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Abstract

Large-scale artificial general intelligence models have achieved unprecedented success in
various general-domain tasks in recent years. However, their direct application to spe-
cialized fields like medical imaging remains challenging due to the field’s inherent com-
plexities. Unlike natural images, which feature everyday objects recognizable through
common sense, medical images demand deep domain expertise for accurate interpreta-
tion. This makes the annotation process particularly challenging, as producing a large
volume of high-quality labeled medical data requires the involvement of multiple experts,
a resource that is often limited and difficult to scale. Moreover, while some medical
imaging modalities, such as Color Fundus Photography (CFP), benefit from extensive
annotated datasets, others, like Fluorescein Angiography (FA), suffer from a severe lack
of data due to their niche and less frequently used nature. This discrepancy in data
availability across modalities highlights the necessity of cross-domain adaptation, lever-
aging knowledge from well-established imaging modalities to improve performance on
underrepresented ones.

Vision Transformers (ViTs) have shown significant promise in medical image analysis
tasks such as reconstruction, segmentation, and classification, owing to their strong rep-
resentational and generalization capabilities. Yet, their dependency on large, annotated
datasets renders training from scratch impractical for medical applications. To overcome
this hurdle, transfer learning from models pre-trained on large-scale datasets, such as Im-
ageNet, has become a widely adopted approach. The success of these pre-trained ViTs,
often referred to as visual foundation models, has inspired further research into adapting
these architectures for more powerful, domain-specific applications. In ophthalmology,
this progress has led to the development of RETFound, a large ViT model pre-trained on
nearly one million CFP images using the Masked Autoencoder technique, and its smaller
variant, RETFound Green, which was pre-trained on only 75K CFP images using a novel
self-supervised technique called Token Reconstruction.

The objective of this thesis is to systematically evaluate and compare different cross-
domain adaptation techniques for vision models within the medical imaging domain of
fluorescein angiography. Specifically, it examines strategies for transferring knowledge to
FA by comparing models pre-trained on CFP images (e.g., RETFound and RETFound
Green) with those pre-trained on natural images (e.g., ImageNet-trained ViTs) using
three primary adaptation approaches: full fine-tuning, self-supervised pre-training, and
parameter-efficient fine-tuning. By evaluating the capabilities of these foundation models
in adapting to FA tasks, this study assesses their robustness, efficiency, and clinical appli-
cability across eleven distinct tasks using two datasets: the publicly available 3rd Aptos
Competition dataset and the private HOJG dataset provided by the Hospital Ophthalmic
Jules-Gonin in Lausanne.

Particular emphasis is placed on evaluating the trade-offs between full fine-tuning,
widely regarded as the de facto standard for adapting foundation models to downstream
tasks despite its high computational cost, and parameter-efficient methods such as LoRA,



which substantially reduce the number of trainable parameters while maintaining com-
petitive performance. Additionally, the study explores the role of self-supervised learning
in mitigating domain shifts and enhancing model generalization.

Through a comprehensive analysis of cross-domain adaptation strategies, this thesis
contributes to a deeper understanding of how foundation models can be effectively lever-
aged in medical imaging applications, supporting the development of more efficient and
clinically relevant Al-assisted diagnostic systems.
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Chapter 1

Introduction

1.1 Artificial Intelligence

Artificial Intelligence (AI) is a research field within computer science devoted to enabling
computational systems to perform tasks typically associated with human intelligence,
such as learning, reasoning, problem-solving, perception, and decision-making. Its goal is
to create rational agents, systems capable of perceiving their environment, setting goals,
and taking informed actions to maximize their chance of success [1].

A key milestone in the history of Al is Alan Turing’s seminal paper “Computing
Machinery and Intelligence”, published in 1950 in Mind [2]. Turing, widely regarded
as one of the founding figures of computer science and artificial intelligence, posed the
fundamental question: “Can machines think?” To approach this question, he proposed an
indirect method known as the Turing Test. In this test, a machine is considered intelligent
if a human Interrogator, after engaging in a written conversation, cannot distinguish the
machine’s written responses from those of a human. Passing the test implies that the
machine demonstrates intelligence indistinguishable from that of a person.

Successfully fooling the Interrogator requires a variety of intelligent capabilities. For
instance, the ability to perceive, recognize and interact with objects in the environment,
known as perceptual intelligence, is tackled through fields like Computer Vision and
Robotics. The ability to acquire and store what has been perceived, called cognitive
intelligence, involves Knowledge Representation. High-level abilities like pattern extrac-
tion and recognition to make decisions and adapt to the circumstances are addressed by
Machine Learning and Automated Reasoning. Finally, the capacity to produce coherent
and contextually appropriate responses relies on Natural Language Processing. Together,
these six subfields form the core disciplines of modern AT [3].

Despite various criticisms and limitations, Turing’s test remains a foundational con-
cept in Al, continuing to influence discussions about machine intelligence even 75 years
later.
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1.2 Machine Learning

Learning is the process of acquiring new understanding or knowledge. In the context
of computer science, Machine Learning (ML) refers to a branch of artificial intelligence
that enables systems to learn from data and improve their performance on a specific
task without being explicitly programmed to do so. More formally, a computer program
is said to learn from experience E for some class of tasks T and performance measure
P if its performance on task T, as measured by P, improves with E [4]. Rather than
relying on hard-coded rules, ML automates the construction of analytical models by using
algorithms that iteratively learn from data. This allows systems to generalize from past
observations, uncover hidden patterns, and make informed predictions or decisions in new
situations.

Machine learning encompasses a wide variety of algorithms, commonly referred to as
models, each differing in how they represent candidate solutions and how they search for
optimal ones. These models can take many forms, including decision trees, mathemati-
cal functions, or even general-purpose programming languages. The process of learning
involves searching through a space of possible programs to identify the one that best
maps input data to the desired output. The choice of model depends not only on the
characteristics of the data and the nature of the task but also on how the algorithm
performs this search. Some methods use optimization techniques with well-understood
convergence properties, such as gradient-based approaches, while others rely on evolution-
ary strategies that explore the solution space through successive generations of randomly
mutated candidates. This diversity in representation and search strategies allows ML to
be applied effectively across a wide range of problem domains especially those involv-
ing large-scale datasets and high-dimensional spaces. As a result, it has become a core
technology across many sectors, including healthcare, where it is used for diagnostics,
personalized treatment, and predictive analytics.

1.3 Deep Learning

Deep learning is a subset of machine learning that uses artificial neural networks (ANNSs)
to process and analyze information without human intervention.

1.3.1 Artificial Neural Network

Drawing inspiration from the mechanisms of information processing in biological systems,
ANNSs are composed of interconnected computational units, known as artificial neurons,
which are defined through mathematical models.

As illustrated in Fig. 1.1, given an input signal encoded as a vector x = [z1, x2, ..., Tn],
the output of a single neuron is computed through a weighted linear combination of its
values, followed by a non-linear activation function. Mathematically, this is expressed as
follows:

z:Zwixﬁ-b (1.1)
i=1

6
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Figure 1.1: Schematic representation of an artificial neuron.

0= (2) (1.2)

where w; denotes the weight associated with input z;, b is a bias term, and ¢(-)
is a non-linear activation function, such as the sigmoid, hyperbolic tangent, or Rectified
Linear Unit, whose output o is passed onto the next layer of the network. Equations (1.1)
and (1.2) enable the neuron to model complex relationships in the data and serve as the
core of deep learning models. Neurons are typically organized into layers: an input layer
that receives raw data, an output layer that produces the desired outcome, and one or
more hidden layers in between that allow the network to learn non-linear mappings from
inputs to outputs [5].

Similarly to synapses in a biological brain, the weights modulate the influence of each
input and are adjusted during training to minimize the error in the network’s predictions
through a backpropagation algorithm.

1.3.2 Backpropagation

Backpropagation, short for backward propagation of error, is a key algorithm used to train
artificial neural networks. As discussed previously, the layers of a neural network can be
viewed as a composition of nested mathematical functions, where each layer transforms
its input and passes the result to the next. During training, this composition becomes
part of a larger function, known as the loss function, which quantifies the discrepancy
between the network’s prediction and the true target, called the ground truth, for a given
input. To determine how each individual neuron influences the overall error, the chain
rule, a principle that enables the differentiation of composite functions, is applied. This
approach allows to compute how changes in any parameter, specifically the weights and
biases, affect the total loss. By understanding these contributions, the model can adjust
its parameters to reduce the error, thereby improving its predictions over time.

To provide a clear and structured understanding of the overall process, in the following
a step-by-step breakdown accompanied by its mathematical formulation is presented.

1. The network first performs a forward pass, in which the input data x is propagated
through the network until it reaches the output layer, where it is transformed into
a probability prediction.
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2. The final prediction ¥ is then compared with the ground truth y using a loss function
L(y,¥), which measures the error between the predicted and actual values.

3. To improve the performance of the model, backpropagation computes how each
weight and bias in the network contributes to this error by applying the chain rule
of calculus in reverse, from the output back to the input layer. Specifically, it
calculates the gradient of the loss function with respect to each parameter. For a

given weight wg-), which connects neuron ¢ in layer [ — 1 to neuron j in layer [, the

gradient is given by (1.3):

Y

)

oL 0 (-1
:(sj -0y (1.3)

(=1

[

5§l) is the error term of neuron j in the current layer, computed as:

where o is the activation of neuron 7 in the previous layer, following (1.2) and

50— oL o (Z(n) (1.4)

In (1.4) zj(»l) is the weighted input to neuron j, and ¢’ denotes the derivative of the

activation function. The gradient with respect to the bias term bg-l) is simply:
8—6 =6 (1.5)
ol

J

4. Once these gradients are computed for all weights and biases in the network, they
are used to update the parameters using an optimization algorithm, typically gra-
dient descent. In its simplest form, each parameter is updated by moving it in the
direction opposite to the gradient:

(1) n_ 0L
Wiy = Wi — 1 PO (1.6)
ij
oL
B bl . 2 (1.7)
j ] )
b

where 7 is the learning rate, a hyperparameter that controls the step size of the
update.

By iteratively performing the above steps, the network gradually improves its predic-
tions to learn from the data by minimizing the loss function.

8
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Figure 1.2: Comparison between Machine Learning and Deep Learning workflows. In
traditional Machine Learning, a manual feature extraction step is required to convert
raw data into structured representations that are then used by the learning algorithm. In
contrast, Deep Learning models learn these representations automatically from raw data,
eliminating the need for handcrafted features. Image reproduced from [6]

1.3.3 The main differences with ML

Now that the mechanisms underlying the potential of neural networks have been outlined,
it is important to clarify the key differences between ML and DL.

As illustrated in Figure 1.2, a fundamental distinction lies in the way these approaches
handle input data and feature extraction. Traditional ML methods typically require man-
ual feature engineering, an intermediate step in which domain knowledge is used to extract
relevant features from raw data. These features are then used by algorithms such as de-
cision trees, support vector machines, or linear regression to learn the mapping between
input and output. In contrast, DL models automatically learn hierarchical representa-
tions of data through their layered architectures. This end-to-end learning process allows
deep neural networks to operate directly on raw data such as images, text, or audio,
identifying complex patterns without requiring handcrafted input representations.

Thanks to this ability, DL has achieved state-of-the-art performance in several chal-
lenging tasks, including image recognition, speech processing, and natural language un-
derstanding, domains where traditional ML techniques often fall short due to their lim-
ited capacity to model unstructured and high-dimensional data. However, this expressive
power comes at a cost: DL models typically require vast amounts of labeled data to
outperform traditional ML methods and demand significantly higher computational re-
sources during training and inference.

1.4 Al in Medicine

Medical imaging has become a cornerstone of modern clinical practice, playing a critical
role in both diagnosis and treatment planning. Its growing importance is reflected in the
continuous rise in imaging utilization across healthcare systems worldwide. As a result,
clinicians are facing an ever-growing workload, often requiring them to interpret images
at a pace that imposes an unsustainable cognitive burden. This pressure not only affects

9
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efficiency, but also increases the risk of diagnostic delays and errors. These challenges
underscore the urgent need for automated systems that can assist medical professionals
by improving both the speed and accuracy of image interpretation. Al, particularly deep
learning, has achieved expert-level performance in many medical image interpretation
tasks and could represent a valid tool to be integrated into clinical workflows to support
physicians in diagnostic decision making [7].

Ophthalmology, while not the most studied area in medical Al research, is uniquely
positioned for the application of deep learning due to its strong dependence on high-
resolution medical imaging such as color fundus photography (CFP), optical coherence
tomography (OCT), fluorescein angiography (FA), and indocyanine green angiography
(ICGA). Deep learning approaches have been applied to detect and classify a range of
ocular diseases, including diabetic retinopathy and age-related macular degeneration,
demonstrating encouraging performance in these tasks [8] [9]. Beyond performance met-
rics, researchers have begun to evaluate the real-world impact of these systems. For
instance, semi-automated and fully automated Al screening tools have shown potential
for cost savings in specific contexts, for example, the detection of diabetic retinopathy [10].
This shows that Al can also improve accessibility and efficiency of healthcare delivery.

Despite these advances, current Al success in medical imaging is mainly driven by
supervised learning, a training approach in which models learn to associate inputs with
corresponding labeled outputs. However, producing such labeled datasets in the medical
domain is particularly challenging due to the need for expert annotation, making it both
time-consuming and expensive. Moreover, models trained in this way often struggle
to generalize to external clinical environments or different tasks, as they tend to learn
label-specific features rather than robust, transferable representations. Addressing this
limitation requires a paradigm shift in the way medical Al systems are trained.

1.4.1 Foundation models

In this context, the development of Foundation Models (FMs) offers a promising path
forward. These are large-scale models pre-trained on vast and diverse datasets, often
using self-supervised learning techniques that do not rely on manual annotation [11].
Once pre-trained, FMs can be adapted to a wide range of downstream tasks through
fine-tuning, even when only limited labeled data is available. This flexible, task-agnostic
training paradigm enhances the model’s representational power, resulting in improved
generalizability across different applications.

