabilities of diffusion models. Our
work demonstrates that conditioning on text inputs is feasible and practical,

and opens a new direction towards text-based segmentation.
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FIGURE 4.1: The CocoGold generative segmentation task. Given

an input image and a text description, the diffusion model gen-

erates a copy of the input, except that the objects that match the

text are highlighted in white. It works with small, distant, and
partially occluded subjects.
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The next iterations of CocoGold will use the same training approach, but we’ll
provide richer text expressions as inputs, instead of just single words. This
will be similar to referring expression segmentation insomuch as the system
will be able to use complex phrases for target disambiguation. Unlike usual
referring segmentation training, however, our method will not necessarily be
based on a limited set of known classes, like the ones used in the traditional
RefCOCO, RefCOCO+ and RegCOCQOg datasets [67, 68, 69]. Instead, we plan
to leverage extensive image datasets combined with synthetic segmentation

and captioning data.

Our key insight — we can leverage the representational capacity of heavily-
trained diffusion models for novel tasks — suggests the feasibility to create
a truly open-category, text-based segmentation model that is easy to train
and use (it will be a single model, not a complex pipeline). This is what we
refer to as text-grounded segmentation, where CocoGold is the first step in that
direction.

4.3 Method

Our approach builds on the Marigold architecture, which adapted Stable
Diffusion to dense prediction tasks. We extend their dual image condition-
ing mechanism to incorporate text prompts, enabling text-grounded object

segmentation.

4.3.1 Problem Formulation

Given an input RGB image x € R3*H*W and a text description t of target
objects (e.g., “cat”, “clock”, “chair”), our goal is to generate a modified image

y € R3>*HXW where:

* Pixels belonging to objects matching the text description are set to white
(RGB value [255, 255, 255])

¢ All other pixels retain their original values from x

This formulation transforms segmentation into an image-to-image translation
task guided by text, allowing us to leverage the full power of pre-trained
text-to-image diffusion models.
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Why Not Generate Binary Masks

The usual output of segmentation models consists of a per-pixel category
classification. In the particular case of binary segmentation, such as the one
we train CocoGold for (we ultimately want to retrieve the segmentation
mask for objects that match the specified class), output consists therefore of
classifying pixels among two categories: pixels that belong to the mask, and
pixels that don’t. However, we observed that training using this binary data as
the ground truth was not successful. The reason, we believe, is that this type
of output is out of distribution for the diffusion model, which was trained to

generate images or image-like outputs and not binary data.

We ran early experiments that stayed close to Marigold’s formulation, and
asked the diffusion model to reconstruct a binary mask decoded by the VAE.
Even though the autoencoder can faithfully represent two-level images as re-
ported in Table 1 of DiffDIS [97], the denoiser rapidly collapsed to the majority
class: after a brief period of seemingly good predictions, the loss plateaued
at solutions that reproduced uniform backgrounds and ignored foreground
structure. This is illustrated in Fig. 4.2. The failure, as mentioned, can be
traced to a domain mismatch. Stable Diffusion was pre-trained to synthesize
natural images; forcing it to regress to piecewise-constant silhouettes pushes
the model far outside the distribution it models well, so gradients provide
little guidance once the latent-space MSE objective is minimized by predicting

the dominant value.

We attempted several countermeasures, including class-balanced MSE [120,
121], Dice-inspired penalties [122], and focal losses [123]. We implemented
these by operating on the predicted latent residuals, weighting errors to em-
phasise minority foreground pixels while avoiding a full decode to pixel space,
but none consistently restored learning. The imbalance inherent to the COCO
crops we use for training — background pixels vastly outnumber foreground
ones — kept rewarding trivial predictions even with these adjustments. One
potential approach could have been to compute MSE on decoded samples in
pixel space, but this would have incurred prohibitive memory costs and was

not a sure avenue for success.

The successful strategy reframed the target as an image-to-image translation
task: the supervision signal is the original photograph with the requested
objects overpainted in white. This aligns the optimization problem with the

generator’s training data, letting the network focus on drawing localized
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ORIGINAL IMAGE 200 STEPS 30K STEPS

FIGURE 4.2: Failed attempt to train generation of binary masks.
The model learns quickly to identify the target objects, but train-
ing collapses and degenerates.
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highlights on top of textures it already knows how to reproduce. In this
regime the diffusion process naturally treats every instance that matches
the prompt identically, so all detected cat regions inherit the same highlight
without additional bookkeeping.

Recovering a binary mask then becomes a lightweight post-processing step.
As we’ll see in more detail later, we threshold the generated image to retain
near-white pixels, apply a morphological opening (erosion followed by di-
lation) to suppress isolated false positives, and, when necessary, desaturate
bright regions of the input before inference so genuine highlights are not
mistaken for mask pixels. This pipeline keeps the diffusion model within its
comfort zone while still producing crisp masks for downstream editing, and
it can be extended with confidence maps or alternative highlight colors in

future iterations.

Note that this approach, despite being a generative task, strictly respects re-
gions in the image not affected by the segmentation mask. Unlike other image
translation tasks that affect all pixels in the target image, we use generation as
an intermediate step to build the segmentation mask, so subsequent editing
operations that act on this mask will preserve other image regions untouched.

Characterizing Text Inputs

To isolate the contribution of language-grounded conditioning, we decided
to use the COCO dataset and restrict prompts to the canonical COCO object
categories. Each training sample pairs a single noun (e.g., cat, clock) with
an image crop that contains that class, providing unambiguous supervision
and enabling clean zero-shot evaluations on withheld labels. Although the
underlying CLIP encoder accepts arbitrary prompts, keeping the vocabulary
compact makes dataset preparation straightforward and avoids conflating
segmentation performance with referring-expression parsing during this first

study.

Class imbalance required additional curation. As Fig. 4.3 illustrates, the
dataset is dominated by the person category, and several classes frequently
appear as tiny instances. We removed person entirely and kept the fourteen
next-most-common categories spanning vehicles, animals, and household
objects (“car”, “dining table”, “chair”, “train”, “airplane”, “giraffe”, “clock”,
“toilet”, “bed”, “bird”, “truck”, “cat”, “horse”, “dog”). Our custom dataset

tooling samples crops around the chosen annotation, rejects views where the
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person 32574
car 3345
dining table 2989
chair 2585
train 2564
airplane 2230
giraffe 2190
clock 2089
toilet 2054
bed 1963
bird 1865
truck 1844
cat 1800
horse 1718
dog 1693
bench 1666
busf 1659
zebraf 1656
elephant| 1644
boat} 1499
sink | 1469
motorcycle 1464
bottle | 1450
cow | 1425
bowl |} 1405
0 50I00 25(I)OO 3O(I)OO

FIGURE 4.3: Number of class instances for the top 25 classes after
iterating once through the COCO training dataset. Each iteration
selects a new image, then a random category and square crop, so
results vary per epoch. For training, we excluded “person” and

used the next top 14 classes.
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subject would be clipped, and biases selection toward masks occupying a
meaningful portion of the frame. This guarantees that the text tokens refers to

visually salient regions in the conditioning image.

Despite their simplicity, these prompts already benefit from the rich alignment
learned during Stable Diffusion’s pre-training: the fine-tuned model correctly
segments categories never included in the training subset, such as “elephant”,
purely from the shared embedding space. Future iterations will keep the same
architecture while expanding the linguistic space with synonyms, multi-word
descriptions, or captions synthesized by vision-language models. This will
allow us to study attribute binding and disambiguation without introducing

a new training recipe.

4.3.2 Architecture

We adopt the architectural modifications introduced by Marigold, extending
them with text conditioning to enable our text-grounded segmentation task.

Base Model

We build upon Stable Diffusion 2! [8], part of the family of latent diffusion
models whose general architecture is depicted in Fig. 4.4. Stable Diffusion

models consist of three main components:

o A CLIP text encoder [61] that converts text prompts into embeddings

for conditioning.

* A pre-trained Variational Autoencoder (VAE) that encodes images from
pixel space (512 x 512 x 3) to a more compact latent space (64 x 64 x 4),
and decodes latent representations back to pixel space.

o A U-Net [37] that performs the denoising process in latent space, condi-
tioned on text embeddings.

The VAE used in Stable Diffusion inherits the conceptual framework laid out
by seminal works on latent variable autoencoders [125, 126], but it’s imple-
mented using a deeper convolutional architecture optimized for compressing
images into a latent space where the diffusion process takes place. As a sanity
check, we verified that its restorative capabilities are more than adequate to
faithfully decode the outputs from our trained model. We conducted a test

where we generate ground truth images with segmented objects highlighted

Ihttps://huggingface.co/stabilityai/stable-diffusion-2
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FIGURE 4.4: Latent Diffusion schematic architecture. Different

types of conditioning signals can be potentially supplied to the

image generation process. Stable Diffusion uses text inputs for
conditioning. Source: [124], based on Figure 3 from [§]

in white, pass them through the VAE encoder and then the decoder, and
results were visually indistinguishable from the ground truths. This confirms
the observation in the DiffDIS paper [97] that the Stable Diffusion VAE can

achieve near perfect reconstruction of even full binary masks.

Dual Image Input Mechanism

Following Marigold’s approach, we modify the U-Net to accept two image

inputs in latent space:

1. Original image latent z, € R**%**%%; The VAE-encoded representa-
tion of the input RGB image, providing spatial context and appearance

information.

2. Target (masked) image latent z,, € R**%4*64; The noised latent repre-
sentation of the target image (original with objects highlighted in white)

that the model learns to denoise.

These two sets of latents are concatenated along the channel dimension to
create the combined latent representation sent to the model for training:

z = concat(z,, z) € [R8*064x64
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Architectural Modifications

We retain Marigold’s adaptation strategy, altering only the components needed
to ingest the paired latents. The first convolution of the U-Net is widened to
eight channels so it can process z = concat(z,, z,,). Following Marigold, we
duplicate the pre-trained weights along the channel axis and scale them by
one half, yielding Whew = concat(Wrig/2, Worig/2). This simple initializa-
tion maintains the magnitude of activations, preventing sudden distribution

shifts that could destabilize training.

No further architectural edits are required beyond the first layer. Keeping the
subsequent convolutions and attention blocks untouched preserves the spatial
priors, multi-scale reasoning, and text-aligned features that were learned

during the original Stable Diffusion training.

[Figure: Detailed architecture diagram showing the modified Stable Diffusion
architecture. Include VAE encoder/decoder, modified U-Net with dual image
inputs, text encoder, and cross-attention connections. Highlight the minimal

changes in red.]

Text Conditioning

Unlike Marigold, which conditions on empty prompts, CocoGold uses the
full text pathway already present in Stable Diffusion. Prompts are encoded by
the frozen CLIP text encoder and injected through the existing cross-attention
layers, so the denoising process attends to tokens that describe the desired
objects. During denoising, the model receives simultaneous cues from the
latent pair and from the token embeddings that specify which concepts to
isolate, letting the attention maps focus on regions whose semantics match
the prompt.

Leaving the encoder untouched preserves the language-vision alignment
obtained during large-scale pre-training. As a result, the model keeps its
zero-shot behaviour on categories that are missing from the fine-tuning set,
while still grounding the segmentation outcome on the input text.

4.3.3 Training Strategy

Our training approach focuses on enabling the model to learn the segmenta-
tion task while preserving its pre-trained capabilities.
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Dataset Preparation

For training, we require triplets of (input image, text prompt, target image
with highlighted objects). We assemble these triplets directly from the MS
COCO 2017 instance segmentation annotations, using the category names
themselves as prompts, as discussed above. Because the sampler constructs
a fresh crop on each iteration, diversity comes from the dataset rather than
from synthetic augmentations. We restricted our initial training run to the top

14 categories after “person”, as represented in Fig. 4.3.
To create each training example we:

1. Retrieve and image and its segmentation mask annotations from COCQO’s

training split.
2. Select a random square crop of the original image.

3. Select a segmentation mask for one random category of an instance
inside the crop. We apply heuristics to avoid masks that would be
heavily cut out after applying the random crop, and to assing larger

priorities to larger masks.

4. Paint the selected region white to form the target image, and use the

category name as the text prompt.

Iterating through the dataset yields different crops, categories and masks
across epochs, providing the variation normally expected from data augmen-

tation without the need to apply augmentation transforms.

Training Objective

We optimise the standard latent-space diffusion loss used in Stable Diffusion:

L= Eyze |lle—ealz b ead)l] (4.1)

with t ~ U([0,T]) and € ~ N(0,I). The target latent Zy = VAEenc(y) is
diffused according to a¢ Zg + 0} €, which we concatenate with the frozen image
latent z, = VAEenc(x) to obtain z; = concat(z,, &t Zg + 03 €). The conditioning
input ¢t = CLIP(t) provides the text prompt, and ey denotes the noise-
prediction U-Net.
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Fine-Tuning Details
Key hyperparameters and implementation choices:

e Learning rate: 3 x 10~ with the IterExponential schedule (same as used
in Marigold), preceded by 100 warmup steps.

* Batching: Physical batch size 16 with gradient accumulation yielding

an effective batch of 32 examples.

* Resolution: 512 x 512 images in latent space. Stable Diffusion 2 was
pre-trained on this resolution and then further trained on 768 x 768, but

we choose 512 to save memory and compute resources.

e Data sampling: No synthetic augmentations; variety arises from the

randomness in the loading dataset, as described above.

* Trainable modules: Only the U-Net is fine-tuned, while the VAE and
CLIP text encoder remain frozen. We don’t use LoRA or other parameter-

efficient fine-tuning techniques.

Similar to Stable Diffusion, training is performed fully in latent space, so we
don’t need to decode latents to go back to pixel space throughout the process.
As a demonstration of the efficiency gains we get from staying in latent space,
we highlight that training can be peformed on a single GPU. A training run of
18,000 steps took less than two days on a NVIDIA RTX A6000 Ada Generation
GPU.

4.3.4 Inference

During inference, we use the same architecture, with the noised masked
latent z,, initialized to pure Gaussian noise. Using the conditioning signals
from the reference image z, and the text embeddings, the diffusion process
progressively generates z,, the same way it learned to do during training: it
(conceptually) copies the pixels from the reference image, but highlights in
white the object of interest that was specified with the text prompt.

Standard Inference Pipeline
1. Encode the input image x to latent space: z, = VAEenc(x)

2. Encode the text prompt: ¢yt = CLIP(t)

3. Initialize target masked latent with random noise: z,, ~ N (0,I)
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4. Tteratively denoise for T steps, conditioned on z*) and ¢
5. Decode the final latent: y = VAEdeC(z(()y ))

6. Extract the binary mask using the post-processing pipeline described
below

Sampling Strategy

Following the Stable Diffusion 2 inference configuration 2, we use the DDIM
scheduler [99] for 50 steps by default. We observe good results with this
regime. Due to the stochastic nature of diffusion-based generation, we option-
ally ensemble various prediction runs and average results, as evaluated in
Section 5.2.2.

Post-Processing

The diffusion model predicts an RGB image that mimics the original, with
highlighted regions on the segmentation targets. We apply a lightweight post-
processing stage to extract a binary mask for downstream applications. In
line with our goals to be faithful to the original images, this also ensures that
the pixels outside the mask are untouched — when we need to use the areas
outside the mask, we’ll revert to the original image, not the one generated
during the diffusion process.

To isolate the white overlay with minimal artefacts, we apply the strategy

outlined in this section.

We threshold the output RGB image to retain pixels that fall within a tolerance
window around pure white. We empirically set the tolerance to accommodate
the slight variation observed in the model outputs, with mask colors close
to white, but not quite pure white. A single threshold, however, cannot
distinguish between predicted highlights and genuinely bright content that

was already present in the input image, such as over-exposed skies.

These highly saturated highlights in the source image require an additional
safeguard, demonstrated in Fig. 4.5. Before running inference, we desaturate
pixels whose luminance exceeds a fixed threshold, effectively neutralising
almost-white regions while leaving the rest of the image untouched. Because
our fine-tuned Stable Diffusion model strives to reproduce the conditioning

Zhttps://huggingface.co/stabilityai/stable-diffusion-2/blob/main/model_ind
ex. json#L15


https://huggingface.co/stabilityai/stable-diffusion-2/blob/main/model_index.json#L15
https://huggingface.co/stabilityai/stable-diffusion-2/blob/main/model_index.json#L15
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(B) Naive threshold mask
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(C) Desaturated highlights

(D) Fixed threshold mask

FIGURE 4.5: Desaturation trick. Panel B shows naive threshold-

ing for binary mask extraction from an image A that contains

legitimate highlight colors, close to white. We fix the problem by

desaturating highlights in the input image (C), so the model also

predicts the desaturated colors and the mask can be successfully
thresholded (D).
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image, the model propagates this desaturation to its output, ensuring that

white color appears only where the mask should be.

After the thresholding process is applied, we observe very small isolated false
positives throughout the image — see panel C of Fig. 4.6. These false positives
are pixel-sized regions where the model generates a color close to white,
despite the safeguard in place. We mitigate this effect through morphological
opening [127]: an erosion followed by dilation using a 3 x 3 convolution
kernel. This removes small predicted white speckles while preserving the
overall shape of the predicted mask, as can be seen in panel D of the same

tigure.

In practice, this combination—desaturation pre-processing, tolerant threshold-
ing, and morphological opening—yields clean binary masks without retrain-
ing the model. Future work could eliminate the pre-processing step altogether
by training with a chroma-key colour instead of white, or by supervising an

auxiliary mask head during fine-tuning.

Future Speed Optimizations

Interactive photo editing on consumer devices benefits from fast inference, to
provide the user with a responsive feedback loop. Diffusion models, such as
CocoGold’s segmentation approach, typically require tens of steps to ensure
good quality. Furthermore, the use of test-time ensembling is usually benefi-
cial for computer vision tasks because of the stochastic nature of predictions

in diffusion models.

The acceleration of diffusion models is an area of very active research. Co-
coGold could potentially benefit from a number of advances originating in
the field, as well as techniques that are appropriate when diffusion mod-
els are used for computer-vision tasks. We refer the reader to the State of
the Art Section 2.7.3 for a compact review of fast sampling methods (e.g.,
DDIM/DPM-Solver, consistency models, LCM/LCM-LoRA, ADD/LADD,
and trailing DDIM).

In the experiments chapter we also show that trailing-DDIM is a viable con-
tiguration for CocoGold, enabling few-step inference without fine-tuning for

this regime (Section 5.2.4).
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(A) Original (B) Model Generation

(C) Extracted Mask (D) Speckles Removed

FIGURE 4.6: Fixing false positive speckles with morphologi-

cal opening. Panel C shows the extracted mask contains some

speckles caused by false positives (near-white pixels in the gen-

erated image outside the mask region). Applying erosion and
dilation eliminates the speckles (D).
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Resolution Handling

While our experiments use 512 x 512 resolution for training efficiency, Stable
Diffusion 2 natively supports resolutions up to 768 x 768. For practical photo
editing applications at arbitrary resolutions, we can adopt a strategy inspired

by computational photography techniques:
1. Inference Resolution: Generate masks at 768 x 768 for better detail

2. Smart Upsampling: Use guided filtering or learned upsampling to

match the original image resolution

3. Edge Refinement: Apply morphological operations and progressive
gradients at mask boundaries for smooth blending

This approach, successfully used in applications like Apple’s Portrait Mode for
depth-based segmentation [128], provides a practical path to high-resolution

masks while maintaining computational efficiency.

4.4 Analysis: Why Diffusion Models Excel at This
Task

To understand why our approach is effective, it’s instructive to compare
with alternative architectures and analyze the unique advantages of diffusion

models for text-grounded segmentation.

4.4.1 Comparison with Vision-Language Models

Recent VLMs like PaliGemma [27, 26] demonstrate that a single model can
handle captioning, question answering, and segmentation. Nevertheless,
repurposing a general-purpose VLM for dense prediction still requires non-
trivial architectural and training work, especially when the original model

was never exposed to spatial supervision.

Architectural Complexity

Instruction-tuned VLMs emit autoregressive token sequences. Producing
dense masks requires extra machinery on top of the core text decoder:

* Dedicated spatial vocabularies or output tokens to represent mask
structure (e.g., PaliGemma’s learned mask tokens, Qwen2-VL’s high-
resolution spatial embeddings [29]).
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¢ Auxiliary decoders are required to decode those tokens into pixel maps.
PaliGemma trains a mask autoencoder whose latent codes feed the
language model; LISA adds a <SEG> token that conditions SAM’s mask
decoder [27, 74].

* Integrating the additional modules without destabilising the pre-trained
backbone often calls for staged optimisation and carefully chosen initial-

isation.

Recent releases bake these components into the base model—Qwen2-VL
couples a NaViT-style vision tower [129] with multimodal rotary embeddings
so spatial detail is available to the decoder at arbitrary resolutions [29], while
lightweight retrofits such as LISA modify LLaVA post-hoc. Both lines of work
highlight that segmentation demands explicit architectural augmentation

rather than simple re-prompting.

Restorative Capacity

Because most VLMs operate in token space, their segmentation heads must
quantise masks before the language model can consume them. PaliGemma
therefore trains a discrete mask autoencoder so that the decoder can recon-
struct masks from a short sequence of learned tokens [27]. The published
evaluations report strong downstream results on referring expression seg-
mentation, but they do not analyse the reconstruction error introduced by the
quantised codebook, leaving the ultimate fidelity of fine structures unclear.
Diffusion models also rely on a VAE, yet the continuous latent formulation
combined with Stable Diffusion’s decoder has been shown to reproduce binary

masks with negligible loss [97].

Data Requirements

PaliGemma’s segmentation ability stems from a geometry-rich curriculum:
tens of millions of annotated examples covering panoptic, referring, and
grounding tasks are mixed with text instructions [27]. Qwen2-VL follows a
similar approach, scaling to trillions of multimodal tokens that include high-
resolution segmentation labels [29]. Even post-hoc adaptations such as LISA
rely on curated mask datasets and SAM-generated pseudo-labels to teach the
new <SEG> token [74]. Balancing this spatial supervision with conversational

quality remains an active area of research.



4.4. Analysis: Why Diffusion Models Excel at This Task 71

Works such as LISA and Moondream demonstrate that post-training or fine-
tuning an existing VLM for segmentation is possible, but each introduces
additional modules and supervision. LISA operates on top of LLaVA while
freezing SAM, and Moondream adds grounded reasoning heads after its initial
release [74, 30]. These adaptations confirm the feasibility while underscoring
the engineering effort required to keep the original language capabilities

intact.

Optimization Challenges

Autoregressive decoding imposes optimisation constraints that differ markedly

from diffusion fine-tuning;:

* Masks are supervised through cross-entropy over a discrete codebook, so
metrics such as mloU or boundary quality cannot be optimised directly.
Exposure bias remains because training relies on teacher forcing while

inference relies on past tokens generated autoregressively.

¢ Co-training language and spatial objectives can potentially introduce
interference, so practitioners often resort to staged curricula or reduced
learning rates to preserve dialogue quality while learning dense predic-

tion.

* Maintaining high-resolution features while decoding long token se-
quences is memory-intensive, slowing iteration compared with updating
a single diffusion U-Net.