The growing enthusiasm towards FMs has spurred interest in developing domain-
specific applications tailored to medical contexts. Unlike models trained on natural im-
ages, medical foundation models must learn to identify subtle and complex features that
are highly specific. In the field of ophthalmology, this has led to the emergence of reti-
nal foundation models. A notable example are RETFound and RETFound Green, both
pre-trained on a wide number of unlabeled CFP images and subsequently fine-tuned for
a variety of ocular disease tasks. These models have demonstrated the potential to sig-
nificantly reduce the need for large, labeled datasets while maintaining high adaptability
and performance across diverse ophthalmic applications. As a result, foundation models
represent a promising advancement in the development of efficient, generalizable, and

10
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scalable Al solutions for medical imaging.

1.5 Thesis objective

Building on recent advancements in Al-driven medical imaging in ophthalmology, there
is increasing interest in applying these technologies to support the diagnosis and treat-
ment of complex retinal diseases. Among these, uveitis stands out as a challenging and
potentially sight-threatening condition where imaging plays a central role. Uveitis refers
to a heterogeneous group of intraocular inflammatory disorders that affect the uvea and
the retina. With an estimated annual incidence ranging from 17 to 52 cases per 100,000
individuals, this debilitating condition can cause significant vision loss and continues to
be a major contributor to blindness in industrialized countries [12].

Unlike other imaging modalities, Fluorescein Angiography (FA) uniquely allows the
assessment of the integrity and function of the blood-retinal barrier in vivo, making
it the gold standard for evaluating inflammatory conditions. The procedure involves
intravenous injection of fluorescein dye followed by sequential fundus photography to
capture the transit of the dye through the retinal vessels. This provides information on
vessel permeability over time and allows clinicians to identify active sites of inflammation,
including the macula, optic disc, and peripheral retina, structures often implicated in
disease severity.

The ability to detect earlier vascular abnormalities is critical to guide therapeutic deci-
sions, particularly the initiation or adjustment of immunomodulatory treatment. Despite
its diagnostic value, FA is rarely considered in clinical trials due to the many difficulties
it has to face. In addition to being an invasive examination, its accurate interpretation
is time-consuming and inherently complex, as it is influenced by the dynamic nature of
dye diffusion and the presence of confounding factors. Furthermore, current approaches
to identifying fluorescein leakage rely on manual assessment by experts, which, even with
many years of clinical experience, introduces subjectivity and variability into the evalua-
tion process.

1.5.1 Scientific question

This thesis investigates how foundation models can be effectively adapted for the auto-
mated interpretation of FA, a retinal imaging modality with a significant lack of available
data due to its specialized nature and less frequent use. Specifically, it addresses the
scientific question: “How can knowledge learned from data-rich modalities, such as color
fundus photography, be transferred to improve the performance of AI models on under-
represented modalities like fluorescein angiography?”

1.5.2 Major contributions

To answer this, the thesis systematically evaluates cross-domain adaptation strategies
using foundation models. The key contributions of this study are as follows:

e Systematic comparison of foundation models. A rigorous evaluation of four
different vision foundation models, including RETFound, RETFound Green, and

11
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their respective baselines pre-trained on natural images, is conducted across 11
downstream FA classification tasks. This offers one of the most comprehensive
cross-domain assessments in the retinal imaging literature to date.

e Comprehensive evaluation of adaptation strategies. A complete comparison
of three major adaptation strategies, full fine-tuning, self-supervised continual pre-
training, and parameter-efficient fine-tuning with LoRA, is carried out. The analysis
goes beyond standard performance metrics by also evaluating model reliability and
confidence, key factors for deployment in clinical settings, providing a well-rounded
perspective on the strengths and limitations of each approach.

o Investigation of the value of self-supervised learning in cross-domain set-
ting. Self-supervised strategies, including Masked Autoencoder and Token Recon-
struction, are examined as continual pre-training methods to assess their potential
for improving generalization in the FA domain under a data-scarce condition.

1.6 Thesis structure

The structure of this thesis is designed to guide the reader through a logical progression
from foundational knowledge to methodological implementation, experimental validation,
and final conclusions.

e Chapter 2 introduces the background and related work that inform the research
presented in this thesis.

e Chapter 3 details the experimental design and methodological framework used to
address the thesis question. This includes a description of the datasets, adaptation
strategies, and implementation details, ensuring transparency and reproducibility
of the research.

e Chapter 4 presents the experimental results and evaluates them in light of the
objectives and hypothesis clearly outlined at the end of Chapter 2.

e Chapter 5 concludes the thesis by summarizing the main contributions, discussing
the limitations of the current work, and offering directions for future research.

12



Chapter 2

Background and related work

This chapter presents the foundational concepts and prior work that underpin the meth-
ods explored in this thesis. It is organized into two main sections: the first provides
the background on Vision Transformers (ViTs) and their adaptations, with a focus on
architectural components, transfer learning strategies, and efficient fine-tuning methods
such as adapters. The second section surveys related work, with particular attention to
how deep learning models have been applied in the context of ophthalmology, including
the development of retinal foundation models like RETFound and RETFoundGreen, as
well as previous deep learning efforts on FA.

2.1 Background

2.1.1 Vision Transformers (ViTs)

The emergence of Vision Transformers (ViTs) has marked a new era in computer vision,
demonstrating exceptional performance in a wide range of tasks by leveraging attention
mechanisms and large-scale data-driven learning. Originally introduced for natural image
understanding, ViTs and their increasingly powerful variants, often referred to as visual
foundation models, have rapidly gained traction in medical imaging due to their ability
to learn complex representations with minimal inductive biases.

Attention mechanism

The attention mechanism represents the heart of Transformer-based architectures. It en-
ables models to dynamically focus on the most informative parts of the input, allowing
for more efficient and context-aware processing. At its core, an attention function maps
a query and a set of key-value pairs to an output, where all elements are vector represen-
tations. The output is computed as a weighted aggregation of the values, with weights
determined by the relevance between the query and each key [13]. This paradigm not
only improves the model’s ability to handle long-range dependencies, but also reduces
the reliance on strictly sequential processing.

The basis of this technique lies in the Scaled dot-product attention, left-side of Fig. 2.1
Given matrices Q € R™ 9% (queries), K € R™*% (keys), and V € R™*% (values), the

13
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Figure 2.1: Scaled Dot-Product Attention (on the left) and Multi-Head Attention (on
the right). Image reproduced from [13]

attention output is computed as:

Attention(Q, K, V') = softma QKT Vv (2.1)
ntion(Q, K, V') = softmax .
en

where the scaling factor at the denominator in (2.1) mitigates the risk of excessively
large dot products when the dimensionality dj is high. Without scaling, large values
could push the softmax into regions with vanishing gradients, thereby hindering learning.

Rather than computing attention once over dy,oqe1 feature representations, Multi- Head
Attention enables the model to attend to information from multiple subspaces in parallel,
right-side of Fig. 2.1. Specifically, queries, keys, and values are linearly projected into h
smaller subspaces using learned weight matrices. Each head ¢ performs its own scaled
dot-product attention:

head; = Attention(QWZ2, KW/, vivY) (2.2)

where WZQ € Rmoderxdi 7K ¢ Rdmoderxdr and WY € RémoderXdv are the learned
projection matrices for the i-th head. The outputs from all heads are then concatenated
and transformed through another learned linear projection:

MultiHead(Q, K, V) = Concat(heady, . .., head,)W° (2.3)

where WO € RF@vXdmodel - This multi-headed approach allows the model to jointly
capture information across different representation subspaces and positions, which is es-
pecially beneficial for tasks involving complex dependencies.

14



Background and related work

Model architecture

Transformers had become the state-of-the-art method in natural language processing since
they were first proposed. Inspired by this success, ViTs adapt the same core principles
to image data by representing an image as a sequence of visual tokens [14].

Vision Transformer (ViT) Transformer Encoder

MLP
Head

= i

Transformer Encoder

|
- VDO O DD o)

* Extra learnable
[class] embedding Linear Projection of Flattened Patches

E%E—»éilm% ﬁ@é
T

Embedded
Patches

Figure 2.2: Overview of the Vision Transformer architecture. Image reproduced from [14]

The key idea is to convert images into patch-based embeddings, allowing the standard
Transformer encoder to process them similarly to how it handles words in text. The step-
by-step procedure to obtain the visual tokens is as follows:

1.

Patch Embedding. Raw images are first divided into non-overlapping patches of fixed
size, typically P x P pixels For an image of resolution H x W with C channels,
this results in N = £¥ patches, each with dimensionality P? - C. This creates
a sequence of patches that can be treated similarly to tokens in natural language
processing.

. Flattening Patches. Each patch is flattened into a 1D vector.

. Linear Transformation. The resulting vectors are passed through a linear projection

layer to obtain a D-dimensional embedding:

Zo = [Xclass; X;E; e ;xéVE] + Epos, (2.4)
where E € R(P*C)xD ig the learnable projection matrix.

CLS Token Addition. The prepended token Xjass in (2.4) is a learnable parameter
that serves as a global image descriptor, later used for classification.

. Positional Encoding. Epes € RV+HDXD ip (2.4) represents positional embeddings.

To preserve spatial relationships between patches, these are added to each token
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to help the model retain a sense of structure within the image, even though it is
processed as a sequence.

The resulting embedding vectors are then fed into a standard Transformer encoder. As
shown in Fig. 2.2, this is composed of two alternating layers: a Multi-Head Self-Attention
(MSA), where the queries, keys and values are all derived from the same input sequence,
and a MLP block. Each layer includes residual connections after every block and layer
normalization (LN) before each of them:

7y = MSA(LN(2¢-1)) + 2z¢-1, (2.5)
z¢ = MLP(LN(z})) + 2,

where ¢/ =1, ..., L indicates the layer index. The final image representation is extracted
from the transformed class token:

y = LN(z?). (2.7)

In practice, this depends on the type of pooling applied to the output vectors of the
final encoder block zy,, but the equation in (2.7) represents the default approach.

Finally, for image classification tasks, the final state of the class token is passed
through a lightweight classification head, typically a linear layer or a shallow MLP, to
produce label predictions. During pre-training, a two-layer MLP may be used, while
fine-tuning often uses a single linear layer initialized from scratch.

2.1.2 Adaptation of ViTs

While ViTs provide powerful general-purpose representations, effectively transferring
their capabilities often requires task-specific customization. This section outlines the
adaptation paradigms analyzed throughout the study.

Full Fine-Tuning

FFT is one of the most straightforward and widely used strategies for adapting pre-trained
models to downstream tasks. It involves updating all the parameters of a pre-trained
model using task-specific data, allowing the model to fully specialize in the target domain.
This approach is significantly more data and compute-efficient than training models from
scratch, particularly when leveraging large-scale supervised pre-training, such as models
trained on ImageNet. Although highly effective compared to training from scratch, FFT
requires meticulous hyperparameter tuning and becomes increasingly computationally
expensive as model size scales, posing practical challenges for adaptation.

In the medical domain, where labeled data is often scarce due to privacy restrictions,
costly annotations, and the long-tailed distribution of conditions, FFT offers a viable
pathway to transfer rich visual representations to specific diagnostic tasks. However,
this process must be handled with care to ensure proper adaptation without overfitting,
particularly as the size and generality of foundation models continue to grow.
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Parameter-Efficient Fine-Tuning through LoRA

In recent years, Parameter-Efficient Fine-Tuning (PEFT) has emerged as a promising
alternative to full fine-tuning, addressing the high computational demands associated
with updating all model parameters [15]. PEFT strategies introduce lightweight adapter
modules that are used to update only a small subset of the pre-trained parameters,
significantly reducing the number of trainable weights. This not only preserves the general
knowledge encoded in the original model, but also mitigates the risk of catastrophic
forgetting during adaptation. Importantly, by limiting the extent of parameter updates,
PEFT helps prevent overfitting, especially when fine-tuning large models on relatively
small datasets, while still achieving performance comparable to FFT.

[ Multi-Head Attention ]——)

Down- Up-
projection projection:

Figure 2.3: Illustration of LoRA applied to a Transformer block. The trainable compo-
nents are shown in green, representing the low-rank adaptation matrices. The rest of the
model components are shown in grey, indicating that they remain frozen during training.
Image reproduced from [16]

One of the most popular PEFT methods is LoRA: Low-Rank Adaptation [17]. It
introduces trainable low-rank matrices to adapt large pre-trained models while keeping
the original model weights frozen. Rather than updating all parameters during fine-
tuning, LoRA restricts weight updates to a low-dimensional subspace by representing
them as a product of two smaller matrices A and B. Specifically, for a given pre-trained
weight matrix Wy € R¥* LoRA models the adaptation as W = Wy + AW, where
AW = BA, with B € R¥”" and A € R"™*, and r < min(d,k). Only A and B are
optimized during training, while Wy remains unchanged. This formulation significantly
reduces the number of trainable parameters and the memory footprint. In the case of
Transformer blocks, LoRA modules are applied in parallel to the query, key, and value
projection matrices within the attention layer, as illustrated in Fig. 2.3
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Self Supervised Learning

Self-supervised learning is an emerging paradigm that enables models to learn meaning-
ful and transferable representations from unlabeled data by solving proxy or "pretext"
tasks, where supervision signals are derived automatically from the data itself. This ap-
proach alleviates the dependency on large-scale annotated datasets, which, as already
highlighted in previous sections, are often absent in the medical domain. SSL has shown
remarkable success in natural language processing and is increasingly proving its value in
computer vision by outperforming traditional supervised pre-training strategies in sev-
eral benchmarks, particularly under label-scarce conditions [18]. At the same time, this
generality comes with a trade-off: SSL generally requires access to a substantial volume
of unlabeled data. For instance, reducing the number of pre-training images from 250k
to 50k has been shown to result in over a 10% drop in accuracy on downstream tasks,
while a decrease from 1 million to 250k images leads to a 2-4% performance drop [19].

The ability of SSL models to generalize across tasks and domains makes them par-
ticularly appealing for medical imaging applications, offering a promising approach for
building robust and scalable solutions.