4.4.2 Comparison with Detection-Based Pipelines

Detection-driven pipelines approach text-conditioned segmentation by chain-
ing an open-vocabulary detector with a powerful mask generator. Systems
such as GLIP or Grounding DINO translate a natural-language query into
bounding boxes that localise candidate objects [77, 78]. Those boxes are then
forwarded to a general segmentation backbone—typically SAM or one of
its derivatives—to obtain high-resolution masks [73]. The Grounded SAM
family popularised this recipe because it inherits zero-shot detection from the
language-aware detector while leveraging SAM’s strong boundary accuracy.
Variants further cascade multiple prompts (points, boxes, scribbles) or run

iterative prompt refinement to disambiguate similar categories.
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This modularity is appealing: each component can be swapped for the best
available specialist, training data can be reused, and practitioners can upgrade
a stage without retraining the entire system. The approach also scales well
to large vocabularies, since the text encoder in the detector already supports

open-vocabulary queries.

However, the decomposition introduces practical drawbacks. Detection recall
becomes the upper bound for segmentation quality: missed or misaligned
boxes leave the mask head with nothing to refine. Hand-off between modules
is inherently lossy: rectangular boxes rarely align with object silhouettes, so
SAM must carve out the foreground inside a coarse box and can miss thin
structures or fine boundaries. Running two heavy backbones sequentially in-
creases latency and memory footprint, complicating deployment, particularly
on consumer devices for interactive use. Finally, joint optimisation is difficult
because the detector and the mask head are typically trained separately, which

limits end-to-end fine-tuning.

4.4.3 Comparison with DiffDIS

A concurrent development, DiffDIS [97], provides valuable validation of using
diffusion models for segmentation tasks while highlighting different design
choices:

Task Focus

* DiffDIS: Binary dichotomous segmentation with extreme precision for

foreground /background separation

* CocoGold: Text-grounded multi-class segmentation for identifying spe-
cific objects based on language

Technical Innovations

DiffDIS introduces a stable one-step denoising approach that achieves high-
quality results with a single diffusion step, compared to our 4-50 step range.
They also introduce an auxiliary edge generation task that provides an ad-
ditional conditioning signal and loss term. This method is designed to op-
timize for precise boundaries, addressing the soft edge problem inherent
in diffusion-based segmentation. These innovations could be adapted to
improve CocoGold’s efficiency and boundary precision.
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Complementary Approaches

Rather than competing approaches, DiffDIS and CocoGold demonstrate com-
plementary uses of diffusion models:

* DiffDIS proves that diffusion models can achieve state-of-the-art seg-

mentation quality

¢ CocoGold shows that these models can understand complex language-
vision relationships even when adapted for other downstream tasks

interactive editing tasks

These different methods reinforce the idea that diffusion models offer a power-
ful foundation for computer vision tasks such as segmentation, where design
choices can be made to adapt to different requirements and use cases.

4.4.4 Why Diffusion Fits CocoGold

Together, the preceding comparisons highlight why we adopt a diffusion back-
bone: a single U-Net absorbs both visual and textual conditioning without
introducing discrete mask vocabularies or multi-stage pipelines; the continu-
ous latent space preserves fine detail when decoding masks; and pre-training
provides the zero-shot grounding necessary for open category prompts. This
balance of simplicity and expressiveness makes diffusion particularly well-

suited to the text-driven segmentation setting we target.

4.5 Implications for Photo Enhancement

CocoGold represents an important step toward our vision of text-driven, lo-
calized photo enhancement. In its current form the system responds to single-
word category prompts, yet the underlying architecture lays the groundwork
for richer interactions as the textual interface evolves. We discuss some of the
capabilities that will be unlocked from a combination of what the prototype

already enables and what upcoming iterations can provide.

4.5.1 Localized Filter Application

Even with single-word prompts, CocoGold provides class-specific masks
that can modulate FilterNet’s global adjustments. Early integrations focus

on straightforward scenarios where the vocabulary aligns with the curated
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training set. As we broaden the prompt space, the same mechanism will

enable more granular parameter routing and softer blends across regions.

* Different filter parameters for different regions (e.g., brightening faces
while darkening backgrounds)

¢ Gradual transitions between regions using soft masks derived from

confidence estimates

* Preservation of the non-destructive editing paradigm through mask-
guided adjustment layers

4.5.2 Natural User Interaction

77 Iz

The proof-of-concept requires single tokens (“cat”, “clock”), so free-form
language remains future work. Nonetheless, the diffusion backbone already
accepts CLIP embeddings, making sentence-level prompts a question of data

rather than architecture.

4.5.3 Future Extensions

The success of CocoGold opens several research directions:

* Richer prompts: Moving beyond single objects to complex descriptions

(“the person on the left wearing sunglasses”)

* Soft segmentation: Generating confidence maps instead of binary masks
for smoother blending

* Interactive refinement: Allowing users to refine masks through addi-

tional prompts or lightweight edits

4.6 Summary

This chapter presented CocoGold, our novel approach to text-grounded seg-
mentation using diffusion models. By reformulating segmentation as an image
generation task and leveraging the Marigold architecture, we demonstrated
that pre-trained diffusion models can be efficiently adapted for text-grounded
spatial understanding tasks with minimal modifications. While our current
implementation focuses on single-word category prompts, the approach es-
tablishes a foundation for future extension to complext text inputs and open

segmentation categories.
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Key contributions of this work include:

1. A novel formulation of segmentation as generating images with high-
lighted objects, avoiding complex architectural changes

2. Demonstration that simple MSE loss in latent space suffices for training,
without need for specialized losses

3. Evidence that diffusion models offer practical advantages over VLMs
and detection pipelines for this task

4. A foundation for future text-driven, localized photo enhancement sys-
tems

In the next chapter, we will present experimental results showing CocoGold’s
performance and limitations. We will also explore how the integration of
CocoGold with FilterNet enables new possibilities for intuitive photo editing
that demonstrate that even generative models like CocoGold can be used for

non-destructive editing.
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Chapter 5

Experiments and Results

This chapter presents experimental results from our two main contributions:
FilterNet for automatic global photo enhancement, and CocoGold for text-
grounded object segmentation. These systems represent complementary
approaches to the broader goal of intuitive, professional-quality photo editing.
FilterNet demonstrates that neural networks can successfully predict enhance-
ment parameters that rival professional adjustments, while CocoGold shows
how pre-trained diffusion models can be efficiently adapted to understand

and segment objects based on natural language descriptions.

We begin with a comprehensive evaluation of FilterNet, including quantita-
tive metrics, ablation studies, and qualitative analysis of its performance on
real photographs. We then present results from CocoGold, demonstrating
its ability to segment objects from simple text prompts and exploring few
steps inference. Finally, we describe the integration of both in the COCONET
prototype, a combined pipeline for local enhancements based on text-driven
segmentation. The experiments reveal both the strengths of our approaches
and the challenges that remain in creating a fully integrated text-driven photo

editing system.

5.1 FilterNet Experiments

Figure 5.1, duplicated from Fig. 3.1 for convenience, demonstrates the use
of FilterNet on real-life photographs taken with cameras or mobile phones.
FilterNet is able to improve exposure, tone, and color temperature without
imposing dramatic style changes and while being respectful with human
features such as skin tones. This section discusses, in both quantitative and
qualitative terms, the results from the experiments we carried out, and it

also analyzes the individual contributions of the components we used. We
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FIGURE 5.1: Original straight-out-of-camera photos (odd

columns) and optical adjustments proposed by FilterNet (even

columns). Results improve tonality, exposure, and color tem-

perature while being respectful of human features and avoiding
extreme stylistic changes.

Original FilterNet Original FilterNet Original FilterNet

.

will start by presenting the set of metrics that will be used as a reference for

comparisons.

5.1.1 Metrics

The selection of a suitable set of quantitative metrics to compare the quality of
images is a difficult problem, particularly when the desired measure seeks to
reproduce the human judgement of quality [48]. Part of the problem is that
some mistakes are worse than others, even if they yield similar metrics. For
example, a photography system that occasionally proposed unnatural skin
colors would be automatically rejected by human users, whereas the same
system producing a slightly too vivid foliage tone could be tolerated, or even
preferred by some.

Despite the difficulties, it is undoubtedly important to measure results quanti-
tatively, in order to produce objective—even if not perfect—figures that can
be used for comparability.

For this work, we chose several image quality metrics which are briefly pre-
sented below.

* PSNR (Peak signal-to-noise ratio) and SSIM [130] (Structural Similarity)
were selected because they are frequently used as baseline references.
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TABLE 5.1: FilterNet Experiments: performance metrics and
ablation study:.

PSNR SSIM FSIMc Content DISTS

score T scoreT score!  error]  error|

ebcwh ResNet-34 baseline 23421 0912  0.956 402 0.0885
+feat_loss 22.852 0915 0.960 348 0.0843

+feat_loss strong 23.696 0.924  0.968 294 0.0746

+fpl6 23.164 0917 0.963 327 0.0804
+linear_RGB 23.771 0925  0.967 308 0.0759
tebcwh ResNet-34 baseline 23.394 0919 0.967 329 0.0782

+small_init 23415 0.923  0.969 316 0.0760

+maskout 23.836 0.927 0.970 302 0.0744

+moderate 24.206 0928 0.970 292 0.0712

tebcwh ResNet-50 baseline 25160 0.934 0.973 254 0.0614
FilterNet +fine_tuning 25483 0.936 0.974 249 0.0598

Unfortunately, PSNR does not match perceived image quality well [131,
132]. SSIM is better in that regard, but the rest of the metrics in our
selection provide additional insight.

¢ FSIMc is the per-color-channel variant of FSIM [133] (Feature Similarity
Index for Image Quality Assessment), which has a higher correlation
with perceived quality than PSNR or SSIM [134].

* Content refers to the so-called content-based loss introduced by Gatys
et al. (2015) [47]. It uses the outputs from layers of a VGG network as
features to compare, a method that highly correlates with components
of the loss function we used to train our system. It has also been recently
shown [48] that features extracted from deep networks can be effectively

used as a perceptual metric.

e DISTS [135] (Deep Image Structure and Texture Similarity) is a recent

index that correlates well with human perception of image quality.

Because of their higher correlation with human-perceived image quality, we
consider both DISTS and Content the reference metrics for this research.

In order to evaluate the models, we created a test set consisting of 256 images
that were selected following the same process described in Section 3.3. The
reference test images underwent a transformation (to make them worse) that
applied the same 6 filters mentioned in Section 3.5: temperature, exposure,
brightness, contrast, highlights, and shadows. The transformation strategy
for the test images was the one we refer to as moderate, as discussed later.
The evaluation procedure applied each version of the model (in inference
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mode) to the 256 transformed images, and compared model results against the
reference images using the 5 metrics under consideration. Images in the test
set were not part of the training or validation sets in any of the experiments

performed.

The next section presents the results we achieved and discusses the techniques

and parameters that most contributed to the quality of the system.

5.1.2 Results, Ablation Study

Our proposed system is designed to learn how to improve images using 6
tilters or variables. It leverages transfer learning to take advantage of the fea-
ture extraction capabilities of well-known computer vision architectures like
ResNet. As previously discussed in Section 3.2, we focused on the ResNet ar-
chitecture for homogeneity and easier analysis, and considering their success
in multitude transfer-learning projects across various tasks and domains. Our
goal was to create a working system to enhance full-resolution photographs
by leveraging transfer-learning in a self-supervised setting, and to extract gen-
eral conclusions from the process. The quest for state of the art performance

in this scenario was out of the scope of this work.

Among the ResNet variants, we found that ResNet-50 offered the best quality,
while still being of an affordable (as discussed in Section 5.1.5) size. We also
performed extensive testing on ResNet-34, because this shallower architec-
ture allowed us to complete a large number of experiments and variations
in a reasonable amount of time. This made it possible to quickly draw con-
clusions about the contribution of each of the components of the solution.
Our experiments show that results attained in ResNet-34 extrapolate to the
deeper ResNet-50 architecture, and quality improves as a consequence of the

increased number of training samples, parameters, and training time.

Shallower architectures such as ResNet-18 were discarded because they were
not able to faithfully capture the nuances of the transformations we applied,
yielding worse quality. Deeper variants such as ResNet-101 were discarded
for practical reasons: their size was deemed impractical for use in a mobile
application because of space and speed requirements. We expect our training
approach and methods to achieve better quality in those deeper architectures,

given sufficient training samples.

Table 5.1 summarizes results from our most relevant experiments, measured

on the test set previously discussed. It shows the contribution of the main
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components of the solution, as well as the improvement of ResNet-50 over
ResNet-34.

The first few rows describe results on models trained to predict 5 variables
(ebcwh, for exposure, brightness, contrast, shadows, and highlights) instead of
6 (same, plus temperature). This is a simpler version of our task that allows
us to assess the impact of increasing the complexity of the model and dataset.
The color temperature filter (t) was excluded because its implementation is
the most different from the rest of the filters: exposure (e) uses a mathematical
equation, and all of brightness (b), contrast (c), shadows (w), and highlights
(h) are based on differential curves with alpha-blending, as described in
Section 3.5. In addition, the gain factors used in the implementation of the
color temperature filter were calculated in linear color space using 10-bit
precision, so the filter can only be applied if the network supports the same

environment.

These first few rows, therefore, are useful to establish the baseline performance
of the system and introduce the impact of some significant components of
our proposed solution. The use of feat_loss refers to the combination of loss
components ¢ ¥ and Eg, as described in Section 3.6. Rows 2 and 3 show a
clear improvement over the model in row 1, which was trained using £, only.
Furthermore, increasing the weights of both £ and /, translates into a better
model performance. The weights used for feat_loss base were:

wy = wg = (5,15,2)

whereas the ones used in the strong version were:

wy = (15,30,12)

wy = (6,15,3)

The use of mixed-precision training [136] takes advantage of specialized com-
puting cores optimized for 16-bit floating-point operations, while at the same
time decreasing the requirements of GPU memory (or, alternatively, allowing
the use of larger mini-batches). In our experiments we observed slight out-of-
range issues in our custom rendering layers when mixed-precision training
was in use: pixel values were sometimes smaller than O or larger than 1. We

interpreted this problem as a consequence of the accumulation of rounding
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errors caused by precision loss, and worked around it by simply clamping
the values. The +fp16 row in Table 5.1 shows a performance decrease in this

training regime.

The incorporation of filter computation in a linear RGB color space has a
positive impact on quality, for the reasons anticipated in Section 3.5.

The introduction of the temperature filter, which was held out in the exper-
iments previously mentioned, again shows a decrease in quality. This was

expected, for the following reasons:

¢ The additional complexity of the model, despite using the same number

of parameters.

* The training dataset was changed with respect to the experiments in-
volving 5 variables. A color temperature transformation was added to
the set of modifications applied to originals, so the resulting training
images are, in general, worse than the training images used in the 5-var
experiments. The number of training images remained equal. In both
cases, we ran 10 transformation processes using either 5 or 6 filters,

generating a total of 48850 training images.

¢ Training hyperparameters like batch size, learning rate, or training
epochs were adjusted to account for the characteristic of the new, more
complex model. Our general rule for these experiments was to use a
batch size that maximizes GPU memory usage, and heuristically select
an appropriate learning schedule based on the evolution of validation
loss.

The experiment referred to as +small_init measures the contribution of a
custom initialization method applied to the parameters of the linear layers
that predict the values of filter parameters. The go-to initialization method
for this type of architecture would have been the use of the Kaiming Normal
distribution (also known as He initialization) [137]. However, we decided to
initialize layer weights with values randomly close to zero, by drawing from

a normal distribution with mean 0 and a small standard deviation of 0.01.

The motivation behind these changes was the observation that initialization
using the Kaiming Normal method tended to produce extreme values for
the predicted filters during the initial training epochs. The new initialization
method produced values close to the mean of the filters, causing the training

process to converge faster.
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As we discussed in Section 3.4, maskout is a technique similar to dropout,
which we use to randomly disable the output of some of the predicted filters.
The method was introduced after observing that the model’s predictions
showed a smaller amount of variance in some of the filters.

The row +maskout in Table 5.1 shows the effect of adding a maskout layer
following the predictive layer, with a 0.1 probability of maskout.

The dataset preparation tasks also play a role in the ability of the model
to learn and generalize successfully. As discussed in Section 3.3, we create
our training images by applying random transformations to good quality
photographs. The magnitude of those transformations has a direct impact on
the intensity of the filters that the model needs to apply in order to revert the
modifications. But there is an additional consideration: if transformations are
too strong, we may reach the point where changes are not recoverable because
we incur in significant information loss. For example, increasing exposure
in a light area may cause all colors in that area to clip, turning completely
white. This means we lose the texture and subtle gradation previously present,
because all the transformed pixels are represented as pure white. Beyond
this point, it does not matter how much is the amount of exposure increase,

because the transformed result will be the same.

We experimented with two transformation regimes: a strong and a moderate
one. In the strong transformation approach, the ranges for the 6 filters are
wider and, furthermore, the effects of all 6 filters are combined together. This
is useful for experimentation because the network is forced to find high-
magnitude answers and we can easily compare the impact of the changes
we perform. The training dataset, however, is not representative of actual
photos users may take, because the ones in our dataset have a random chance
of having been excessively transformed, sometimes to the point of not being

recognizable.

The moderate training set was created by decreasing the probability to apply

excessive or unnatural transformations. Our approach was as follows:

¢ The ranges of some filters were reduced. For example, temperature was
uniformly chosen between [4000K, 10000K], whereas the corresponding
range in the strong method was [2700K, 15000K].

¢ The randomly-selected filter values were scaled by values drawn from
N(0.7,0.3%), the normal distribution with mean y = 0.7 and standard
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deviation o = 0.3. Scaling makes high-magnitude values possible but

less frequent.

We saw a clear increase in quality when the moderate preparation scheme was
applied. This is partly due to the fact that information loss is largely prevented,
and also because the filter values predicted by the network have more latitude
to adapt to the combination of changes seen in the input samples. We also
need to keep in mind that the test set was created using the moderate approach,

because it is closer to the type of photos we are expected to find in the wild.

Our proposed system takes advantage of the components and techniques
discussed in the previous paragraphs and applies them to a ResNet-50 ar-
chitecture. The increased depth and larger number of trainable parameters
translate into a quality increase, as shown in the last 2 rows of Table 5.1. To
account for the increased number of parameters, we used a larger training
set, too. Most of our ResNet-34 experiments used 10 transformation runs over
the 4,885 original photographs, yielding a training set close to 50K image
pairs. In the case of ResNet-50, we applied 30 transformation runs, creating a
training set three times as big as the previous one. In both cases, 20% of the

image pairs were reserved for validation.

We also compared the performance of the model with and without a full fine-
tuning phase. In the absence of full fine-tuning, we only train the prediction
head while the parameters (weights and biases) of the backbone network
remain frozen, meaning they are not allowed to change. Training in such a
way for a total of 10 epochs results in a model that is noticeably better than
any of the fine-tuned ResNet-34 models. Adding a fine-tuning phase of 5
epochs improves quality, as the backbone adapts to the characteristics of our
dataset. Even though the fine-tuned model is better, the use of a standard,
unmodified backbone offers some advantages when a space/performance

trade-off is considered, as briefly presented in Section 5.1.5.

5.1.3 Qualitative Examples

As briefly mentioned in the previous subsection, numbers do not tell the
whole story. Looking at the figures in Table 5.1, it would appear that each
component did not make a dramatic contribution to the overall quality. Even
when all aspects of the solution are taken into account, the relative differences
between the best model and the baselines are moderate. Looking at just PSNR,

for example, the difference between the best and worst scores is just about
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FIGURE 5.2: Results from two models (with and without feature
loss) on underexposed images from the validation set. Both
models produce acceptable results.

ebcwh

Input +feat_loss Reference

ResNet-34

FIGURE 5.3: Qualitative example of the benefits of adding a

feature-based component to the loss function, on a detail ex-

tracted from a test photo. A model without feature-loss at-

tempted to make the whole image brighter, while the second
model successfully prevents artifacts in the sky.

ebcwh

ResNet-34 +feat_loss

11%. However, looking at the images transformed by the parameters learned
by the models, we see important differences and artifacts that humans would

deem as unacceptable.

For example, Figure 5.2 shows a comparison of the very first two systems in
Table 5.1 on two underexposed images taken from the validation set. The first
column is a basic 5-var model with pixel-based loss, while the second column
is the result predicted by the same model after introducing a feature-based or
perceptual component to the loss function, as described in previous sections.
Both models successfully understand that the images are underexposed, and
apply filters to compensate for it.

However, Figure 5.3 shows what happens when the same models are applied
to a real photo taken with an iPhone, where a stone wall is illuminated
against a dark sky. The first model blindly attempts to increase exposure
and brightness, while the second model refrains from doing so. The artifacts
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introduced in the sky texture by the first model are unrealistic and distracting,
detracting from the experience. The feature-loss model is more conservative in
this case, but it does not destroy an otherwise acceptable photograph. Looking
again at the first two rows in Table 5.1 we see, however, that the quantitative
metrics show a similar performance when averaged over the complete test
set.

This exemplifies why during the course of our work we resorted to frequent
qualitative analysis of results. We held internal team meetings to analyze
the merits and shortcomings of various models when applied to a common
set of images. The sessions involved six persons with different profiles in
engineering, marketing, and photography.

Figure 5.4 elaborates further on the impact of feature-based loss, showing
results when trying to improve an image that underwent an extreme overex-
posure transformation. Adding a strong feature-based component to the loss
function results in much better color and contrast, compared to the version
when just a moderate feature-based component was used. However, in order
to achieve that goal the model had to sacrifice texture fidelity in the area where
the sky joins the clouds and the mountain. Due to the excessive overexposure
that was applied, there was information loss that can never be recovered,
which produces banding artifacts when attempting to improve tone and con-
trast. The original picture, shown in the last column of the table, is no longer
recoverable from the transformed input. Different forms of the loss function
drive the network to learn different approaches: an overall dull look that is
possibly attempting to reach a compromise across the transformation range,
or a better approximation to color despite introducing artifacts.

The treatment of skin tones and faces is crucially important for human-
perceived quality. No matter what the quality metrics say, unnatural skin
colors or unrealistic face textures would render the whole image unacceptable,
even if the rest of the subjects look great. Figure 5.5 shows how different
models attempt to improve a difficult photo, in which the main subject is lit
and vibrant but the overall scene was taken in the dark. A naive regression
model tries to overcompensate for tones and colors and results are completely
unacceptable. Our proposed system, FilterNet, is perhaps the most conserva-
tive of all, but it does not attempt to replace the dramatic mood of the original
with a different style and, notably, attempts to reduce the excessive vividness
of the main subject’s skin color — the original was shot using Fujifilm’s Velvia

film emulation style, which resulted in accentuated red tones.
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FIGURE 5.4: Model trade-offs attempting to correct an image
with extreme overexposure. The bottom row shows texture
details on the area highlighted in the top row.

Reference

feat_loss

feat_loss strong

5.1.4 Mobile Performance

FilterNet has been incorporated as a feature in Camera+ 2, a photography
application for iOS. As mentioned in previous sections, the model runs locally
in the device to reduce latency, increase inference performance and guarantee
privacy. In order to optimize the model for both performance and space, we
converted the trained PyTorch model to the native Core ML format used in
iOS, and quantized all weights to 16-bit floats.

Table 5.2 shows inference figures measured in various iPhone models, using
the CPU, GPU or dedicated Neural Engine where available. The time for
the first prediction takes into account model loading from the filesystem,
model preparation, and copying to the appropriate inference engine. After
these steps have been performed, subsequent inference times are significantly
improved. As the table shows, we achieve sub-second inference times in

permanent mode for all devices.

We decided not to apply a pre-warm strategy to minimize the time to the
tirst prediction, in order not to incur in unnecessary resource usage. Instead,
we use tasteful animations to let the user know that predictions are being
computed.