The following subsections provide a detailed explanation of the two self-supervised
learning techniques employed in this study: Masked AutoEncoder (MAE) and Token
Reconstruction.

Masked Autoencoder

The Masked Autoencoder [20] is a self-supervised learning framework that reconstructs
images from incomplete observations, encouraging models to learn rich and generalizable
visual representations.

[ | 4o io
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Figure 2.4: Tlustration of MAE SSL technique. Image reproduced from [20)]

The core idea is to randomly mask a large portion of an input image, typically around
75%, by dividing it into non-overlapping patches and selecting a subset through uniform
sampling. This high masking ratio substantially reduces input redundancy and compels
the model to infer global structure rather than relying on local continuity. In contrast
to classical autoencoders, the architecture adopts an asymmetric encoder-decoder design:
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the encoder, a ViT, processes only the visible patches and completely ignores masked
regions, thus reducing computational overhead. The decoder receives a full sequence
of tokens, composed of the encoded visible patches and learnable mask tokens, each
representing a missing patch location. Positional embeddings are added to all tokens to
preserve spatial relationships. The decoder, designed to be significantly lighter than the
encoder, reconstructs the image by predicting the pixel values for each masked patch. Its
output is passed through a linear projection layer to generate per-patch reconstructions,
which are then reshaped to form the complete image. Fig. 2.4 illustrates the idea. The
loss is calculated using the mean squared error (MSE) between the reconstructed and
original pixel values, but only over the masked regions. This approach enables efficient
pre-training, often reducing training time and memory usage by a factor of three or more,
while maintaining or improving performance, making it an attractive choice for scaling
large models.

Token Reconstruction

This technique was originally developed with the goal of creating a self-supervised learning
approach specifically tailored for building domain-specific medical foundation models,
rather than training models from scratch for general-purpose computer vision. Traditional
methods like MAE were designed for training from randomly initialized weights and thus
typically require large amounts of data and computational resources. In contrast, when
working in the medical imaging domain, it is often more practical to begin with models
that have already been pre-trained on large natural image datasets (e.g. ImageNet), as
these models have already learned broadly transferable features. Acknowledging this, the
Token Reconstruction strategy is guided by two key objectives: first, to further enhance
the model’s understanding of the general structure and appearance of medical images,
leveraging the foundational knowledge inherited from pre-training, and second, to refine
the model’s representations for the medical domain without erasing or overriding the
useful features acquired during the earlier stages of training.

The core idea is presented in Fig. 2.5 It involves using a frozen copy of a pre-trained
model to generate feature tokens from clean, uncorrupted images. A second trainable
version of the same model receives noisy versions of the same images and learns to produce
output tokens that closely match those generated by the frozen model. This approach
encourages the model to develop an understanding of the structural dependencies and
spatial regularities inherent in medical images.

To date, retinal imaging represents the only documented application domain of this
self-supervised learning technique, as it was originally developed with the specific goal
of building a retinal foundation model (RETFound Green). In this context, reconstruct-
ing high-level representations of image patches containing lesions requires the model to
capture not only the visual characteristics of such features but also their spatial depen-
dencies. Lesions frequently co-occur with other anatomical structures, and their presence
in one region may increase the likelihood of similar or related features appearing else-
where in the image. Unlike pixel-level reconstruction methods such as MAE, which often
produce blurred outputs due to averaging across possible pixel values, Token Reconstruc-
tion operates in an abstract, perceptual feature space. This enables the model to retain
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Figure 2.5: Illustration of the Token Reconstruction technique. Image reproduced from
[21]

semantically meaningful signals, even when the exact pixel arrangements are ambigu-
ous. It is hypothesized that this approach preserves critical cues, such as the presence
of subtle pathological features, across multiple plausible variations. As such, reconstruc-
tion in abstract space offers a significant advantage in medical domains, where detecting
small, abnormal and localized patterns is essential for the many downstream tasks of
classification and diagnosis.

2.2 Related work

This section reviews prior work that informs the present study. First, it highlights recent
advances in visual foundation models for retinal imaging applications. Second, it sur-
veys previous deep learning approaches applied to FA, outlining key contributions, and
identifying existing gaps in the literature. To conclude, the chapter defines the central sci-
entific hypothesis that guides the experimental investigation presented in the subsequent
chapter.

2.2.1 RETFound

RETFound is a self-supervised learning-based foundation model, based on the ViT-Large
architecture, specifically developed for retinal imaging, designed to enable accurate and
label-efficient adaptation to a wide range of disease detection tasks [22]. It is trained
on 904,170 unlabeled CFP images leveraging the MAE strategy, which allows the model

20



Background and related work

to learn rich visual representations without requiring manual annotations. Prior to this
stage, RETFound benefits from pre-training on natural images (ImageNet-1k), creating
a robust initialization that enhances its learning on domain-specific retinal data. RET-
Found demonstrates superior generalizability and label efficiency compared to conven-
tional supervised pre-training methods such as those based on ImageNet-21k, achieving
consistently better results in the detection and prognosis of various sight-threatening
eye conditions. The model excels in identifying characteristic pathological features, such
as hemorrhages or hard exudates in diabetic retinopathy, by capturing structural and
color-based irregularities within the retina, as clearly shown in Fig. 2.6

Raw Masked Reconstructed

Figure 2.6: RETFound capability in reconstructing colour fundus photographs from
highly masked images in pretext task. Image reproduced from [22]

Notably, RETFound has been shown to outperform both contrastive learning methods
and supervised baselines on several ocular diasgnostic tasks, highlighting the strength of
MAE as a self-supervised objective in the medical imaging domain.

2.2.2 RETFound Green

RETFound Green is a compact and computationally efficient retinal foundation model de-
signed using the ViT-Small architecture and trained using the novel Token Reconstruction
objective [21]. This approach offers key advantages over models like RETFound, which
adopt the original MAE strategy and hyperparameters developed for general-purpose
computer vision tasks, an objective that, as discussed in Subsec. 2.1.2, differs significantly
from the requirements of retinal image modeling. Furthermore, while RETFound is ini-
tialized from a model pre-trained on ImageNet-1k using the standard MAE framework,
RETFound-Green benefits from a more robust initialization through prior pre-training
with DinoV2 on the large-scale LVD-142M natural image dataset.

This setup enabled RETFound Green to be trained on a comparatively smaller dataset
of only 75,000 retinal images, and achieving 68 statistically significant wins across a wide
range of downstream tasks for retinal disease diagnosis, far outperforming RETFound,
which recorded only 13. Additionally, RETFound Green requires approximately 400 times
less computational resources for training and results in a model that is 14 times smaller
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in size. This compact design facilitates faster inference, denser embeddings, and easier
storage and deployment, making it especially suitable for low-resource environments.

2.2.3 Prior DL works on FA

This subsection aims to provide a general overview of research efforts focused on auto-
mated inflammation detection in uveitis, highlighting the limited progress in this area,
primarily due to the challenges associated with collecting large annotated datasets for
such a rare condition.

Quantitative analysis of retinal vascular leakage

Keino et al. [23] developed a quantitative analysis tool for retinal vascular leakage,
a key biomarker for monitoring disease activity in posterior uveitis (Cite). Its main
contribution is the design of a deep learning system capable of segmenting vascular leakage
in ultrawide field fluorescein angiography (UWF FA) by comparing early and late-phase
images. The model is based on a U-Net architecture, trained for vessel segmentation using
the publicly available DRIVE and STARE datasets, which consist of standard 30° CFP
images. Since these datasets differ significantly in modality and field of view from UWF
FA, the authors applied pre-processing techniques to convert the color fundus images
into pseudo-FA grayscale images that emphasize vascular structures and simulate the
contrast characteristics of FA scans. This step was crucial for improving the model’s
generalization to FA data, despite not having any UWF FA examples during training.
In contrast, the test set comprised real UWF FA images from 82 patients with uveitis.
Nevertheless, the model produced promising results, showing a strong positive correlation
between the automatically detected leakage areas and clinical FA scores. Additionally, the
segmented leakage areas significantly decreased after treatment, closely mirroring clinical
improvements and reinforcing the model’s potential as a tool for objectively monitoring
treatment response in retinal vasculitis.

Another study of this kind was conducted by Young et al. [24], who trained a modi-
fied U-Net architecture to segment regions of vascular leakage in FA images. Unlike the
previously analyzed work, their approach relied on a real-world dataset of 200 FA images
collected from a uveitis biobank, with expert-annotated leakage areas used as ground
truth. Given the limited size of the dataset, the authors employed extensive data aug-
mentation techniques, including fixed-angle image rotations, window-based cropping, and
contrast enhancement through CLAHE. The model was evaluated on an independent test
set of 50 FA images, achieving a Dice Similarity Coefficient (DSC) of 0.563. Although
moderate, this performance exceeded the inter-rater agreement between clinicians, which
had a DSC of 0.483. These findings further support the potential of automated tools to
mitigate the variability and subjectivity inherent in clinical interpretation of FA.

Automatic Transformer-based Grading of Multiple Retinal Inflammatory Signs
on Fluorescein Angiography

To date, the only study that has focused on the automatic grading of retinal inflammation
severity in fluorescein angiography, while accounting for multiple inflammatory signs, is
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the work by Jimenez et al. [25]. A deep learning system was developed using the Swin
Transformer architecture, capable of automatically grading four key inflammatory signs
in the posterior pole: vascular leakage, capillary leakage, macular edema, and optic disc
hyperfluorescence. The model was trained on the largest FA dataset in uveitis at present,
comprising more than 40,000 images from 752 eyes of 543 patients. A Swin Transformer
backbone, pre-trained on ImageNet-21k, was fine-tuned for each inflammatory sign using
resized 384x384 FA images. The model, tested on 112 eyes, achieved high performance
across all tasks, with an average score across all signs of 1 — OCT = 0.87+0.02. Notably,
the automatic system outperformed inter-grader agreement in detecting vascular and
capillary leakage, and Grad-CAM visualizations confirmed the model’s focus on clinically
relevant regions.

The added value of this work lies in its demonstration of how transformer-based
models have the potential to grade retinal inflammation in real-world clinical settings.
By automating this task, the proposed system offers improved consistency, reliability,
and scalability in diagnosing uveitis-related inflammatory signs, thanks to the Vision
Transformer architecture’s ability to capture both global and subtle image context.

2.3 Defining the scientific hypotheses

This thesis, based on the work of Jimenez et al. and conducted within the same research
group, further develops the investigation of Transformer-based models in greater depth
and extends the analysis to multiple tasks and FA datasets, including the one used for
grading retinal inflammation.

Within this broader scope, the study is guided by three central scientific hypotheses:

e Hypothesis 1: On the Effectiveness of Retinal Foundation Models. If
pre-training on a related domain such as color fundus photography provides rele-
vant inductive biases for downstream retinal tasks, then retinal foundation models
such as RETFound and RETFound Green should outperform generic vision models
pretrained on natural images when fine-tuned on FA classification tasks.

e Hypothesis 2: On the Use of LoRA for Efficient Adaptation. If parameter-
efficient fine-tuning methods such as LoRA can preserve model performance while
updating only a small subset of parameters, then applying LoRA to vision models
will yield performance comparable to full fine-tuning, with significantly reduced
computational cost.

e Hypothesis 3: On the Role of Self-Supervised Learning for Cross-Domain
Adaptation. If SSL strategies such as Masked Autoencoder and Token Reconstruc-
tion enhance a model’s ability to learn transferable, domain-specific features, then
continual pre-training using these techniques should lead to improved generalization
on downstream FA classification tasks.

These hypotheses collectively frame the experimental investigation carried out in the
following chapters and serve to evaluate how foundation models can be optimally adapted
for clinically relevant applications in FA.
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Chapter 3

Methods

This chapter describes the experimental design used to investigate the scientific hypothe-
ses outlined previously. It first details the datasets used, including their clinical context,
labeling and acquisition protocols, and associated tasks. Next, it presents the evaluation
strategies used to comprehensively assess model performance, including the metrics and
statistical analysis tools applied. Finally, the chapter outlines the training procedures,
providing all necessary implementation details to ensure transparency and reproducibility
of the experiments.

3.1 Datasets

In the following section, detailed information will be provided regarding the datasets used
in this study and their corresponding tasks.

3.1.1 3rd Aptos Competition dataset

The 3rd Aptos Competition Dataset is the first publicly available angiographic dataset,
comprising over 50,000 images of both fluorescein angiography and indocyanine green
angiography (ICGA), all labeled by retinal specialists [26]. Originally published to accel-
erate the application of artificial intelligence in automatic report generation for angiogra-
phy images, the dataset covers 24 medical conditions and provides detailed descriptions
of the type, location, shape, size, and pattern of abnormal fluorescence. The dataset
was initially composed of 58,520 angiographic images from 1,711 patients (3,405 eyes)
collected at the Department of Ophthalmology, Rajavithi Hospital, Bangkok, Thailand.
After excluding 226 eyes with media opacity that prevented proper fundus visualization
for diagnosis, the final dataset consists of 55,361 images from 1,691 patients (3,179 eyes).
The dataset maintains an even distribution between left (50%) and right (50%) eyes.
Among the 3,179 eyes, 81.8% were examined in both FA and ICGA modes, 10.3% un-
derwent FA only, and the remaining 7.9% had ICGA only. Since angiographic imaging
methods are non-standardized and vary based on the specialist and patient, the number
of images per eye in this dataset ranges from a few to several hundred. Specifically, each
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eye has a median of 28 images with a minimum of 1 and a maximum of 286. A sin-
gle ophthalmologist with more than five years of clinical experience reviewed the images
for each patient. The images were labeled based on disease impressions and abnormal
fluorescence patterns, including:

o Fluorescence type (hyperfluorescence or hypofluorescence)
e Fluorescence location

— Depth direction (retinal/subretinal)

— X-direction (macula, disc, or other)

e Size of abnormal fluorescence

Special fluorescence patterns (e.g., polyps, ink dots)
e Vascular abnormalities due to diabetic retinopathy

Since the dataset was originally designed for a competition, the angiographic images
were pre-divided into training (labeled), validation (unlabeled), and test (private for final
evaluation) sets at the subject level with a 6:2:2 split. There was no patient overlap
among the different splits. As such, this work only had access to only the training and
validation sets.

The training set includes 33,559 images from 1,921 eyes. The most common im-
age resolution was 768x434 (90.9%), followed by 384x409 (5.1%), 384x434 (3.2%), and
512x306 (0.8%). Notably, images where the width is twice the height correspond to cases
captured in both FA and ICGA modes (91.7%). For all remaining images, the absence of
labels distinguishing between FA and ICGA modes made it impossible to identify their
origin. As a result, these images were excluded from further experiments, reducing the
dataset to 30,768 images from 1,877 eyes. To ensure that only FA images were retained, a
cropping operation was performed, Fig. 3.1, standardizing the final resolution to 384 x 384
(30,521 images) and 256x256 (247 images).

Crop
operation

Figure 3.1: Illustration of the crop operation applied to retain only the FA portion of the
dual-modality image. The white dashed box indicates the region extracted for subsequent
experiments, excluding the ICGA section.
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The validation set consists of 11,282 images from 630 eyes, with the following dis-
tribution of image resolutions: 768x434 (9,778 images, 86.7%), 384x409 (1,266 images,
11.2%), 384x434 (218 images, 1.9%), and 512x306 (20 images, 0.2%). The same consid-
erations applied to the training set were also applied here, resulting in a final set of 9,608
usable validation images.

Two tasks were selected from this dataset and are described next.

Classification of hyperfluorescence type

It is a multiclass classification problem. Hyperfluorescence is an increase in fluorescence
resulting from the increased transmission of normal fluorescence or an abnormal presence
of fluorescein at a given time in the angiogram [27]. There are four types [28]:

e Leakage hyperfluorescence refers to the extravasation of fluorescein dye from leaky
or incompetent blood vessels (Fig. 3.2), commonly seen in conditions such as neo-
vascularization, retinal vasculitis, vascular malformations, tumors, and disc edema.
This leakage occurs due to the rupture of the tight junctions between the vascular
endothelial cells of the retina (inner blood-retinal barrier) or the breakdown of those
between the epithelial cells of the retinal pigment (outer blood-retinal barrier). As
the test progresses, the leakage becomes increasingly diffuse, spreading from its
point of origin leading, in some cases, to late staining or pooling of dye;

Figure 3.2: Temporal progression of a leakage-labeled FA sample, shown from
early to late phases (left to right). The arrow highlights the initial point
of leakage, which progressively spreads, resulting in increased brightness and
diffuse hyperfluorescence in the later frame.

e Pooling hyperfluorescence refers to the accumulation of fluorescein dye within a
distinct anatomic space, such as the subretinal space or sub-RPE space, commonly
seen in pigment epithelial detachments due to a breakdown of the blood-retinal
barrier. As the dye fills the cavity, the hyperfluorescence gradually expands until it
reaches a fixed size (Fig. 3.3);

e Staining hyperfluorescence is characterized by the late accumulation of fluorescein
dye within certain tissues, causing a gradual increase in brightness while maintaining
a constant size (Fig. 3.4). Unlike other forms of hyperfluorescence, staining remains
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Figure 3.3: Temporal progression of a pooling-labeled FA sample, shown from
early to late phases (left to right). The arrow highlights the accumulation of
fluorescein dye within a specific area.

relatively mild and never appears intensely bright. It is a normal finding in the optic
disc and is also commonly seen in drusen and fibrosis;

Figure 3.4: Temporal progression of a staining-labeled FA sample, showing a
gradual growing in hyperfluorescence from early to late phases (left to right).

Window defect hyperfluorescence occurs when there is an absence or reduction
of pigmentation due to damage of the RPE, allowing increased visibility of the
underlying choroidal fluorescence. This transillumination effect appears early in
the angiogram, even before arterial filling, and remains static in both size and
brightness throughout the test (Fig. 3.5). The degree of hyperfluorescence can
vary depending on retinal pigmentation density, with greater transparency revealing
more background fluorescence from the choriocapillaris.

Due to the complexity of this task, five additional binary classification tasks were

derived, where each individual label serves as the positive class, while all the others are
treated as negative, namely no vs rest (indicating the absence of any hyperfluorescence,
i.e., a healthy eye), leakage vs rest, pooling vs rest, staining vs rest, window defect vs rest.
This approach highlights the difficulty of each specific label, providing deeper insights into
the model’s challenges in understanding and accurately classifying the different types of
hyperfluorescence.
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Figure 3.5: Temporal progression of a sample labeled with window defect
hyperfluorescence. Its visibility remains constant from early to late phases
(left to right).

Diagnosis of choroidal neovascularization

Choroidal neovascularization (CNV) is the growth of new blood vessels that originate from
the choroid through a break in the Bruch membrane into the sub-RPE or subretinal space
[29]. The choroid is the blood vessel-filled middle layer of the eye, which lies between the
sclera and the retina. These fragile vessels can leak fluid and blood, creating a blister-like
elevation in the retina, which disrupts its normally flat structure and immediately distorts
vision. Over days to months, the accumulated fluid can damage the retina, leading to
the loss of photoreceptor cells and resulting in progressive vision loss.

FA is a key diagnostic tool for CNV, allowing visualization of abnormal vessels in the
choroid. As the fluorescein dye moves through the blood vessels of the eye, it highlights
areas of CNV, helping to identify the location of leaking vessels in the retina.

This is a binary classification problem.

Label distributions

Table 3.1 presents the label distribution for the binary classification tasks derived from the
3rd Aptos competition dataset. The distribution for the hyperfluorescence type multiclass
classification task is not shown in a separate table, as it directly corresponds to the
positive class counts from each of the binary tasks (excluding CNV). This is because, as
already explained, the multiclass hyperfluorescence task serves as the source from which
these binary tasks were derived, with each class in the multiclass setup representing the
positive class in its respective one-vs-rest binary formulation.

no leakage staining pooling window defect CNV

eyes (%) eyes (%)  eyes (%)  eyes (%) eyes (%) eyes (%)
Positives 463 (24.7) 738 (39.3) 357 (19) 195 (10.4) 124 (6.6) 659 (35.1)
Negatives 1414 (75.3) 1139 (60.7) 1520 (81) 1682 (89.6) 1753 (93.4) 1218 (64.9)

Table 3.1: Label distribution of the binary classification tasks derived from the 3rd Aptos
competition dataset. Values are reported as number of eyes (percentages).
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3.1.2 HOJG dataset

The HOJG dataset includes 543 patients (248 male, 295 female), both with active uveitis
and those with resolved or no inflammation, with an average age of 48 £ 19 years, all
recruited from the Ocular Immune-Infectiology Department of Jules-Gonin Eye Hospital,
Lausanne, Switzerland. These patients were treated between 2018 and 2021 and un-
derwent FA using the Spectralis-Heidelberg device (Heidelberg Engineering, Heidelberg,
Germany).

Medical experts evaluated the image quality, excluding those deemed uninterpretable
or of low quality. Specifically, out of the 1,042 eyes examined, 88 were excluded due to
the unavailability of late-frame images, 53 due to poor image quality, 149 due to alter-
native diagnoses that could interfere with angiography interpretation, such as diabetic
retinopathy or vascular occlusions. The final population is composed by 752 eyes.

The FA exam followed a standardized protocol: images of the posterior pole were
captured using a 55-degree field of view at approximately 1, 2, 5, and 10 minutes after the
intravenous injection of fluorescein (10%, 5 ml) in both eyes. The final image resolution is
768 x 768 pixels. To optimize image quality, the photographer manually adjusted exposure
and gain settings, as these parameters play a crucial role in enhancing the visibility of
retinal structures. This adjustment was necessary due to variations in fluorescence levels
across patients and different stages of angiography.

All data were extracted in DICOM format from the Spectralis-Heidelberg angiograph
database. Data annotation was made through the Discovery® software by RetinAl, an
Image Management System (IMS) and Image Viewer for ophthalmology, which allows
the attachment of Electronic Case Report Forms (eCRF) to patient data. Finally, the
manual grading of uveitis in FA was performed using the ASUWOG-validated scoring
system [30] by a senior uveitis expert. Additionally, 112 eyes (the test set of split 1) were
independently annotated by three additional experts from different hospitals, each with
varying training backgrounds.

Classification of inflammatory signs

According to the ASUWOG scoring system, the fundus was divided into four quadrants
using a horizontal and a vertical line passing through the optic disc. The posterior pole
was defined as the area between the temporal vascular arcades. This dataset focuses on
four key inflammatory signs:

o Macular edema (5 classes). It refers to the accumulation of fluid and protein de-
posits on or beneath the macula, the central portion of the eye responsible for sharp,
detailed central vision. This buildup causes the macula to thicken and swell, a con-
dition known as edema, which can distort vision [31]. An example of this condition
is presented in Fig. 3.6

The labels in the dataset are as follow:

— None

— Faint fluorescence
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Figure 3.6: Late-phase FA showing macular edema, indicated by pooling of
dye at the site marked by the arrow.

— Incomplete ring
— Complete ring
— Pooling of dye
o Optic disc hyperfluorescence (4 classes). It denotes increased fluorescence at the

optic disc during FA, suggesting inflammation or leakage at the optic nerve head.
An example of this condition is presented in Fig. 3.7

Figure 3.7: Late-phase FA showing optic disc hyperfluorescence, with diffuse
staining highlighted by the arrow.

The labels in the dataset are as follow:

None

— Partial staining

Diffuse staining

Margin blurring
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o Retinal vascular staining and/or leakage (4 classes). It refers to the abnormal leak-
age of fluorescein dye from retinal blood vessels, indicating compromised vascular
integrity due to inflammation. An example of this condition is presented in Fig. 3.8

Figure 3.8: Late-phase FA showing showing multiple discrete areas of hyper-
fluorescence scattered along the retinal vasculature, as indicated by the arrows,
suggesting a multifocal vascular leakage.

The labels in the dataset are as follow:

— None

— Focal
Multifocal
— Diffuse

o Capillary leakage (3 classes). It involves the extravasation of fluorescein dye from
the retinal capillaries, indicative of microvascular damage. An example of this
condition is presented in Fig. 3.9

Figure 3.9: Late-phase FA showing showing localized areas of capillary leakage,
indicated by the arrows.
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The labels in the dataset are as follow:

— None
— Limited
— Diffuse

In the study population, the most common inflammatory sign was optic disc hyper-
fluorescence, observed in 305 eyes (40.5%), followed by macular edema (223 eyes, 29.6%),
vascular leakage (174 eyes, 23.1%), and capillary leakage (141 eyes, 18.7%). Table 3.2
shows the exact distribution of each label. Manual grading revealed that at least one
inflammatory sign was present in 49.2% of cases.

Total distribution

eyes (%)
Optic disc hyperfluorescence
None 447 (59.5)
Partial staining 99 (13.1)
Diffuse staining 155 (20.6)
Blurring of margins 51 (6.8)
Macular edema
None 529 (70.4)
Faint hyperfluorescence 67 (8.9)
Incomplete ring of leakage 47 (6.3)
Complete ring of hyperfluorescence 41 (5.4)
Pooling of dye into cystic spaces 68 (9.0)
Vascular leakage
None 578 (76.8)
Focal 72 (9.6)
Multifocal 54 (7.2)
Diffuse 48 (6.4)
Capillary leakage
None 611 (81.3)
Limited 93 (12.4)
Diffuse 48 (6.4)

Table 3.2: Distribution of inflammatory signs in the HOJG dataset. Values are reported
as number of eyes (percentages).

3.2 Evaluation strategies

To comprehensively evaluate the performance of the pre-trained models used in this study,
two evaluation techniques have been employed:
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1. Direct probing to assess model’s effectiveness as a feature extractor;

2. End-to-end fine-tuning to evaluate model’s full potential and best possible perfor-
mance.

3.2.1 Probing
Linear probing

Linear probing involves training a simple linear classifier, such as logistic regressor or a
single linear layer, on top of the frozen feature representations extracted by the pre-trained
model. The linear classifier’s parameters are randomly initialized, while the backbone
remains frozen, meaning its weights are not updated during training.

This approach is commonly used to assess the quality of deep feature representations.
Since the classifier is relatively simple, it cannot provide additional discrimination beyond
what is already present in the feature space. As a result, its performance is heavily
dependent on the quality of the extracted features, specifically measuring how linearly
separable they are for a given downstream task. The underlying assumption is that strong
representations should be linearly separable.

MLP probing

While linear probing has been widely used in recent years, it does not capture non-
linear structures in the feature space; that is one of the key strengths of deep learning.
To address this limitation, MLP probing extends linear probing by replacing the linear
classifier with a Multi-Layer Perceptron, which has greater complexity and can learn the
task more effectively.

This method helps determine whether the information required for the downstream
task is stored in a non-linear form within the model’s embeddings [32]. Analyzing the
performance difference between linear and MLP probing provides insights into the com-
plexity of the learned feature space. A high performance gap between the two indicates
that the model encodes information in a non-linear manner, which is not a weakness but
rather a different way of structuring knowledge.

3.2.2 End-to-end fine-tuning

In end-to-end fine-tuning, all layers of the model are updated using supervised learning
during training. According to previous studies [33], this approach typically yields the
best performance for medical imaging tasks and allows the measurement of the maximum
achievable performance for each pre-trained model.

In this study, two techniques to evaluate model fine-tuning are employed.

Full Fine-Tuning (FFT)

It is the standard approach, where all parameters of a pre-trained model are updated
during training. This method allows the model to fully adapt to the target task but
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requires significant computational resources and may risk overfitting, especially when
working with limited labeled data.

Parameter-Efficient Fine-Tuning (PEFT)

PEFT aims to preserve most of the pre-trained model’s structure by freezing the original
backbone and fine-tuning only a small subset of existing parameters or a newly introduced
set of layers, known as adapters. In this study, the PEFT method analyzed was LoRA,
which represents weight updates as the product of two low-rank matrices, significantly
reducing computational and memory requirements compared to FFT.