These performance figures are adequate for synchronous use and user ex-
ploration. The enhancement feature is available in the two most prominent
sections of the app: the camera system, and the photo editor. When used in
the camera, all photos captured are automatically adjusted with the predicted

filter values, but the changes are not destructive so the user can later tweak
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FIGURE 5.5: Results from different models on a human-centered
subject. The input is the original captured photo, with no trans-
formations applied.

Input Naive ebcwh
(Camera JPEG)

regression ResNet-34

‘»& »

TABLE 5.2: Inference time measured in devices from 2020 and
2021, using the GPU / Neural Engine for inference. All values
in seconds.

iPhone 12 Pro iPhone 13 Pro

2020 2021
First prediction 29 2.8
Subsequent predictions 0.47 0.37

or revert them. When accessing the feature from the editor, users can easily
compare the before / after versions of the applied filters.

5.1.5 Space-Performance Trade-offs

Figure 5.6 shows the quality achieved by our system when using various
backbone architectures. Quality is represented as a percentage of the DISTS
score achieved by the best-performing model. In addition to the backbones
already discussed, we also introduce results from a much smaller SqueezeNet
1.1 backbone [138], optimized for environments with space or download

constraints, such as mobile devices.

In our case, we wanted to deploy the final model to the users” mobile devices
(rather than hosting it in a cloud service), in order to comply with our re-

quirements regarding user privacy and prediction latency. In such a scenario,
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Quality vs model parameters
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FIGURE 5.6: Quality vs number of trainable parameters for
different architectures. ResNet-50 with no fine-tuning requires a
fraction of the trainable parameters of the full architecture.

model size has an impact on several aspects that may affect user experience:

download size, storage space, and computation time.

Figure 5.6, therefore, represents different trade-offs in the quality versus size
space. Note that SqueezeNet is comparable in quality with our 6-var tebcwh
ResNet-34 model, but is much lighter. Also note that, in some situations, the
appropriate metric to consider is the number of trainable parameters, because
some model backbones may already be available in some devices, or the
same architecture may have been previously downloaded for other purposes.
If a ResNet-50 backbone is already available, then the incremental cost of
deploying a FilterNet system could be dramatically reduced if no fine-tune is
performed on the backbone parameters. This version is slightly worse than

the fine-tuned one, but could be more convenient in scenarios like that.

5.2 CocoGold Experiments

The following subsections present experimental results for CocoGold, our
text-grounded segmentation approach based on generative diffusion models,
and demonstrate the viability of repurposing pre-trained diffusion models for
this task. Focusing on simplicity, our current proof-of-concept implementation
uses single-word category prompts rather than full referrring expressions,
but it establishes a framework that could be used for more complex subject
descriptions.

We also combine FilterNet, our global filter-predicting model, with CocoGold,
and show that a simple integration approach can apply localized automatic ed-
its on regions of interest specified by segmentation masks that were extracted
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from text instructions. This method, despite using generative models, is
respectful of the original image data — results are not generated, even in the seg-
mented area —, and can be applied to large resolution images on constrained

devices.

5.2.1 Experimental Setup

5.2.2 Segmentation Evaluation

The CocoGold task differs from the well-described instance, semantic, and

panoptic segmentation tasks [139, 140, 141] in some relevant ways.

This is how the reference COCQeval framework evaluates instance and se-

mantic segmentation:

* For instance segmentation, models are asked to predict each of the
objects belonging to the set of 80 known classes, assigning a class and
confidence value to each mask. Multiple objects that belong to the same

class are identified as separate instances.

* For semantic segmentation, the model must assign a class to every pixel
in the image, including “stuff” classes for background items (like sky).

Objects that belong to the same instance are not identified separately.

COCOQOeval judges models that see the full scene on how completely and
precisely they segment it.

CocoGold, in its current implementation, uses a simplified setup where a
text prompt specifies a class, and produces a binary mask of all objects that
belong to that class. In this sense, it’s similar to semantic segmentation in that
individual instances are not separated, but it does not attempt to yield a full-
image per-pixel classification. More importantly, segmentation is conditioned
on text inputs: we ask the model to give results for the prompt we specity,
and therefore the model knows to pay attention to regions that may contain
objects of that class. In addition to that, we train the model on crops known to
contain (at least partially) objects of the class we condition the model on, and
we follow the same dataset iteration procedure for the evaluations presented

in this section.

The combined impact of these factors—text conditioning, single-class results,
no false negative inputs—makes this task, we believe, easier than the usual
COCOeval process; or at least not comparable in terms of numerical results.
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Training Steps  IoU Pixel Accuracy (%)

8000 0.662 91.2
18000 0.664 90.4

TABLE 5.3: Performance on trained classes (no ensembling).

Training Steps  IoU Pixel Accuracy (%)

8000 0.165 794
18000 0.241 77.2

TABLE 5.4: Zero-shot performance on unseen classes.

We believe, nevertheless, that the task is sufficiently different to instance
or semantic segmentation to undergo a separate evaluation procedure that
measures the adherence to the prompt, the quality of the masks, and the

capability to generalize to unseen classes.

In its current implementation, CocoGold is more similar to text-to-mask open-
vocabulary models such as CLIPSeg [63] or the GroundingDINO + SAM

pipeline combination we’ve mentioned before.

We report IoU [142] (Jaccard index [143]) and pixel accuracy using the follow-
ing protocol:

* We evaluate on the full COCO ‘val” dataset, including the 14 categories
we used for training, as well as the ones we excluded.

¢ We evaluate two different models: one after 8,000 training steps, and
another one after 18,000 steps, with the goal to verify whether longer
training helps with zero-shot generalization.

e We accummulate confusion metrics (TP, FP, FN) across all instances,

and then compute IoU and pixel accuracy for:
e - Instances that belong to classes seen during training.

- Instances belonging to Other classes, to measure zero-shot general-

ization.

Following this protocol, larger detected masks will carry more weight into
the final IoU metric. Similarly, large foreground or background areas will
contribute more to pixel accuracy.
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Table 5.3 shows IoU and pixel accuracy on the set of trained classes, while
table 5.4 shows zero-shot performance on the rest of the COCO classes the
model never saw examples for. Generalization performance lags behind
trained classes, but we can see that longer training improves zero-shot per-
formance. We hypothesize that varied text inputs, not constrained to single-
world category names, combined with longer training runs and more exhaus-

tive datasets, could achieve closer results on zero-shot performance.

While CLIPSeg is conceptually similar, it’s evaluated on more challenging
conditions: it follows a multi-object setup, includes negative examples and,
using CLIP, is capable of multi-word descriptions. It also reports mloU rather
than global IoU. By construction, our evaluation protocol selects crops known
to contain the desired class in a relatively prominent way. To make fair
comparisons against CLIPSeg we could evaluate it on our dataset using the
same protocol; perhaps after fine-tuning to ensure it sees the same classes we

are using.

The metrics we obtain are meant as baselines for additional experiments and
future work. For example, following Marigold, we measure the impact of

ensembling.

5.2.3 The Impact of Ensembling

Following Marigold, we evaluate whether ensembling helps achieve better
quality. The reasoning behind ensembling is that using a generative diffu-
sion model to predict segmentation masks (or depth maps, in their case) is
inherently stochastic. By running the diffusion process several times, we can

choose a majority vote and see if those pixels match the ground truth better.

We ran ensembling experiments for the two models we mentioned in the
previous section, considering ensembling sizes of 1 (no ensembling), 3, 5, and

8. Fig. 5.7 shows that ensembling only provides modest quality improvements.

The reason, we believe, is that errors in binary mask segmentation results
are more forgiving than errors in depth estimation, where each pixel must be
assigned a float value. In our case, we think that small errors fixed in certain
areas have low impact on the total score, and cancel out with new small errors
introduced elsewhere.
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FIGURE 5.7: Performance vs. ensemble size (1, 3, 5, 8) for models
after 8000 steps and 18000 steps.

5.2.4 Few Steps Regime

Diffusion models require multiple iterations to progressively refine their
predictions. Despite training being typically based on 1,000 noise preduction
steps, research on noise schedulers allows inference to be performed in 50 or
fewer steps. This represents a huge gain for inference, but is still a bottleneck
for interactive, on-device use cases.

Recent research pointed out that diffusion inference usually presents a mis-
match with the conditions the model saw during training [102]. In particular,
inference is not always guaranteed to start from t = T (pure noise); and even
so, the SNR at t = T is not O (i.e., the input signal at the start of the diffusion
process is not exactly pure noise).

Following these observations, we experimented using the so-called trailing
DDIM scheduler to run CocoGold inference in the low-step regime. To give
precise context about the change, we changed the default scheduler at infer-
ence from standard DDIM to trailing DDIM with zero terminal snr, using the
following code:

LISTING 5.1: Quick example

# Load cocogold pipeline
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pipe = load_cocogold_pipeline (unet_checkpoint,
sd_checkpoint)

# Replace scheduler with tratling DDIN

pipe.scheduler = DDIMScheduler.from_config(
pipe.scheduler.config,
rescale_betas_zero_snr=True,

timestep_spacing="trailing",

This configuration worked out of the box with our pre-trained CocoGold

models, with no additional fine-tuning.

We evaluated CocoGold using this setup and following the same protocol
described in Section 5.2.2, without ensembling. We run inference for as few as

1,2, and 4 steps, and observed:

* Few-steps inference does not work at all with the standard DDIM sched-
uler, but it produces reasonable results when using trailing DDIM. See

Fig. 5.8 for example visualizations.

* On the 18,000 steps model, IoU for trained classes is as good as standard
DDIM with just a single trailing DDIM denoising step, as shown in
the left panel of Fig. 5.9. IoU is even better using 4 trailing DDIM steps.
Zero-shot performance, however, is slightly worse than DDIM, as shown

in the right panel of Fig. 5.9.

5.3 COCONET: Integrating FilterNet with CocoGold

We explore the integration of FilterNet (our global, automatic, resolution-
agnostic photo enhancement system) with CocoGold. We call the combined
system COCONET, whose task is to automatically enhance subjects identified
by segmentation masks that were extracted from text instructions. This is
a proof-of-concept prototype that demonstrates how the filters predicted
by a global enhancement filter can be applied locally to regions identified

semantically.

5.3.1 Integration and Qualitative Results

We consider two simple, straightforward implementations:
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A) We apply FilterNet to the whole image, extract the global enhancement
filters and apply them. From this edited version of the photo, we extract
the area that matches the segmentation mask, and blend this region on

top of the original image.

B) We cut out the bounding box defined by the segmentation mask, apply
some padding to provide more context, and run FilterNet on this area.
The filter parameters it predicts, therefore, will be different than the ones
it would choose for the whole image, and will focus on the area that
surrounds the subject of interest. We apply these filters to the photo, and
like in the previous case, cut the segmentation mask area and blend it
on top of the original image.

In both cases, we feather around the edges of the segmentation mask with a
Gaussian blur, in order to make transitions less abrupt. These helps the edits
blend better in the original context of the photo.

Note that we didn’t attempt to cut out the subject delineated by the segmen-
tation mask and present it in isolation (or against a neutral background) to
FilterNet. This is because this type of data would be too much out of do-
main of the training samples, whereas FilterNet is used to look at complete,
real-looking photographs.

Fig. 5.10 shows some examples from COCONET using both methods (FULL and
BBOX) we just outlined. The combined pipeline successfully corrects problems
such as underexposed subjects or color temperature, leaving the background
untouched. When examining the edited images at 100% size, we observe the

edited filters sometime extend beyond fine textures such as hair strands.

5.3.2 Demo for Experimentation

To quickly test our method on real-life input images, and to share with the
research community, we wrote an interactive demo to explore results easily.
We used gradio for rapid prototyping [144], and included options that allow
the user to configure the most relevant knobs that influence editing. As

Fig. 5.11 shows, the user can:

1. Upload an image, enter a prompt, and run inference with the two meth-

ods, seeing the results side by side.