Fine-tuning foundation models for medical tasks presents a key challenge, as it requires
striking a delicate balance between specializing the model for the downstream task and
avoiding overfitting, given the limited availability of labeled samples. LoRA has the
potential to address both of these challenges. Additionally, the effectiveness of PEFT in
the medical domain remains underexplored, making its analysis a crucial aspect of this
study’s evaluation.

3.3 Evaluation metrics

In the medical field, evaluating diagnostic systems is crucial for ensuring the deployment
of high-quality solutions by assessing their reliability and effectiveness, particularly given
their context-sensitive nature.

In this study, the selected metrics provide a quantitative framework to assess model
performance from different perspectives and compare the various strategies used to adapt
foundation models.

This section presents a detailed discussion of the evaluation metrics, including their
mathematical formulation and interpretation.

3.3.1 ROC and AU-ROC

The Receiver Operating Characteristic (ROC) curve is a graphical representation of a
classifier’s performance across all possible decision thresholds [34].

Historically, ROC analysis originated in signal detection theory [35] and was later
extended to the visualization and analysis of diagnostic systems’ behaviour [36]. After
Spackman [37] first introduced the use of ROC curves in 1989 to evaluate and compare
different algorithms, their adoption in machine learning has grown significantly. This
increased use stems from the realization that simple accuracy can be misleading, partic-
ularly in imbalanced datasets, where a classifier predicting only the majority class can
still achieve high accuracy.

Mathematical formulation

In a binary classification problem each sample s has to be mapped to one of two class
labels: positive (p) or negative (n). A classification model (or classifier) is a function
f(s) that assigns a predicted class to each sample. Most classifiers produce a continuous
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output, such as a probability estimate, to which different decision thresholds can be
applied to determine class membership. Based on this threshold, four possible outcomes
arise:

o True Positive (TP): The instance is positive and correctly classified as positive.

o False Negative (FN): The instance is positive but classified as negative.

o True Negative (TN): The instance is negative and correctly classified as negative.
o False Positive (FP): The instance is negative but classified as positive.

Given a classifier and a test set, these outcomes can be organized into a confusion matrix,
which serves as the basis for many common performance metrics.

The ROC curve plots the True Positive Rate (TPR) (3.1), also known as recall, on
the y-axis, and the False Positive Rate (FPR) (3.2) on the x-axis.

TP
TPR=—— 1
R=Tpirn (3.1)
FP
FPR=———_ 2
R=rpirn (3:2)

Each point on the ROC curve corresponds to a different classification threshold.

Interpretation

A well-performing model will have a ROC curve that approaches the top-left corner of
the plot, indicating high TPR and low FPR. The Area Under the ROC Curve (AU-ROC
or AUC for simplicity) quantifies the overall performance of the model by measuring the
area beneath the ROC curve. Fig. 3.10 illustrates this concept. This metric ranges from
0 to 1, where:

e AUC = 1.0: Perfect classification.
o AUC = 0.5: No discriminative power (equivalent to random guessing).
o AUC < 0.5: Worse than random (indicating systematic misclassification).

Since the ROC curve evaluates performance across all possible thresholds, the AUC
provides a threshold-independent measure of classification effectiveness, making it partic-

ularly useful for comparing different models without being restricted to a single decision
threshold.

Multiclass ROC

ROC curves are commonly used in binary classification, where the TPR and FPR are
clearly defined, as showed previously. In multiclass classification, however, these metrics
can only be determined after binarizing the output. This can be achieved in two different
ways:

o One-vs-Rest scheme (OvR) compares each class against all the others;
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Figure 3.10: Hlustrative ROC curve highlighting the behavior of a well-performing model
(black) compared to an ideal model (green) and random guessing (red).

o One-vs-One scheme (OvO) compares every unique pairwise combination of classes.

After computing the individual AUCs with one of these strategies, there are multiple

ways to derive a single overall score. The macro-average AUC is obtained by averaging
the AUC scores of all classes, providing insight into the model’s performance across classes
regardless of their distribution. In contrast, the micro-average AUC accounts for class
imbalance by weighting the contribution of each class based on its proportion in the
dataset. As a result, the performance of larger classes has a greater impact on the final
score compared to smaller classes.
For all experiments, evaluation suing AUC with a OvR scheme and macro-averaging has
been chosen for multiclass problems [38]. This decision is based on the fact that class
imbalance is a significant challenge across all selected tasks in this study. By using the
OvR scheme and macro-averaging, the classifier is optimized to correctly recognize each
class rather than favoring the majority class. Since smaller classes are typically harder
to identify, this approach may lead to a slight trade-off in performance on larger classes,
but it ensures a more balanced evaluation across all categories.

3.3.2 IMCP and AU-IMCP

Although the ROC curve presents many interesting properties, it has two significant
shortcomings worth mentioning.

Firstly, it is designed for binary classification and does not inherently support multi-
class datasets. As seen in the previous susbection, various aggregation strategies, such
as OvR or OvO with macro or micro averaging, can be used to summarize classifier
performance across multiple classes. However, this approach does not fully capture the
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global performance of the classifier, and some information is inevitably lost when reducing
a multi-class problem to a dichotomy.

Secondly, the ROC curve provides only a relative measure of a model’s performance.
It evaluates how well a classifier distinguishes between positive and negative instances but
does not assess the accuracy or calibration of the predicted probabilities. In other words,
a classifier that appears strong based on its AUC metric only needs to generate scores
that effectively differentiate between classes, without considering the actual confidence
levels of its predictions.

To address these limitations, the Multiclass Classification Performance (MCP) curve
was recently introduced [39]. Unlike the ROC curve, MCP is not directly based on
the confusion matrix but instead leverages the probabilities of class assignment. A key
advantage of MCP is that it is independent of the number of classes in the dataset and
provides richer information by extending over the entire unit square. The MCP curve
distributes all instances within the range [0,1] on the X-axis. The Y-axis represents
the probability-based distance between the predicted class and the true class, offering a
more nuanced evaluation of classification performance. To further address the impact of
class imbalance, MCP has been extended into the Imbalanced Multiclass Classification
Performance (IMCP) curve [40], which adjusts for unequal class distributions, providing
a more balanced assessment of model performance across all classes.

Mathematical formulation

Let D = {s; | s = (z,y),x € X",y € Y,i = 1,2,...,n} be a dataset with n samples,
where each sample belongs to an m-dimensional feature space and has a corresponding
outcome y in the space ). In a multi-class classification problem Y = {1,2,..., K'}. The
construction of the IMCP curve goes through five steps:

Step 1. Evaluation of the classifier on the test set.

Step 2. Computation of the prediction probability and true probability matrices. The

true probability of a sample, denoted as ¢(s;), can be encoded as a K-dimensional
one-hot vector, where all values are 0 except for a 1 at position k. Basically the
true probability matrix is the binarization of the target label.
The prediction probability of a sample, denoted by p(s;), is also a K-dimensional
vector, where each value represents the classifier’s predicted probability of be-
longing to a class k € ). Since it is a probability distribution, the sum of all
values in the vector is 1.

Step 3. Computation of matrix M. This matrix contains two values for each sample:

e J; represents the width associated with each test sample s; depending on
its class distribution (3.3)

1

P
' K- |Dclass(si)|

(3.3)
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All these values are arranged in a column vector A, which corresponds
to the X-axis of the plot and ensures that the instances are evenly dis-
tributed along it according to their respective classes (examples from the
overrepresented class will have lower values).

e ; quantifies the distance between the prediction and the true probability
for each test sample. The authors of IMCP selected Hellinger distance,
a metric specifically designed for probability distributions, due to its fa-
vorable properties [41]. Let P = [p1,...,pk] and Q = [q1,...,qk] be two
discrete probability distributions, the Hellinger distance is defined as (3.4)

K

HPQ) = (Z (/55 — @)2) (3.4)

=1

In our case, the computed distance is H(p(s;),t(s;)), where a value close
to 0 indicates that the classifier is making a confident prediction, while
a value close to 1 suggests the contrary. This value provides interesting
insights in assessing classifier uncertainty, as correct predictions may still
have similar probability distributions.
Column &, associated with the Y-axis of the plot, contains all the values
Pi:

@i =1 —H(p(si), t(si)) (3.5)
Equation (3.5) can be interpreted as the probability that the classifier
correctly assigns the observed class label to the test sample s;.

Step 4. Calculation of X-axis and Y-axis values from the A and ® columns, respectively.
First, the M matrix is sorted in ascending order based on the ® column. Then,
the X-axis values are computed using (3.6), while the Y-axis values are extracted
from the newly ordered @' (3.7).

7 1—1
X=mi=5+) 0 (3.6)
j=1

Y =y = ¢ (3.7)

Step 5. Plot of the curve on the unit square and computation of Area Under IMCP (AU-
IMCP). The first (0, ¢1) and last point (0, ¢y,) retain the first and last values of
the ®' column.

Interpretation

The IMCP curve offers valuable insight regarding the interpretability and explainability
of predictive models:

o Correct classification threshold (n): The Hellinger distance can be expressed in
terms of the symmetric Bhattacharyya coefficient (BC'), where BC'(P, Q) = Z]K:1 Dil;
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and H(P,Q) = +/1— BC(P,Q). If BC > /0.5, the predicted class corresponds to

the true class. As a consequence, if p > 1 —n=1—1/1—1+/0.5 = 0.459, the test
sample will be correctly classified, although the reverse is not necessarily true.

o Incorrect classification threshold (6): The threshold for a correct prediction in a

K-class classification problem is 6 = — \/% Therefore, ¢ < 1 — 6 means that

the corresponding test sample will not be correctly classified.

e Uncertainty: The classification results, whether correct or incorrect, depend on the
values of ¢. However, there is an uncertainty interval [1 — 6,1 — 7] where all class
prediction probabilities remain below 0.5. In this range, the difference between the
highest and second highest probabilities may be very small.

An example plot from the original paper is shown in Fig. 3.11
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Figure 3.11: IMCP curve highlighting the different regions of confidence for two specific
classes in the tumor dataset. Image reproduce from [40]

These thresholds retain a significant importance, especially in clinical settings, as
they define the model’s confidence landscape and provide valuable information into the
certainty of its predictions for the analyzed dataset.

3.3.3 Fl-score
The Fl-score is a widely used performance metric in classification tasks that combines
precision and recall through their harmonic mean, ensuring that both contribute equally.
Mathematical formulation
Mathematically, it is defined as (3.8)
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Precision - Recall

F1=2 (3.8)

" Precision + Recall

where precision (3.9) measures the proportion of correctly predicted positive instances
among all positive predictions, and recall (3.1) quantifies the proportion of actual positive
instances correctly identified by the model.

TP
P )Ston = ———— .
recision TP FP (3.9)

Interpretation

The F1l-score provides a more informative evaluation of model performance by emphasiz-
ing the trade-off between these two metrics. A classifier that prioritizes precision is more
strict in labeling instances as positive, which reduces recall by increasing false negatives.
Conversely, a classifier that maximizes recall aims to capture as many positive cases as
possible, often at the cost of misclassifying some borderline negative samples as positive,
thereby reducing precision.

This trade-off makes the F1-score particularly valuable in scenarios where rare classes
are of particular interest, like the one analyzed in this study.

Multiclass F1l-score

In multi-class classification, the Fl-score is computed using the OvR approach, where
the harmonic mean between precision and recall is calculated separately for each class,
treating it as positive while considering all other classes as negative. The macro-averaging
technique is then used to obtain a single overall score. In this way all classes contribute
equally, regardless of their frequency in the dataset, giving an idea of the general perfor-
mance of the model.

3.4 Statistical analysis

In machine learning, statistical tests are often used to compare models and determine
whether observed differences in their performance are statistically significant or simply
due to random variation [42].

To do this, a null hypothesis Hy is formulated, stating that there is no real difference
between the models’ performances. A test statistic Z, which follows a known probability
distribution under Hy, is then defined, and the p-value is computed. The p-value quantifies
the probability of obtaining a difference at least as extreme as the observed one under
the assumption that Hy is true. If the p-value is lower than a predefined significance level
a (e.g., 0.05), the null hypothesis can be rejected.

In this context, a Type I error refers to the incorrect conclusion that one model is
superior when no true difference exists, while a Type II error refers to the failure to detect
an actual difference between models. By setting «, the probability of making a Type I
error is controlled, ensuring that conclusions are based on robust statistical evidence
rather than random variation.
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3.4.1 Wilcoxon signed-rank test

Given the nature and size of the datasets analyzed, the Wilcoron signed-rank test has
been chosen as the appropriate statistical method. This test serves as a non-parametric
alternative to the paired Student’s t-test and is particularly useful when the sample
size is small or when the assumption of normality in the differences between the paired
observations does not hold, as is the case in this study, because it only requires it to be
symmetrically distributed around a central value.

To compare Model A and Model B, one performs k-fold cross-validation, generating
k performance scores for each model. The test then assesses whether the differences in
these scores (A; — B;) are statistically significant, helping to determine whether one model
consistently outperforms the other. The hypotheses are defined as follows.

o Null hypothesis (Hp): The observations A; — B; are symmetric about p = 0.
This means no difference between the two models.

o Alternative hypothesis (H;): the distribution underlying A; — B; is stochasti-
cally greater than a distribution symmetric about zero. This means that Model A
performs significantly better than Model B.

The chosen significance level for « in the following experiments is set to 0.05, ensuring
a 95% confidence level in the statistical significance of the observed results.

3.5 Training details

This section outlines the essential details and information necessary to understand the
training process.

3.5.1 K-fold cross-validation

Cross-validation is a widely used validation technique in machine learning for assessing
how well a model will generalize to an independent dataset [43]. It involves dividing
the available data into K multiple folds, where, in each iteration, one fold is used for
testing while the remaining ones are used for training. The results from each iteration
are then averaged to provide a more reliable estimate of the model’s performance. This
approach not only helps evaluating the quality of the fitted model and the stability of its
hyperparameters but also flags potential issues like overfitting.