2. Examine the segmentation masks, and the filter values predicted by
FilterNet in each case.
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FIGURE 5.10: A few COCONET examples, using integration

methods FULL and BBOX. Segmentation masks are shown for

one of the examples. With method FULL, FilterNet looks at the

whole image to predict filter enhancement values. With BBOX, it
only looks at the bounding box outlined in green.
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CocoNet Demo
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FIGURE 5.11: Interactive demo for COCONET.

3. Select the model checkpoint to use.

4. Configure the number of ensemble runs to use, the number of inference

steps and the noise scheduling strategy.

5.3.3 COCONET and arbitrary resolution editing

All the components in the COCONET pipeline, except the segmentation mask,
are designed for arbitrary-resolution editing. FilterNet, for example, predicts
tilter values from a small image thumbnail. Those predicted values can be
easily applied to images of any size, and the same thing is true for COCONET.
CocoGold, however, generates a segmentation mask as part of a generative
diffusion process, and is not resolution independent. This is a limitation of the

global editing pipeline, but it can be alleviated through various mechanisms:



5.3. COCONET: Integrating FilterNet with CocoGold 99

1. We used 512 x 512 input images for faster training. Stable Diffusion 2
natively supports images of 768 x 768, and can be fine-tuned to larger

sizes as subsequent models demonstrated.

2. The particular case of segmentation masks has been studied, and there
exist algorithms for high-quality mask upsampling. Some of these
methods have been implicitly demonstrated in real-world applications.
Apple frameworks, for example, contain a ‘CIEdgePreserveUpsample’
filter that is capable of upscaling a low resolution depth map captured
by the camera, to full-size photo resolution for editing. We don’t know
the specifics of this filter, but it may involve image-guided, edge-aware
methods.

3. In any case, segmentation masks obtained by CocoGold are not perfect,
and cannot faithfully represent fine details such as hair strands and
other textures. No upscaling mechanism will be able to overcome these
limitations. As DiffDIS showed [97], the introduction of edge aware
components in the loss function could greatly improve the representa-
tion of these fine details. Given a theoretically perfect, but low resolution
segmentation mask, the use of edge-aware upscaling, combined with
feathering around the edges, may suffice to produce excellent visual

results with negligible artifacts.

Even though COCONET can work well at reasonable sizes, it doesn’t support
arbitrary resolution rendering as the rest of the pipeline does. The generation
of truly resolution agnostic segmentation mask is an open challenge, and
could potentially be solved using tiling or models capable of vector output.
These are lines that remain open for future work.
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Chapter 6

Conclusions and Future Work

This chapter presents the main conclusions from our work and reviews them
against our goals to advance photo editing with intuitive, interpretable, and
resolution-independent methods. We also share the main artifacts derived
from our work in these topics, which include peer-reviewed research papers,
use in industry, and other materials. We finalize with an outline of research

directions that arise as natural continuations of the work done so far.

6.1 Conclusions

The first part of this thesis contextualizes our research efforts within the field of
deep learning for photo editing. Our goals to achieve resolution independence,
low compute budget for training and inference, and lossless interpretable edits
that are familiar to photographers, culminated in the creation of FilterNet.
FilterNet is a deep learning model that predicts photographic filters that
enhance the appearance of a photo, rather than generating edited pixels at
once. It examines the photo globally and the filters it predicts are meant
to be applied globally as well. The system focuses on neutral, technical
photographic improvements, and while it is capable of fixing characteristics
such as exposure, color, or contrast, it cannot be used to apply arbitrary

stylistic choices, or to act locally on image regions the user is interested in.
The main contributions of FilterNet center on two innovations.

First, we adapted the self-supervised training paradigm informally known as
“crappification” to the domain of photo enhancement, where high-quality im-
ages are deliberately degraded using random combinations of photographic
filters to generate training pairs. This approach eliminates the need for manu-
ally curated datasets of enhanced photos, enabling the model to learn enhance-
ment by reversing the degradation process. Training employs a composite
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loss function that integrates pixel-level reconstruction, perceptual similarity
based on VGG features, and style consistency to ensure that the enhanced

outputs preserve both technical fidelity and aesthetic coherence.

Second, we developed a set of six differentiable filters corresponding to fun-
damental photographic adjustments familiar to practitioners: exposure, color
temperature, brightness, contrast, highlights, and shadows. Unlike most ma-
chine learning approaches to image manipulation, which typically operate
on gamma-corrected sRGB values, our filters operate in linear RGB, where
pixel values are proportional to physical light intensity and thus suitable for
mathematically and physically meaningful operations. The differentiability
of these filters is essential, as it enables the neural network to learn optimal
parameter values through standard backpropagation while maintaining full
interpretability: users can directly inspect and adjust the filter parameters

predicted by the model.

Two major research directions blossomed during our work in FilterNet, crys-
tallizing after years of research. The first one is the success of auto-regressive
language models (LLMs) as viable methods for Ul interaction. Scale — model
size, but most significantly, Internet-scale training datasets — and post-training
methods that align responses to user preferences, contributed to an impressive
jump in capabilities that allowed the use of these models as general-purpose

tools for the public.

The second research breakthrough is also related to language, and includes
vision as well. The idea to link visual and text representations was approached
from various directions, and originated two major lines of research with
immense practical applications. On one hand, combining a strong visual
teature extractor with an LLM produced so-called vision-language models
(VLMs). VLMs work like LLMs but can also understand images or videos
provided as inputs. Suddenly, traditional computer vision tasks could be
attempted via a universal Ul: ask the VLM about it, and get text responses
with the result. This setup is surprisingly flexible, and can even be adapted
for geometry tasks (such as segmentation), by preparing or fine-tuning the
LLM to respond with structured text or special tokens.

The second major direction we were referring to that combines vision with
language, is the prolific development of generative models. They come in
various forms and families, but we are considering their general capability
to create a new image (or even video), based on a description of the desired
output. These techniques are flexible enough to be adapted to related tasks,
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including image modification, with an obvious impact on the general field of

computer-assisted photo editing.

The idea to use language as a natural and intuitive Ul, as well as the capa-
bilities unlocked by generative models whose output can be controlled with
text descriptions, are both very compelling towards our vision of photo edit-
ing democratization. We explored how these methods could fit within the
self-imposed boundaries of our framework: limited compute, interpretability,

tunability, and high-resolution output.

To make our research manageable, we focused on the use of generative dif-
fusion models for text-grounded segmentation, where the user specifies the
subject they are interested in and the model produces the associated segmen-
tation mask. We worked under the hypothesis that diffusion models, having
been trained on billions of image-text pairs, possess a rich understanding
of the relationships between vision and language — including geometry and
locality awareness — and can be adapted to other tasks. Our prototype, Co-
coGold, can be trained by fine-tuning Stable Diffusion 2 on a single GPU,
and demonstrates that segmentation is a viable task for diffusion models
to solve. One of the main insights from this effort is the reformulation of
segmentation as an image-to-image generation task, where the model is asked
to reproduce the original input image, but highlighting the areas that match
the text description of the subject we want to segment. Attempting to generate
a binary segmentation mask (rather than an image with mask overlays) was

unsuccessful, as the task takes the model outside its training domain.

By combining FilterNet with CocoGold using simple methods, we demon-
strate great progress in the extension of the filter-predicting method to local
edits, addressing the global-use limitation of FilterNet. Coconet is our unified
pipeline for text-guided local photo enhancement. It takes an image and a
simple text term as inputs, estimates the segmentation mask that matches the
text, and applies appropriate photographic adjustments (exposure, contrast,
color temperature, etc.) to those regions. The predicted filter parameters
remain interpretable, can be further tuned by the user, and can be applied
at any image resolution. One limitation, however, is that the segmentation
mask is a binary image at fixed resolution, so the end-to-end pipeline is not
tully resolution independent. Our discussion in Chapter 4 outlines methods

known to alleviate this issue for practical use cases.

Another limitation of CocoGold (and Coconet) is the use of simple text terms,
derived from a subset of COCO categories, to condition the diffusion model
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for segmentation. One obvious area of improvement is to expand this method
to richer and more varied descriptions. We outline this approach in the next

section about future work.

6.2 Future Work

We briefly describe two important research directions that could greatly im-
pact the applicability of our method and bring it closer to our vision of in-
tuitive photo editing: how to better identify the subjects to operate on, and
how to capture user intent (including stylistic choices) rather than predicting

technically “correct” filter values.

6.2.1 CocoGold: Expand for Open and Natural Descriptions

Future work on CocoGold should focus on expanding the segmentation com-
ponent beyond the limited set of categorical text terms used during training.
Achieving open-vocabulary segmentation requires training on larger and
more diverse datasets that include a wide range of visual concepts, and adapt-
ing the model to associate visual regions with arbitrary textual descriptions
rather than fixed class labels. To obtain natural and varied supervision, we can
generate synthetic captions or referring expressions that describe the object
or region to be segmented (for example, “the person on the left”, “the red
car”, or “the shadow on the wall”), either by prompting a vision-language
model or by templating over object metadata. This would expose the model
to richer linguistic variation and contextual phrasing, enabling it to generalize
beyond predefined category names and respond to natural user instructions
in free-form language. Given the strong multimodal understanding demon-
strated by modern diffusion models trained on billions of image-text pairs,
we are optimistic that such an approach can extend CocoGold’s segmenta-
tion capabilities to open, descriptive prompts without requiring fundamental

architectural changes.

6.2.2 VLMs as Filter Predictors

Another promising continuation of this work is the exploration of vision-
language models (VLMs) as predictors of photographic filter parameters,
capturing user intent expressed with natural language. Following our existing
approach to predict filter parameters rather than generating edited pixels,

a VLM could take an input image and a natural-language instruction, and



6.2. Future Work 105

predict seven interpretable parameters corresponding to exposure, brightness,
contrast, color temperature, tint, highlights, and shadows. These parameters
would then be applied in the same fashion as FilterNet, preserving inter-
pretability and full-resolution output while enabling intuitive, text-based

interaction.

Note that we consider the introduction of “Tint” as an additional filter to
the FilterNet set. The reason is that it complements color temperature by
compensating for green-magenta imbalances that temperature alone cannot
correct, allowing the model to represent a wider range of white balance
adjustments found in real photographs.

To get started with this approach, we would initially consider a global editing
solution similar to FilterNet, but driven by natural language instructions.

Developing such a model requires a dataset linking natural-language editing
intents to numeric filter values. Existing instruction-based editing datasets,
such as MagicBrush [145], GIER [146], and OmniEdit [147], contain natural
and diverse text prompts but focus on pixel-level modifications, often local or
semantic. To bridge this gap, we propose combining several complementary
strategies:

(i) Adapting the self-supervised “crappification” approach introduced in
FilterNet, but applying it to natural combinations of global adjustments
rather than fully random degradations. In this case, training pairs
would be generated by simulating realistic photographic conditions
(such as underexposure with low contrast, or warm color temperature
shifts under tungsten lighting) so that each degraded variant remains
plausible and can be described naturally in language.

(ii) Recovering approximate parameter values from existing edited image
datasets, using differentiable filter fitting. This data could be used to
ground the model on what the effect of editing parameters looks like,
but would need to be complemented with semantics based on natural
language instructions.

(iii) Selecting and labeling global edits from existing instruction-based datasets
by combining a language-based classifier that filters text prompts de-
scribing whole-image adjustments with an inverse-rendering stage that
estimates the seven filter parameters through differentiable optimization.
The estimated parameters allow each accepted example to be expressed
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in the same numeric form as the synthetic data, providing consistent

supervision for training.

To obtain natural and varied language supervision, we could generate syn-
thetic instructions by prompting an LLM to describe the intent behind each
parameter change, following a strategy similar to InstructPix2Pix. The result-
ing dataset would pair realistic, diverse language with accurate parameter
supervision, enabling efficient fine-tuning of lightweight VLM architectures

that map textual editing instructions to interpretable global adjustments.

6.3 Contributions

We collect the research contributions completed during the elaboration of this
thesis, detailing our involvement and contributions. We also enumerate a few

non-peer-reviewed contributions to the community.

6.3.1 Research Contributions

e P. M. Cuenca-Jiménez, ]J. Fernandez-Conde and J. M. Canas-Plaza, Fil-
terNet: Self-Supervised Learning for High-Resolution Photo Enhancement, in
IEEE Access, vol. 10, pp. 2669-2685, 2021, doi: 10.1109/ACCESS.2021.3139778.
[148]

Impact Factor: 3.6 (2024).
Contextualization: FilterNet research.

Author contributions: Research approach, dataset collection, experi-

ments design and execution, evaluations, paper preparation.

* M. Rodriguez-Ibafiez, F. ]J. Gimeno-Blanes, P. M. Cuenca-Jiménez, C.
Soguero-Ruiz, J. L. Rojo-Alvarez, Sentiment Analysis of Political Tweets
From the 2019 Spanish Elections, in IEEE Access, vol. 9, pp. 101847-101862,
2021, doi: 10.1109/ ACCESS.2021.3097492. [149]

Impact Factor: 3.6 (2024).

Contextualization: Evaluation of autoencoder methods for semantic in-
terpretation of short texts. We approached NLP representation learning
methods to later explore their suitability to capture semantic descrip-
tions of editing instructions or object selection, but we decided for deep
learning methods and LLMs instead.


https://doi.org/10.1109/ACCESS.2021.3139778
https://doi.org/10.1109/ACCESS.2021.3097492

6.3. Contributions 107

Author contributions: Evaluation of autoencoders for text analysis,
contributions to dataset collection and pre-processing, execution of ex-

periments, writing contributions.

* M. Rodriguez-Ibafiez, A. Casanez-Ventura, F. Castejon-Mateos, P. M.
Cuenca-Jiménez, A review on sentiment analysis from social media platforms,
in Expert Systems with Applications, vol. 223, pp. 119862, 2023, doi:
10.1016/j.eswa.2023.119862. [150]

Impact Factor: 7.5 (2023).

Contextualization: Systematic evaluation of representational perfor-
mance of language models and in-depth literature review of progress
until this moment in time. This was instrumental to gain intuition on
LLM capabilities and limitations, which in turn carries over to VLMs
(they combine a vision model with an LLM auto-regressive generator),
and to diffusion models as well (they reuse pre-trained language models

as text encoders).

Author contributions: Methods analysis (Section 6), including design
and execution of experiments for language models. Writing contribu-

tions to other sections, paper review.

* A.Marafioti, O. Zohar, M. Farré, M. Noyan, E. Bakouch, P. M. Cuenca-
Jiménez, C. Zakka, L. Ben-Allal, A. Lozhkov, N. Tazi, V. Srivastav, J.
Lochner, H. Larcher, M. Morlon, L. Tunstall, L. von Werra, T. Wolf,
SmolVLM: Redefining small and efficient multimodal models, in Second
Conference on Language Modeling (COLM 2025) [151].

Conference Paper: COLM 2025.

Contextualization: Analysis and design of VLMs for efficient execution

on consumer hardware such as mobile devices.

Author contributions: Consumer application for video and image un-
derstanding on iPhone, MLX modeling code for VLM architecture, con-

tributions to related open source packages.

6.3.2 Use in Industry

We applied the learnings from FilterNet to the development of a feature we
called Magic ML, incorporated to the popular Camera+ iPhone application.

References:


https://doi.org/10.1016/j.eswa.2023.119862
https://openreview.net/forum?id=qMUbhGUFUb
https://openreview.net/forum?id=qMUbhGUFUb
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¢ Example press coverage on 9toSmac.

* Blog post explaining how it worked (archived).

6.3.3 Other Contributions

* Hands-On Generative Al with Transformers and Diffusion Models, book for
ML developers and practitioners covering the state-of-the-art generative

Al techniques, such as diffusion models, LLMs, variational autoencoders,
and more. O’Reilly Media 2024, ISBN 978-1098149246 [124].

* Dozens of blog posts and talks for developers on deep learning topics
and generative AL


https://9to5mac.com/2020/06/03/camera-iphone-ipad-update-magic-ml/
https://web.archive.org/web/20200603212819/https://camera.plus/blog/magic-ml-the-making-of/
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Capitulo 7

Resumen en Castellano

7.1 Introduccion y Objetivos

La edicion fotografica ha acompafiado a la fotografia desde sus inicios. Hoy en
dia, millones de usuarios ajustan sus fotos digitalmente, pero las herramientas
profesionales siguen exigiendo una curva de aprendizaje pronunciada y flujos
de trabajo complejos. Esta situaciéon ha motivado la biisqueda de métodos
automadticos y accesibles que mejoren la calidad técnica de las fotografias sin

comprometer la intencién artistica ni la fidelidad de la captura original.

Esta tesis versa sobre la aplicacion del aprendizaje profundo a la mejora fo-
tografica siguiendo tres principios rectores: (i) independencia de resolucién,
para que los resultados puedan aplicarse a imdgenes de cualquier tamafio
sin pérdida de calidad; (ii) interpretabilidad y control, favoreciendo méto-
dos paramétricos no destructivos cuyos resultados puedan ajustarse tras la
prediccion; y (iii) viabilidad practica en dispositivos de consumo, haciendo
especial hincapié en la ejecucién local por razones de privacidad, latencia y

sostenibilidad.

Sobre estos cimientos, la tesis presenta dos sistemas principales y una in-
tegracion de ambos. En primer lugar, desarrollamos FilterNet, un sistema
de mejora automdtica que no genera pixeles editados, sino que aprende a
predecir valores de filtros fotogréficos estindar (exposicién, brillo, contraste,
sombras, altas luces y temperatura de color). Este disefio hace que el proceso
sea interpretable, editable por el usuario y aplicable a resolucién arbitraria: el
modelo infiere pardmetros a partir de una miniatura y la aplicacién los aplica

sobre la fotografia original a maxima resolucion.

En segundo lugar, exploramos la segmentacion guiada por texto como paso
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clave hacia ediciones locales. Para ello proponemos CocoGold, que reutili-
za un modelo de difusién entrenado con millones de pares (texto, imagen),
modificindolo para identificar y segmentar objetos a partir de descripciones
sencillas (por ejemplo, “gato”, “coche” o “reloj”). A diferencia de los pipelines
de deteccién y segmentacion por etapas, CocoGold formula la tarea como
generacion condicionada: el modelo aprende a “copiar” la imagen de entrada
resaltando en blanco las regiones que coinciden con el término expresado, de

donde extraemos la méscara binaria con un posprocesado ligero.

Por dltimo, combinamos ambos enfoques en una prueba de concepto llamada
COCONET: las mascaras de CocoGold permiten aplicar los parametros de
FilterNet de forma localizada. De este modo demostramos que la edicién
técnica basada en filtros puede adaptarse a regiones especificadas con lenguaje,
manteniendo interpretabilidad e independencia de resolucién en todos los

componentes salvo la mascara de segmentacion.

El objetivo final de nuestro trabajo es contribuir a democratizar la edicién
fotogréfica con soluciones précticas, explicables y eficientes: un sistema capaz
de proponer ajustes técnicos expresados con el mismo vocabulario utilizado en
la edicién fotografica, capaz también de seleccionar areas de interés mediante
instrucciones naturales, y de ejecutarse en dispositivos moéviles sin exigir

infraestructuras especializadas ni comprometer la privacidad del usuario.

7.2 Antecedentes

La mejora automdtica de imagenes ha evolucionado desde técnicas algoritmi-
cas clésicas (como los métodos de ecualizacién de histograma) hasta métodos
de aprendizaje profundo capaces de aprender transformaciones a partir de
datos. Las primeras propuestas basadas en redes convolucionales abordaron
tareas especificas (correcciéon de exposicion, por ejemplo) o estilos locales guia-
dos por un proceso de segmentacién previo. Aunque eficaces, estos métodos
suelen generar la imagen final en pixeles, lo que complica la escalabilidad
a altas resoluciones y produce resultados poco interpretables o dificiles de

ajustar.

Una linea interesante ha sido la de aprender ediciones en lugar de producir
pixeles finales. Este planteamiento refuerza la independencia de resolucién
y la interpretabilidad, al representar la salida como pardmetros de ajustes
fotograficos y no como mapas de pixeles. Sin embargo, la disponibilidad de

conjuntos de datos con parejas de imdgenes (original, editada) es limitada y a



7.2. Antecedentes 111

veces restrictiva en términos de licencia. Para superar esa limitacién han sur-
gido aproximaciones generativas (GANs) y de aprendizaje por refuerzo que
aprenden secuencias de ajustes a partir de colecciones de imédgenes “buenas”
y “malas”, sin mapear una a una, lo que presenta retos de estabilidad en el

entrenamiento.

El aprendizaje por transferencia se ha consolidado como una estrategia prefe-
rente en vision artificial: un extractor de caracteristicas preentrenado (ResNet,
por ejemplo) puede utilizarse como base para tareas de mejora. Junto a ello,
las funciones de pérdida perceptuales basadas en redes neuronales (tales
como VGG, entre otras) han demostrado mejor correlacion con la calidad
visual percibida que las distancias pixel a pixel. A nivel de ingenieria, la
diferenciabilidad de las operaciones de procesado de imagen resulta crucial

para integrar filtros en arquitecturas entrenables extremo a extremo.

En cuanto a los datos, la degradacion sintética ha resultado ser una receta efec-
tiva de supervision automatica: a partir de fotos de alta calidad se generan
variantes empeoradas mediante combinaciones plausibles de filtros. El mo-
delo aprende a revertir esa degradacion sin necesidad de pares editados por
expertos, ampliando considerablemente la cantidad de muestras disponibles.

En paralelo, los tltimos afios han visto el auge de los modelos basados en la
arquitectura transformer, los modelos de difusién y los modelos multimodales
que combinan visién y lenguaje (VLMs). Los métodos basados en transfor-
mers han mejorado la modelizacién de dependencias de largo alcance en
restauracion y super-resolucion; los modelos de difusién, concebidos para
generacion de imédgenes, se han adaptado con éxito a tareas de traduccién
imagen a imagen (colorizacién, rellenado de zonas, estimacién de profundi-
dad) y se benefician de avances drasticos en muestreo rapido (DDIM, familias
DPM-Solver, destilacion). En el terreno lenguaje-vision, el alineamiento entre
texto e imagen ha habilitado segmentacioén de vocabulario abierto y basada en
expresiones identificativas, con pipelines modulares que combinan detectores
con arquitecturas fundacionales de segmentaciéon (como SAM). Al mismo
tiempo, algunos VLMs han comenzado a producir salidas espaciales median-
te la utilizacién de tokens especiales en el vocabulario o el uso de cabezas

auxiliares de segmentacion.

Finalmente, una tendencia emergente es la reutilizacién de grandes modelos
de difusién, ya entrenados a escala masiva com millones de pares texto-
imagen, para tareas de comprension espacial no generativa. Reformulando el

objetivo y retocando minimamente la arquitectura se aprovechan su capacidad



112 Capitulo 7. Resumen en Castellano

de representacién y conocimiento espacial. Este es el enfoque que adoptamos

para CocoGold, incorporando ademds condicionamiento textual explicito.