The data were partitioned for each split into training, validation, and test sets using a
75%-15%-15% ratio. Given the class imbalance present in most tasks, a stratified random
splitting approach was applied across 5 different seeds to balance the representation of
each label. To prevent potential biases, both eyes from the same patient were always
assigned to the same subset. Consequently, the reported results int this study represent
the mean and standard deviation of the evaluation metric computed across the 5 test
sets.
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3.5.2 Data selection and preprocessing
Data selection

Since classification is performed per eye, regardless of the number of available images,
and the analyzed models can process only one image at a time, only the last frame is used
for analysis. This decision is based on the fact that all selected tasks contain relevant
information in the late frame across both the HOJG and Aptos datasets, as already
outlined in Sec. 3.1. Specifically, for the HOJG dataset, the last 55-degree angle frame
captured between 5 and 15 minutes is selected to ensure temporal relevance [25]. In
contrast, for the Aptos dataset, where temporality is not explicitly encoded beyond the
numerical order of saved images, the last available image for each eye is selected.

Preprocessing

Only two preprocessing strategies were applied to the data. First, images were resized
to match the model’s required input size using the Resize() method with BICUBIC
interpolation, following the approach recommended by the authors of the original retinal
foundation models. Secondly, the grayscale images (FA) were converted into an RGB
format by replicating the single channel on the other ones using the RGB() method [44].

3.5.3 Model’s checkpoint

It is often argued in the literature that the Area Under the Precision-Recall Curve (AU-
PR) is preferable to the AU-ROC for evaluating models on imbalanced datasets. However,
recent research by McDermott et al. [45] challenges this claim, providing both theoretical
and empirical evidence that AU-ROC remains robust to class imbalance. Their findings
also highlight that selecting models based on AU-PR can introduce disparities across
different subpopulations, suggesting that AU-ROC may be more suitable for domains
like healthcare, where fairness and equity are critical.

Following this interpretation, the best model checkpoint used one the test set for each
task was selected based on the highest AUC score achieved on the validation set. Addi-
tionally, a minor hyperparameter tuning was performed in each fine-tuning experiment to
optimize performance. This tuning was carried out heuristically by manually inspecting
the loss curves, without the use of any automated tools or libraries. As such, the reported
evaluation is intended to reflect the best achievable performance in terms of AUC based
on empirical observation.

3.5.4 The problem of class imbalance

As discussed in Sec. 3.1, class imbalance is a significant challenge affecting most tasks
across both datasets. In this study, depending on the task, one of the following strategies
was employed to address it.

e Weighted Loss: higher weights were assigned to minority classes, increasing their
contribution to the loss function. There are several methods for determining class
weights; in this work, they were computed using the compute_class_weight ()
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function from the scikit-learn library [46]. This method adjusts the weights propor-
tionally to the total number of samples in each class, ensuring consistency across
datasets of different sizes.

« Data Augmentation: This technique artificially increases the size and diversity
of the training dataset by applying random transformations to existing data. It
tipically offers several benefits, including improved model generalization, increased
robustness to variations in the data, and a reduction in overfitting. Additionally,
when combined with an oversampling technique, data augmentation can help miti-
gate class imbalance by reducing distribution skew.

In recent years, powerful augmentation techniques like CutMix [47] and AugMix
[48] have been developed to enhance model performance. However, in the med-
ical imaging domain, these transformations can introduce strong variations that
may alter the semantic meaning of images [49]. Unlike in general computer vision,
where the focus is often on objects, medical imaging primarily relies on detect-
ing the presence or absence of pathological abnormalities within organs or tissues.
Many of these abnormalities are characterized by subtle and localized visual cues,
which can become ambiguous or even obscured by aggressive augmentations, po-
tentially compromising diagnostic accuracy. In light of these challenges, the trans-
formations used in this study were carefully selected from a subset identified in a
previous study that analyzed the most suitable augmentations for color fundus im-
ages [50]. To ensure compatibility with grayscale images, only transformations
that did not rely on colored inputs were considered. As a result, the chosen
augmentations include RandomHorizontalFlip(), RandomVerticalFlip, scaling
(RandomAffine (degrees=0, scale=(0.8, 1.2))), and RandomRotation() between
-25 and 25 degrees [51].

3.5.5 Probing architectures and hyperparameters

’ ‘ Linear Probing ‘ MLP Probing
training epochs 500 500
learning rate (Ir) 6e-5 5e-6
optimizer SGD (momentum=0.9) Adam
weight decay 5e-2 5e-3
loss weighted version weighted version
batch size 64 32
hidden size / 728
dropout probability / 0.3
layer initialization trunc_normal () kaiming uniform()

Table 3.3: Hyperparameters for linear and MLP probing

Linear probing was performed using a simple torch.nn.Linear() layer, where the
input size corresponds to the embedding dimension of the model being probed, and the
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output size matches the number of classes in the downstream task. MLP probing, on
the other hand, was implemented using a two-layer architecture with a ReLU activation
function in between and a dropout layer for regularization.

No data augmentation was applied. As is common practice when training a standard
linear classifier, to normalize the input, similarly, normalizing the pre-trained features
(StandardScaler () [52]) proved beneficial when probing.

Since the goal of probing is to analyze how models encode information, the same set of
hyperparameters, showed in Table 3.3, was applied across all tasks. These hyperparam-
eters were selected based on a series of tuning experiments conducted using the Optuna
library [53] across various tasks.

Specifically, Binary Cross-Entropy was used for binary classification tasks, while
Weighted Cross-Entropy was applied for multiclass problems.
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Chapter 4

Experiments and results

This chapter presents and analyzes the results obtained throughout the development of
the thesis. First, the initial results from the baseline models are reported to establish a
performance reference. The evaluation then focuses the two retinal foundation models,
RETFound and RETFoundGreen, to determine whether they provide improvements over
their respective baselines. Additionally, an extra pretraining step on FA images is intro-
duced for both models to investigate the impact of self-supervised learning techniques on
cross-domain adaptation from color fundus to fluorescein angiography. Finally, a broader
comparison of the models, incorporating these adaptation techniques, is conducted to
highlight their differences and overall effectiveness.

4.1 Vision Transformer Large

The first model analyzed in this study is the ViT-Large, a Vision Transformer with 303
million parameters. It is a BERT-like transformer encoder pre-trained on the ImageNet-
21K dataset in a supervised manner at a resolution of 224 x 224 pixels. ImageNet-21K is a
large-scale dataset designed to support advanced research in image classification, contain-
ing 14,197,122 images across 21,841 classes, making it one of the most extensive datasets
available for training deep learning models [54]. The dataset encompasses a diverse range
of natural images, covering various subjects from animals to everyday objects, enhancing
the model’s ability to generalize across different classes.

4.1.1 Probing results

Table 4.1 presents the performance of representations obtained from ViT-Large under a
linear probing evaluation on the 3rd Aptos Competition dataset. As already explained in
Sec. 3.2, this evaluation involves training a linear classifier on top of the frozen backbone’s
output. The classifier consists of a fully connected layer with an output size that matches
the number of classes in the downstream task. Since the backbone remains frozen, the
classifier’s performance primarily reflects the quality of the representations learned during
the pre-training.
Table 4.2 shows the results of the linear probing for the HOJG dataset.
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no leakage pooling staining  window defect HyperF

CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.88£0.02 0.93+0.02 0.84£0.02 0.714+0.04 0.70=£0.03 0.68 £ 0.05 0.78 £0.02
F1 0.74£0.03 0.724+0.02 0.72£0.04 0.284+0.05 0.41+£0.03 0.18 £0.02 0.43 £0.01

AU(IMCP) 0.65+0.01 0.68+0.02 0.60+0.01 0.524+0.02 0.51+0.01 0.51 £0.01 0.36 £0.01

Table 4.1: ViT-Large linear probing evaluation on the 3rd Aptos competition dataset.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.89 £0.03 0.86 +0.04 0.85+0.03 0.83 £0.03
F1 0.59£0.03 0.48 +£0.06 0.52+0.04 0.46 £ 0.03
AU(IMCP) 0.54+£0.03 0.43+0.03 0.45+0.02 0.39 £0.03

Table 4.2: ViT-Large linear probing evaluation on the HOJG dataset.

To draw clear and meaningful conclusions about the quality of ViT-Large’s represen-
tations, it is essential to compare the results obtained from linear probing with those
from MLP probing, shown in the Tables 4.3 and 4.4.

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.88£0.02 0.93+0.02 0.84£0.03 0.724+0.05 0.70=£0.03 0.64 £ 0.03 0.78 £0.02
F1 0.75£0.03 0.78+0.03 0.70£0.05 0.314+0.03 0.39+0.04 0.13 £0.07 0.45 £0.03

AU(IMCP) 0.67+£0.01 0.74+0.02 0.62+0.01 0.52+0.03 0.52+0.02 0.51 £0.01 0.37 £0.01

Table 4.3: ViT-Large MLP probing evaluation on the 3rd Aptos competition dataset.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.924+0.03 0.90 4+ 0.03 0.88 £ 0.02 0.87 +0.03
F1 0.724+0.04 0.60 4+ 0.09 0.56 + 0.07 0.52 +0.05
AU(IMCP) 0.63+£0.06 0.5440.01 0.48 +£0.03 0.44+0.01

Table 4.4: ViT-Large MLP probing evaluation on the HOJG dataset.

The first noticeable trend in the probing results is that some tasks are more chal-
lenging than others. In particular, the classification of pooling, staining, and window
defect appears to be the most difficult, as indicated by lower AUC and F1 scores. This is
likely due to the low representation of these classes in the dataset, with their respective
proportions being 10.4%, 18.9%, and 6.7%.

A comparison between linear and MLP probing results for the Aptos dataset reveals
that AUC remains unchanged. The fact that an MLP, despite being more expressive
than a simple linear layer, does not significantly improve AUC suggests that the features
extracted by the ViT-Large backbone are already highly informative for distinguishing
between classes. The slight improvement in F1 scores across all tasks in MLP probing,
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except for window defect vs rest, is due to refined predictions, leading to a better balance
between precision and recall. This is further supported by the higher AU(IMCP) values,
indicating improved separability of the decision boundaries. The different behavior ob-
served in the window defect vs rest task is likely due to the extremely small number of
positive samples in the dataset (only 128 out of 1877 eyes). With such limited data, the
model struggles to learn a generalizable decision boundary, leading to overfitting, even in
a relatively simple classifier like the MLP.

Unlike the observations on the Aptos dataset, MLP probing shows a consistent im-
provement across all metrics and tasks in the HOJG dataset. This suggests that the
representation on these data contains nonlinear structures that require a more complex
classifier to be fully leveraged.

4.1.2 FFT results

This training technique fully adapts the model to the downstream task. The goal of
full fine-tuning is to determine whether the pre-trained weights of ViT-Large, obtained
through supervised training on ImageNet-21K, serve as a good initializer for FA-related
tasks.

no leakage pooling
CNV vs rest vs rest vs rest
training epochs 50 50 50 50
learning rate (Ir) 5e-6 2e-6 5e-6 3e-6
scheduler (min Ir) None None None None
loss weighted | weighted | weighted | weighted
BinaryCE | BinaryCE | BinaryCE | BinaryCE
augmentations Yes Yes Yes Yes
oversampling No No No No
staining | window defect HyperF
vs rest vs rest Type
training epochs 50 30 30
learning rate (Ir) 2e-6 8e-6 le-5
scheduler (min Ir) None Warr?;fg)osme Warrzlgg)g)osme
loss weighted BinaryCE weighted
BinaryCE CrossEntropy
augmentations Yes Yes Yes
oversampling No Yes No

Table 4.5: FFT ViT-Large hyperparameters for the 3rd Aptos competition’s tasks.

Given the diverse nature and varying difficulty levels of each task, a task-specific set
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of hyperparameters was chosen, each heuristically tuned to achieve the best possible per-
formance, as anticipated in Subsec. 3.5.3. Instead of using a single fixed configuration
across all tasks, this approach allows for better adaptation to the unique challenges pre-
sented by each classification problem. The Tables 4.5 and 4.6 provide an overview of the
selected hyperparameter configurations for each task, corresponding to the HOJG and
aptos datasets, respectively. The AdamW optimizer, with a weight decay of 0.05, a batch
size of 32, and a drop path rate of 0.1, were kept the same for all tasks and are therefore
omitted from the tables for brevity.

capillary vascular optic disk macular
leakage leakage hyperfluorescence edema
training epochs 30 30 30 30
learning rate (Ir) 9e-7 le-6 3e-6 1.5e-6
scheduler (min Ir) Warr(ngg);osme None Warr?;el-)SC)osme None
loss weighted CrossEntropy CrossEntropy CrossEntropy
CrossEntropy
augmentations Yes Yes Yes Yes
oversampling No Yes Yes Yes

Table 4.6: FFT ViT-Large hyperparameters for the HOJG’s tasks.

The results presented in Tables 4.7 and 4.8 confirm the varying levels of difficulty
among the analyzed tasks. Specifically, when refining the entire model’s weights, the
performance improvements over MLP probing appear to follow a consistent trend: the
more complex tasks benefit the most from full fine-tuning. For instance, in the Aptos
dataset, tasks such as pooling show a notable increase (4+0.05 in AUC and +0.07 in F1),
along with staining (+0.05 in AUC and 40.07 in F1) and window defect (+0.13 in AUC
and +0.12 in F1).

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.90+0.01 0.95+0.01 0.87+£0.03 0.77+0.05 0.74+£0.03 0.77£0.05 0.81 £0.02
F1 0.77+0.02 0.82+0.03 0.74+£0.04 0.38+0.05 0.43+0.03 0.25+0.04 0.46 +£0.04

AU(IMCP) 0.67+£0.01 0.65+0.03 0.60+£0.04 0.54+0.05 0.51+0.02 0.54 +£0.02 0.38 £0.02

Table 4.7: Full fine-tuning of ViT-Large on the 3rd Aptos competition dataset.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.92+£0.02 0.91+0.02 0.91 £0.01 0.94 £0.01
F1 0.69 £0.08 0.634+0.03 0.59 + 0.06 0.59 £0.04
AU(IMCP) 0.59+0.02 0.56+0.01 0.54 +0.02 0.52 +0.03

Table 4.8: Full fine-tuning of ViT-Large on the HOJG dataset.