7.3 Metodologia y Resultados

7.3.1 FilterNet: aprendizaje auto-supervisado de parametros
de filtros

FilterNet parte de un extractor ResNet preentrenado y afiade una cabeza pre-
dictiva que produce, de una sola pasada, seis valores en el rango normalizado
(—1,1): exposicion, brillo, contraste, sombras, altas luces y temperatura de
color. Para entrenar de extremo a extremo con backpropagation es necesario
renderizar, dentro del propio modelo, una versiéon mejorada de la imagen
usando filtros diferenciables. Implementamos la mayoria mediante curvas
de tonos paramétricas (pares alto/bajo para cada ajuste) aplicadas en espacio
RGB lineal con 10 bits de precisién, y combinadas con la imagen original
con ajustes de transparencia. La temperatura de color, en cambio, se resuelve
con matrices de ganancia 3 x 3 previamente calculadas, y para la exposicién
aplicamos su definicién fotométrica. Este disefio emula el comportamiento de
aplicaciones profesionales, evitando saturaciones o artefactos que se observan
con métodos simplistas de contraste o brillo.

El entrenamiento es auto-supervisado: a partir de un conjunto de fotos “bue-
nas” generamos muestras degradadas mediante combinaciones controladas
de los seis filtros. El objetivo del modelo es aproximar la foto de referen-
cia a partir de la imagen degradada, aplicando los filtros mencionados. La
funcién de pérdida combina: (i) término pixel a pixel en sRGB; (ii) pérdida
perceptual con caracteristicas VGG de varios niveles; y (iii) pérdida de estilo
(matrices de Gram), con el objetivo de captar estructura, textura y color en

mayor consonancia con la percepcién humana.

Estudiamos diversas variantes que favorecen la estabilidad y la generalizacién.
Por ejemplo, inicializamos los pesos de la cabeza de regresiéon con valores
cercanos a cero (en el centro del rango predictivo de los filtros) para evitar
predicciones extremas en las etapas iniciales de entrenamiento. Utilizamos
también una capa que denominamos maskout, andloga a dropout, que utili-
zamos para desactivar aleatoriamente alguno de los seis canales con objeto
de fomentar combinaciones alternas. En cuanto a la preparacién de datos,

utilizamos regimenes de degradacion moderados, reduciendo la probabilidad
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FIGURA 7.1: Esquema de inferencia local con FilterNet (copia

de Fig. 3.7). El modelo predice parametros de filtros a partir de

una imagen en miniatura. Dichos pardmetros se aplican a la

imagen original a resolucién completa, manteniendo la ediciéon
no destructiva e interpretable.

de saturacién irrecuperable (clipping), y acercando la distribucién de datos de

entrenamiento a escenarios reales.

Para evaluar FilterNet (Tabla 5.1) usamos métricas de referencia (PSNR, SSIM,
FSIMc) y dos métricas con mayor correlacion perceptual: DISTS y una pérdida
de contenido basada en VGG. Los resultados muestran mejoras consistentes
al ahadir componentes perceptuales a la pérdida y al operar en RGB lineal.
En cuanto a la arquitectura, verificamos que ResNet-50 supera a ResNet-34, y
un breve entrenamiento del backbone completo mejora frente a mantenerlo

congelado por completo.

En cuanto a la implantacién del sistema, exportamos el modelo a Core ML con
cuantizacién a 16 bits, alcanzando tiempos de inferencia bastante inferiores
a un segundo, incluso en méviles de 2020 y anteriores. Esto nos permitioé
incorporar el modelo a una aplicaciéon popular de fotografia, validando la
viabilidad de nuestro enfoque paramétrico, interpretable y optimizado para
ejecucion local (Fig. 7.1).
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7.3.2 CocoGold: segmentacién basada en difusién guiada por

texto

La edicion local requiere identificar regiones de interés. CocoGold reutiliza
Stable Diffusion 2 y reformula la tarea de segmentacién como generacion
condicionada por imagen y texto: dada una imagen y un término expresado
con texto (por ejemplo, “gato”), el modelo aprende a producir una copia de
la imagen donde las regiones asociadas al término aparecen destacadas en
blanco. Para ello concatenamos la representacion latente de la imagen original
y de la imagen objetivo, e introducimos ambas como entradas al sistema, adap-
tando la primera capa de la U-Net para aceptar 8 canales (correspondientes
a 2 imégenes) en espacio latente. El resto de la arquitectura del modelo de
difusién no necesita cambio alguno. El condicionamiento con texto utiliza el
modelo CLIP, al igual que el modelo Stable Diffusion en su versién estdndar.
El entrenamiento se desarrolla sobre la U-Net; tanto CLIP como el codificador

de imagenes (VAE) permanecen congelados.

Nuestro dataset de entrenamiento se basa en COCO 2017. Creamos un ite-
rador que, para cada muestra solicitada, proporciona un recorte aleatorio
que contiene algtn drea perteneciente a una de las categorias de objetos de
COCO. Como imagen objetivo, preparamos ese recorte con dicho drea en color
blanco. Puesto que COCO presenta fuertes desequilibrios entre categorias,
seleccionamos para nuestro prototipo un subconjunto de 14 categorias con
similar representacion. El proceso de inferencia sigue el patrén estdndar en
Stable Diffusion: DDIM, con 50 pasos de reduccién de ruido. El modelo, como
se ha indicado, genera una copia aproximada de la imagen objetivo, con la
mascara de segmentacion sobrepuesta en color blanco. Gracias a un proceso
de post-procesado (selecciéon de umbrales de color, seguido de operaciones
morfolégicas para eliminar falsos positivos de pequefio tamafio), obtenemos
la méscara binaria de segmentacion. Para conseguir compatibilidad con esce-
nas que contienen areas blancas de forma natural (cielos sobresaturados, por
ejemplo), aplicamos a la imagen original una desaturacién selectiva, de modo
que la copia generada no confunda 4reas realmente saturadas con el color
blanco a generar en las zonas de segmentacion. Este pequefio truco permite al

modelo trabajar con todo tipo de imagenes.

Para la evaluacion de resultados medimos IoU (Intersection over Union) y pre-
cisién por pixel sobre el dataset de validacién de COCO, bajo un protocolo
acorde con la tarea formulada (clase tnica condicionada por texto, sin exis-

tencia de muestras negativas al utilizar siempre recortes que contienen la
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categoria objetivo). Observamos una mejora de generalizacion sobre clases no
vistas durante el entrenamiento al aumentar la duracién del mismo, aunque
el rendimiento en este caso es manifiestamente inferior al de clases entrena-
das. La agregacion de varias predicciones aporta ganancias modestas. Sin
embargo, observamos que métodos de inferencia de pocos pasos, tales como
trailing DDIM, funcionan sin cambios sobre el modelo previamente entrenado,
lo que nos permite utilizar inferencia de tan sélo 1 a 4 pasos para obtener
resultados satisfactorios. Esto reduce enormemente el tiempo de latencia y la

aplicabilidad practica del método en hardware de consumo.

7.3.3 COCONET: integracion de FilterNet y CocoGold para
edicién local

Partiendo de las méascaras de CocoGold exploramos dos integraciones simples
de FilterNet: (A) predecir pardmetros globales sobre la imagen completa, y
aplicarlos en la zona segmentada; (B) aplicar FilterNet sobre un recorte alre-
dedor del 4rea segmentada para obtener parametros mds ajustados a dicha
region, y aplicarlos igualmente sobre la médscara de segmentaciéon. En ambos
casos, un difuminado suave del contorno facilita transiciones naturales. A
nivel practico, este pipeline combinado respeta los pixeles fuera de la méscara
(se toman del original) y preserva el cardcter no destructivo e interpretable
del proceso. La limitacién principal es la resoluciéon de la mascara de seg-
mentacion: mientras FilterNet es completamente agnoéstico a la resolucion, la
segmentacion produce una méscara binaria de tamario fijo. Esta restriccion
puede mitigarse con técnicas de aumento de resolucién guiadas por bordes,
tales como las utilizadas en DiffDIS o en aplicaciones reales demostradas en la
industria: es el caso del tratamiento de imdgenes de profundidad en el iPhone,
donde la mdscara (de profundidad, en este caso) es de baja resolucién pero
se adapta a tamafio real mediante procesos especializados que respetan los

bordes.

La Figura 7.2 muestra los resultados de COCONET utilizando cada uno de los
dos métodos indicados.
7.4 Conclusiones

En esta tesis pretendemos demostrar que es posible acercar la calidad y fle-
xibilidad de la edicién profesional a experiencias cotidianas y accesibles, sin
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ORIGINAL FuLL BBOX

FIGURA 7.2: COCONET: edicién local aplicando los pardmetros
de FilterNet (predichos globalmente o utilizando un recorte
alrededor del drea de interés) sobre la mascara de CocoGold.

renunciar a la interpretabilidad ni a la eficiencia en dispositivos de consumo.

Las contribuciones centrales son:

Un enfoque de mejora fotogréfica basado en la predicciéon de pardmetros
de filtros fotograficos, en lugar de generar pixeles editados. Esta decisién
hace al sistema independiente de la resolucién, controlable por el usuario
y facil de implantar, incluso localmente.

Una arquitectura de filtros diferenciables que replica de forma realista
operaciones fotogréficas en espacio RGB lineal con 10 bits de precision,
con pérdidas perceptuales que conducen a resultados mds acordes con

la evaluacion humana.

Una estrategia auto-supervisada de generacion de datos que evita de-
pender de pares editados, permitiendo entrenar con colecciones de fotos
de alta calidad degradadas de forma plausible.

Validacioén, a través de CocoGold, de que los modelos de difusiéon preen-
trenados pueden reutilizarse eficazmente para segmentacién guiada por
texto con minimas modificaciones, formulando la tarea como generacién
imagen a imagen.

Una integracién (Coconet) que aplica los pardmetros de FilterNet de
forma localizada sobre las méascaras de CocoGold, habilitando ediciones
no destructivas y semanticamente informadas a partir de instrucciones

simples.

Entre las limitaciones sefialamos: (i) la resolucién fija de las mdscaras, que pue-

de producir imprecisiones en detalles finos como el cabello y otras estructuras

detalladas; (ii) la restriccion, en esta primera version, a términos de una sola
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palabra, lejos de descripciones ricas y expresiones identificativas que abundan
en casos reales; y (iii) la latencia propia de los modelos de difusién, mitiga-
ble con procesos de eliminacién de ruido como los indicados, destilacién, o

técnicas de entrenamiento disefiadas para pocos pasos de inferencia.

Como lineas de trabajo futuras proponemos dos direcciones complementarias.
La primera consiste en extender CocoGold a un verdadero escenario de voca-
bulario abierto y lenguaje natural, incorporando expresiones identificativas
(“la persona de la izquierda con camisa roja”). Dado el fuerte alineamiento
multimodal de los modelos de difusién, postulamos que esta ampliacién de-
pende mas del curriculo de datos que de cambios profundos de arquitectura.
Paralelamente, explorar pérdidas y sefiales auxiliares sensibles a contornos

podria mejorar la fidelidad de bordes sin sacrificar la simplicidad del sistema.

La segunda direccién es complementar el enfoque con VLMs como predictores
de pardmetros de edicién basados en intenciones expresadas por el usuario, en
lugar de estimar pardmetros automédticos tan sélo. Un VLM podria recibir una
imagen y una instruccién en lenguaje natural (“haz el cielo mas dramético”,
“ilumina la cara manteniendo el fondo”) y devolver un vector interpretable
de parametros para conseguir tal efecto. Para entrenar un sistema de estas
caracteristicas planteamos la construccion de un dataset sintético utilizando

LLMs para generar variabilidad y riqueza en las descripciones.

En conjunto, FilterNet, CocoGold y su integracion inicial en Coconet, marcan
un camino pragmadtico hacia sistemas de edicién fotografica mds intuitivos:
automadticos cuando el usuario lo desea, ajustables cuando la intencién artis-
tica requiere control fino, y siempre respetuosos con los datos originales. El
equilibrio entre independencia de resolucion, interpretabilidad y viabilidad
en moviles convierte a estas propuestas en una base sélida sobre la que seguir
construyendo experiencias de edicién centradas en las personas y habilitadas
por IA.
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