Similarly, in the HOJG dataset, the most substantial improvements are observed
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in the scoring of optic disk hyperfluorescence (+0.03 in AUC and +0.03 in F1) and
macular edema (+0.07 in AUC and +0.07 in F1), which were the tasks reaching the
lower performances between the four.

4.1.3 PEFT results with LoRA

Although full fine-tuning provides a significant performance boost, it comes with several
challenges that must be carefully considered. First, its efficiency and computational de-
mand are heavily influenced by the model size: larger models require more computational
resources and data, making the process potentially costly and inefficient. Additionally, a
meticulous hyperparameter tuning is essential, as suboptimal settings can lead to poor
generalization or unstable training dynamics. In fact, these models are inherently de-
signed to leverage large datasets, and when applied to low-data regimes, such as the one
analyzed in this study, they become highly prone to overfitting.

no leakage pooling
CNV vs rest | vs rest vs rest
Ir le-4 le-5 le-5 8e-5
weight decay le-4 5e-2 5e-2 2e-4
scheduler (min Ir) Warn(a;?g)osme None None Warr?gg)g)osme
batch size 64 32 32 16
r (train. params) 32 (1%) 32 (1%) | 64 (2%) 64 (2%)
dropout 0.1 0.1 0.1 0.1
staining window defect | HyperF
vs rest vs rest Type
Ir 6e-5 2e-6 3e-5
weight decay 5e-1 5e-2 le-4
scheduler (min Ir) WarmupCosine None None
(5e-6)
batch size 64 32 32
r (train. params) 64 (2%) 64 (2%) 64 (2%)
dropout 0.1 None 0.15

Table 4.9: LoRA hyperparameters for the ViT-Large on the 3rd Aptos competition’s
tasks. The percentage in brackets next to the rank indicates the proportion of trainable
parameters relative to the full model.

To address these challenges, adapters offer an effective solution through parameter-
efficient fine-tuning. Adapters are lightweight architectures inserted at specific points
within the large pre-trained model, allowing for task-specific adaptation without mod-
ifying the original model’s weights. During fine-tuning, the pre-trained model remains
frozen, and only the adapter parameters are updated. This approach has several key
advantages: it significantly reduces computational and storage costs, as only a small
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subset of parameters is trained, and it makes the process faster and less keen to overfit.
Additionally, since the core model weights remain unchanged, adapters help preserve pre-
viously learned knowledge, mitigating the risk of catastrophic forgetting while enabling
efficient adaptation to new tasks.

The adapter employed in this study is LoRA, Low-Rank Adaptation, which freezes the
pre-trained model weights and injects trainable rank decomposition matrices into each
attention layer of the Transformer architecture, greatly reducing the number of trainable
parameters for downstream tasks.

In this study, different configurations were explored to optimize performance across
tasks. Tables 4.9 and 4.10 provide a detailed overview of the LoRA hyperparameters
used, including rank (r), scaling factor («), and dropout rate. For each task, the model
was trained for 20 epochs with the Adam W optimizer.

capillary vascular optic disk macular
leakage leakage | hyperfluorescence | edema
Ir 3e-6 3e-6 2e-6 2e-6
weight decay 5e-2 5e-4 5e-2 5e-2
scheduler (min Ir) WarmupCosine None None None
(5e-8)
batch size 32 32 32 32
r (train. params) 128 (4%) 128 (4%) 128 (4%) 128 (4%)
dropout 0.1 0.1 0.1 0.1

Table 4.10: LoRA hyperparameters for the ViT-Large on the HOJG’s tasks. The per-
centage in brackets next to the rank indicates the proportion of trainable parameters
relative to the full model.

The rank (r) determines the dimensionality of the low-rank decomposition used to
approximate weight updates during fine-tuning. It controls the adapter’s flexibility in
modifying the pre-trained model’s parameters while keeping the number of trainable
parameters low. Typically, low-rank values (from 4 to 32) are preferred, not only because
they significantly reduce the number of trainable parameters but also because higher
ranks tend to saturate performance improvements. This limitation was later addressed
through rank-stabilized initialization (rslora) [55], which was consistently applied in all
the following experiments.

The scaling factor («) regulates the influence of fine-tuning updates on the model.
Empirical studies have shown that setting o = 2r improves results, particularly for higher
rank values, and is also theoretically well-motivated [56]. For this reason, this parame-
terization is adopted across all tasks.

Finally, dropout is applied within the LoRA adapter layer to prevent overfitting, es-
pecially in low-data scenarios.

The results presented in the tables, where the relative change in performance compared
to FFT is shown in brackets, suggest that the discriminative power of the model remains
unchanged despite the significantly lower number of trainable parameters. Across tasks,
AUC and F1 remain largely stable, with slight variations. Notably, capillary and vascular
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leakage show statistically significant improvements. Conversely, the scoring of macular
edema experiences a decline in AUC and AU(IMCP), making the model trained through
LoRA statistically worse for that condition. However, when analyzing AU(IMCP), LoRA
appears to provide a significant boost, resulting in a model that is overall more confi-
dent and reliable across almost all tasks. In particular, this improvement is statistically
significant in three (no wvs rest, staining vs rest, HyperF Type) out of the eleven tasks
analyzed.

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.90£0.01 0.96+0.01 0.87£0.03 0.754+0.07 0.73£0.03 0.78 £0.02 0.82 £0.02
(=) (+0.01) (=) (-0.02) (-0.01) (-+0.01) (++0.01)
Fi 0.77£0.02 0.8240.02 0.74£0.05 0.36+0.06 0.43+£0.06 0.21 £0.05 0.46 £ 0.05
(=) =) ) (-0.02) ) (-0.04) )
|4 =4 =4
AU(IMCP) 0.69£0.04 0.73+£0.02 0.64£0.01 0.55+0.05 0.55£0.03 0.53 £0.02 0.40 £ 0.02

(+0.02) (40.08) (40.04) (40.01) (40.04) (-0.01) (+0.02)

Table 4.11: PEFT (LoRA) of ViT-Large on the 3rd Aptos competition dataset. Between
brackets, the relative change in performance compared to FFT. If the number in brackets
is underlined, the change is statistically significant.

capillary  vascular optic disk macular
leakage leakage  hyperfluorescence edema
AUC 0.93+0.01 0.934+0.03 0.914+0.01 0.92 +0.01
(+0.01) (+0.02) (-) (-0.02)
Fi 0.70 £ 0.08 0.66 &+ 0.08 0.57 £ 0.03 0.57 +=0.05
(+0.01) (+0.03) (-0.02) (-0.01)
0.64 =0.03 0.59 +0.04 0.53 £ 0.02 0.48 +0.02
AU(IMCP) (+0.05) (+0.03) (-0.01) (-0.04)

Table 4.12: PEFT (LoRA) of ViT-Large on the HOJG dataset. Between brackets, the
relative change in performance compared to FFT. If the number in brackets is underlined,
the change is statistically significant.

4.2 Vision Transformer Small

The Vision Transformer (ViT)-Small is a compact variant (22.1 milion parameters) of
the Transformer architecture analyzed in the previous chapter. In this study, ViT-Small
serves as the baseline model for RETFound Green. It has been pre-trained on the LVD-
142M dataset, which consists of 142 million natural images curated from various datasets.
The pretraining was conducted using the self-supervised learning method DINOv2 [57].
This technique has been shown to produce high-performance visual features that can be
directly utilized with simple classifiers across various computer vision tasks, even without
fine-tuning. Its success stems from the refinement of existing self-supervised learning
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approaches, combining multiple strategies to scale pre-training efficiently in terms of
data volume and model size. In particular, the ViT-Small was obtained through a self-
distillation approach to transfer knowledge from the larger model ViT-Giant (ViT-G),
enabling the smaller model to inherit the performance advantages of the larger one,
resulting in efficient training and deployment without compromising accuracy.

To ensure a fair comparison between models, the same input size as ViT-Large, and
consequently RETFound, was used, specifically 224 x224 pixels.

4.2.1 Probing results

Despite the proven effectiveness of features extracted from DINOv2-pretrained models in
linear probing evaluations, the results in Tables 4.13 and 4.14 indicate an overall lower
performance compared to ViT-Large. For instance, in simpler tasks such as no vs other
and CNV diagnosis, performance remains comparable between the two models. However,
for most other tasks, ViT-Small consistently lags behind, with performance differences of
approximately 0.02 to 0.03 in AUC across nearly all cases.

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.87£0.01 0.93+0.02 0.82+£0.02 0.67+0.03 0.67+0.03 0.70 £ 0.02 0.76 £ 0.02
F1 0.73+£0.02 0.73+£0.03 0.72+0.01 0.25+0.04 0.37+0.02 0.21 £0.02 0.41 £0.02

AU(IMCP) 0.63+£0.00 0.67+0.01 0.58+0.01 0.50+0.02 0.504+0.02 0.51 £0.02 0.34 £0.01

Table 4.13: ViT-Small linear probing evaluation on the 3rd Aptos competition dataset.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.91£0.02 0.84+0.04 0.84 £0.01 0.80 £ 0.03
F1 0.57£0.08 0.424+0.02 0.48 £0.01 0.42 £0.03
AU(IMCP) 0.52+£0.09 0.41+0.04 0.42+0.03 0.37 £0.01

Table 4.14: ViT-Small linear probing evaluation on the HOJG dataset.

Once again, by comparing the results of linear probing and MLP probing, as shown in
Tables 4.15 and 4.16, it is possible to confirm the same trend observed with ViT-Large.
Specifically, the only tasks that show improvement are those from the HOJG dataset,
suggesting that these tasks exhibit more complex patterns in the latent space. This
complexity likely requires the feature interactions enabled by the greater depth of the
MLP, even though it consists of only a single layer.

4.2.2 FFT results

Before analyzing the results, the Tables 4.17 and 4.18 provide an overview of the hyper-
parameters used for each task. As in previous experiments, the Adam W optimizer with
a weight decay of 5e-2 and a drop path rate of 0.1 (to mitigate overfitting) was used con-
sistently across all tasks, except for capillary leakage, where a lower weight decay (5e-3)

52



Experiments and results

no leakage pooling staining  window defect HyperF

CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.87£0.02 0.93+0.02 0.83£0.02 0.67+0.04 0.69=+0.03 0.69 £+ 0.04 0.77 £0.02
F1 0.74£0.03 0.77+£0.03 0.72£0.03 0.26+0.04 0.40=£0.04 0.19 £0.05 0.44 £0.03
AU(IMCP) 0.65+0.02 0.74+0.02 0.60+0.02 0.51+0.03 0.52+0.01 0.52 £0.02 0.36 £ 0.01

Table 4.15: ViT-Small MLP probing evaluation on the 3rd Aptos competition dataset.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.94 £0.01 0.874+0.03 0.87 £+ 0.02 0.85+0.03
F1 0.68 £0.03 0.54+0.07 0.53 £0.05 0.46 = 0.05
AU(IMCP) 0.62+0.04 0.4840.03 0.48 £0.03 0.41 £0.02

Table 4.16: ViT-Small MLP probing evaluation on the HOJG dataset.

proved to be more effective.

capillary vascular optic disk macular
leakage leakage hyperfluorescence edema
training epochs 30 30 30 30
Ir 2e-6 Te-6 5e-6 5e-6
scheduler (min Ir) None None warmupCosine None
(5e-8)
batch size 16 64 32 64
loss weighted CrossEntropy CrossEntropy CrossEntropy
CrossEntropy
augmentations Yes Yes Yes Yes
oversampling No Yes Yes Yes

Table 4.17: FFT ViT-Small hyperparameters for the HOJG’s tasks.

A noteworthy aspect of ViT-Small is that, thanks to its smaller size, it was significantly
faster to train, making its study more manageable. In contrast, training ViT-Large took
approximately 1 minute 15 seconds to 1 minute 45 seconds per epoch, whereas ViT-Small
completed an entire epoch in just 10-30 seconds. These estimates, while purely qualitative
and specific to the dataset sizes used in this study, are important to highlight, especially
when considering computational resources, which are often limited in clinical settings.

The results of FFT on ViT-Small, as shown in Tables 4.19 and 4.20, reveal a substan-
tial improvement compared to the less promising performance observed in the probing
evaluations, bringing it on par with ViT-Large. In some cases, it even demonstrates a
slightly higher discriminative power, as reflected in the AUC scores, particularly in tasks
related to the classification of inflammatory signs (+0.03 for capillary leakage, +0.02 for
vascular leakage and +0.01 for macular edema). Interestingly, the only task in this cate-
gory (optic disk hyperfluorescence) that does not show improvement in AUC still exhibits
a lower standard deviation and a higher F1 score with respect to the results obtained on
the ViT-Large, suggesting greater precision in the model’s predictions.
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no leakage pooling
CNV vs rest vs rest vs rest
training epochs 50 50 50 50
Ilr 2e-6 le-5 5e-6 4e-6
scheduler (min Ir) None Warrgle?g)osme Warrzl;}?g)osme None
batch size 128 128 128 128
loss weighted weighted weighted weighted
BinaryCE BinaryCE BinaryCE BinaryCE
augmentations Yes Yes Yes Yes
oversampling No No No No
staining window defect Hyperf
vs rest vs rest Type
training epochs 50 30 50
Ir 5e-6 5e-6 5e-6
scheduler (min Ir) WarmupCosine None None
(5e-8)
batch size 64 32 128
weighted BinaryCE weighted
loss .
BinaryCE CrossEntropy
augmentations Yes Yes Yes
oversampling No Yes No

Table 4.18: FFT ViT-Small hyperparameters for the 3rd Aptos competition’s tasks.

An even more remarkable finding is the consistent advantage of ViT-Small in AU(IMCP)
across all tasks. This indicates that ViT-Small is more reliable and confident in its pre-
dictions compared to its larger counterpart, further reinforcing its effectiveness despite

its smaller size.

no leakage pooling staining  window defect HyperF

CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.89 £0.02 0.95+0.02 0.87£0.02 0.76+0.04 0.74+£0.03 0.80 £ 0.03 0.83 £0.02
F1 0.75£0.02 0.83+0.02 0.75£0.04 0.37+0.05 0.41+0.04 0.31 £0.08 0.50 £0.02

AU(IMCP) 0.71+£0.01 0.79+£0.01 0.66+0.02 0.57+0.02 0.56 +0.02

0.61 £0.02 0.42 £0.01

Table 4.19: Full fine-tuning of ViT-Small on the 3rd Aptos competition dataset.

4.2.3 PEFT results with LoRA

Although LoRA was originally designed for large models, its application to smaller models
provides the same key advantages for which it was developed. This subsection examines
the response of the ViT-Small to PEFT using LoRA. The hyperparameters used for these
experiments are presented in Tables 4.21 and 4.22. The considerations and decisions
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capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.95+0.01 0.93 +0.02 0.91 +0.00 0.95+0.01
F1 0.70£0.06 0.63+0.01 0.61 £ 0.03 0.64 £0.05
AU(IMCP) 0.65+0.03 0.59+0.04 0.53 £0.01 0.54 £0.05

Table 4.20: Full fine-tuning of ViT-Small on the HOJG dataset.

regarding rank stabilization and the choice of « for ViT-Large also apply to its smaller
variant.

no leakage pooling
CNV vs rest vs rest vs rest
lr 9e-6 2e-5 4e-5 le-5
weight decay oe-2 le-2 oe-2 le-2
scheduler (min Ir) None WarmupCosine None None
(5e-8)
batch size 128 64 128 64
r (train. params) | 32 (2.67%) 32 (2.67%) 32 (2.67%) | 64 (5.18%)
dropout 0.1 0.1 0.1 0.1
drop path - - 0.1 0.1
staining | window defect | HyperF
Vs rest vs rest Type
Ir 5e-5 le-b Se-6
weight decay He-2 He-2 le-2
scheduler (min Ir) Nome Nome Nome
batch size 128 64 128
r (train. params) | 64 (5.18%) 64 (5.18%) 64 (5.18%)
dropout 0.1 0.1 0.1
drop path 0.1 - -

Table 4.21: LoRA hyperparameters for the ViT-Small on the 3rd Aptos competition’s
tasks. The percentage in brackets next to the rank indicates the proportion of trainable
parameters relative to the full model.

Once again, LoRA proves its effectiveness, as the results presented in the Tables 4.23
and 4.24 show that the model’s performance remains comparable to FFT.

In fact, there is only one statistically significant decrease in AUC, which affects the
optic disk hyperfluorescence task. However, unlike what was observed for ViT-Large,
there is a consistent decline in model confidence, as indicated by the lower AU(IMCP)
values across almost all tasks, with four of them being statistically significant. This
could suggest that smaller models are more vulnerable to LoRA, leading to less certain
predictions compared to their larger counterparts.
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capillary vascular optic disk macular
leakage leakage hyperfluorescence edema
Ir 9e-7 le-5 2e-6 le-5
weight decay oe-3 He-2 5e-2 oe-2
scheduler (min Ir) None WarmupCosine None None
(5e-8)
batch size 16 64 64 64
r (train. params) | 128 (9.8%) 128 (9.8%) 128 (9.8%) 128 (9.8%)
dropout 0.1 0.1 0.1 0.1
drop path - 0.1 - -

Table 4.22: LoRA hyperparameters for the ViT-Small on the HOJG’s tasks. The per-
centage in brackets next to the rank indicates the proportion of trainable parameters
relative to the full model.

no leakage pooling staining  window defect HyperF

CNV vs rest vs rest vs rest vs rest vs rest Type

AUC 0.89 £0.02 0.95+0.01 0.87£0.02 0.76+0.03 0.75+£0.02 0.80 £ 0.04 0.82 £0.02
-) -) -) -) (+0.01) -) (-0.01)

P 0.76 £0.02 0.82+0.03 0.75£0.03 0.33+0.03 0.47+£0.03 0.23 £0.08 0.49 £0.02
(40.01) (-0.01) (—) (-0.04) (40.06) (-0.08) (-0.01)

=4 =4 =4
AU(IMCP) 0.67£0.01 0.76+0.01 0.66£0.02 0.56+0.01 0.57£0.02 0.57 £0.03 0.40 £0.01

(0.04)  (0.03) () (0.01)  (10.01) (0.04) (0.02)

Table 4.23: PEFT (LoRA) of ViT-Small on the 3rd Aptos competition dataset. Between
brackets, the relative change in performance compared to FFT. If the number in brackets
is underlined, the change is statistically significant.

capillary  vascular optic disk macular
leakage leakage  hyperfluorescence edema
AUC 0.94 £0.02 0.934+0.02 0.90 + 0.00 0.94 £+ 0.02
(-0.01) (-) (-0.01) (-0.01)
Fi 0.69+0.05 0.63 +0.08 0.60 £ 0.02 0.62 £ 0.06
(-0.01) (-) (-0.01) (-0.02)
0.62£0.03 0.53+0.04 0.49 £ 0.02 0.54 £0.05
AUIMCP) 503y (-0.06) (:0.04) (=)

Table 4.24: PEFT (LoRA) of ViT-Small on the HOJG dataset. Between brackets, the
relative change in performance compared to FFT. If the number in brackets is underlined,
the change is statistically significant.

4.3 RETFound

RETFound is the first foundation model for retinal images analyzed in this study. It is
trained in a self-supervised manner on approximately 1 million unlabeled retinal images,
specifically color fundus photography (CFP). The choice of CFP is driven by the nature

56



Experiments and results

of self-supervised learning, which relies on large amounts of unlabeled data to develop
general-purpose feature representations. Since CFP is one of the most widely used imag-
ing techniques in ophthalmology, these retinal images are routinely collected in clinical
practice, making them an ideal dataset for large-scale self-supervised pretraining. RET-
Found was developed using an advanced SSL approach, specifically a masked autoencoder
(MAE), applied in two sequential stages:

1. SSL pre-training on natural images from ImageNet-1k, ensuring broad feature ex-
traction capabilities.

2. Domain-specific pre-training on retinal images, using data from the private Moor-
fields Diabetic Image Dataset (MEH-MIDAS) and publicly available datasets, to-
taling 904,170 CFPs.

The schematics illustrating this process are shown in Fig. 4.1, where the previously ana-
lyzed baseline of the model is included for clarity.

[ ViT Large }

FFT on ImageNet-21K  MAE on ImageNet-1K
(14M natural images) (~1.4M natural images)

.
v

MAE on ~1M Color
Fundus images

Figure 4.1: Schematic tree illustrating the steps leading to RETFound and its baseline.
Each step includes the training method used, the dataset on which it was performed, and
its corresponding size.

RETFound has demonstrated consistently superior performance and label efficiency in
the diagnosis and prognosis of sight-threatening eye diseases on CFP images, outperform-
ing state-of-the-art competing models, including its baseline model (named ViT-Large in
this study), which was pre-trained on ImageNet-21k using traditional transfer learning.
This advantage arises from the MAE pretext task, which enabled the model to learn
retina-specific contextual features, including anatomical structures and disease lesions.
As visual evidence of this capability, Fig. 4.2 illustrates how RETFound successfully re-
constructs major anatomical structures, such as the optic nerve and large vessels on FA,
even though it was pretrained on CFP. Remarkably, it achieves this despite 75% of the
retinal image being masked.
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original masked

original masked

Figure 4.2: Reconstructed fluorescein angiography from highly masked images in pretext
task using original RETFound weights.

reconstruction

reconstruction + visible

4.3.1 Probing results

The probing results of RETFound’s extracted features are shown in Tables 4.25 and 4.26
for the linear evaluation and in Tables 4.27 and 4.28 for the MLP.

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.86+0.02 0.914+0.02 0.81+0.02 0.68+0.04 0.63+0.03 0.63 +£0.07 0.73 £ 0.02
F1 0.724+0.02 0.714+£0.03 0.69+0.03 0.26+0.03 0.35+0.02 0.154+0.02 0.38 +£0.03

AU(IMCP) 0.62+0.01 0.66+0.01 0.56+0.02 0.51+0.01 0.49+0.01 0.49 £0.02 0.33 £0.01

Table 4.25: RETFound linear probing evaluation on the 3rd Aptos competition dataset.

If pre-training on a more related domain, such as CFP, provided a real advantage
over natural images, the extracted features in RETFound would be expected to demon-
strate greater discriminative power already at the linear probing stage. However, the
results do not seem to support this hypothesis. The linear evaluation suggests that the
features extracted, presumably capturing retinal structural information, do not appear
to be particularly informative for FA-related tasks. This is an unexpected finding, and a
more detailed comparison of all models will be conducted later in the chapter to further
investigate these observations.

As observed in ViT-Large, only a small subset of tasks benefit from the non-linear
interactions introduced by the MLP. Specifically, improvements are seen in window defect
recognition and optic disk hyperfluorescence (+0.03 AUC for both), as well as in macular
edema classification (+0.04 AUC). However, the overall improvement is limited and less
significant compared to what was observed in ViT-Large. This is likely due to the lower
quality of the extracted features, which reduces the effectiveness of the MLP.
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capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.90 +0.01 0.814+0.04 0.80 +0.03 0.82+0.03
F1 0.57£0.03 0.45+0.06 0.46 £ 0.02 0.46 £ 0.03
AU(IMCP) 0.54+0.01 0.4240.04 0.42+0.03 0.39 £0.03

Table 4.26: RETFound linear probing evaluation on the HOJG dataset.

no leakage pooling staining  window defect HyperF

CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.86 £0.01 0.914+0.02 0.82£0.02 0.694+0.03 0.63+0.03 0.66 £+ 0.08 0.74 £0.02
F1 0.72+£0.02 0.73+£0.02 0.68+0.04 0.23+0.09 0.34+0.04 0.11 £0.04 0.40 £0.02

AU(IMCP) 0.64+0.01 0.70+0.01 0.58+0.02 0.52+0.02 0.49 £ 0.02 0.52+£0.03 0.34 £0.01

Table 4.27: RETFound MLP probing evaluation on the 3rd Aptos competition dataset.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.91£0.01 0.824+0.04 0.83 £0.02 0.86 £ 0.02
F1 0.65+£0.03 0.49 +0.07 0.46 £ 0.04 0.44 £ 0.06
AU(IMCP) 0.60+0.02 0.46 +0.05 0.44 +£0.03 0.42+0.03

Table 4.28: RETFound MLP probing evaluation on the HOJG dataset.

4.3.2 FFT results

For the full fine-tuning of RETFound, the hyperparameter selection was initially based
on the settings suggested by the original authors of the model. As part of this process,
the layer decay parameter was introduced. Layer-Wise Learning Rate Decay (LLRD) is
a technique in which different layers of a neural network are assigned different learning
rates during training based on their depth. A common formula is the one displayed in
Eq. (4.1)

ni = 1o X Oé(maacidepth—i) (41)

where « is a number between 0 and 1, 7g is the base learning rate and 7; indicates the
scaled Ir assigned to the i-th layer. This means that shallower layers (closer to the input)
receive smaller learning rates, while deeper layers (closer to the output) are updated with
larger ones. The reasoning behind this approach is that earlier layers tend to capture
generic and transferable features from the original pre-training, while deeper layers are
more task-specific. Applying large updates to the earlier layers could disrupt these useful
features, so they are updated more conservatively. Although the full impact of LLRD
was not extensively explored in this study, it showed some effectiveness in improving
performance for the HyperF Type classification, where the layer decay was set to 0.75.
All remaining hyperparameters are presented in Tables 4.29 and 4.30.
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leakage pooling
CNV vs rest vs rest vs rest
training epochs 50 50 50
Ir 8e-6 oe-6 5e-6 oe-5
scheduler (min Ir) None None None None
batch size 32 64 64
loss weighted | weighted | weighted | weighted
BinaryCE | BinaryCE | BinaryCE | BinaryCE
augmentations Yes Yes Yes Yes
oversampling No No No
staining window defect Hyperf
vs rest vs rest Type
training epochs 50 30 30
Ir le-5 le-b 3e-5
scheduler (min Ir) Warr?gg)g)osme Warr?gle;_)gosme Warrzlltg_)g)omne
batch size 32 32 32
loss weighted BinaryCE weighted
BinaryCE CrossEntropy
augmentations Yes Yes Yes
oversampling No Yes No

Table 4.29: FFT RETFound hyperparameters for the 3rd Aptos competition’s tasks.

capillary vascular optic disk macular
leakage leakage hyperfluorescence edema
training epochs 30 30 30 30
Ir 3e-6 le-5 3e-6 8e-6
scheduler (min Ir) None warmupCosine None None
(5e-8)
batch size 32 32 16 32
loss weighted CrossEntropy weighted CrossEntropy
CrossEntropy CrossEntropy
augmentations Yes Yes Yes Yes
oversampling No Yes No Yes

Table 4.30: FFT RETFound hyperparameters for the HOJG’s tasks.

The results of FFT on the Aptos dataset presented in the Table 4.31 show a gen-
eral improvement in performance compared to the MLP probing, with the most notable
gains observed in the more complex tasks, such as pooling, staining, and HyperEF Type.
These tasks show an AUC increase of +0.04, +0.08, and 40.05, respectively, along with
improvements in Fl-score, suggesting a better balance between precision and recall.
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no leakage pooling staining  window defect HyperF

CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.88£0.01 0.93+0.02 0.84£0.02 0.73+0.02 0.71+£0.02 0.68 £ 0.05 0.79 £0.01
F1 0.75£0.02 0.78+0.04 0.72£0.02 0.284+0.04 0.42+0.02 0.19+£0.04 0.44 £ 0.03

AU(IMCP) 0.64+0.02 0.71+£0.06 0.62+0.01 0.58+0.03 0.53 +0.02 0.51 £0.02 0.39 £0.02

Table 4.31: Full fine-tuning of RETFound on the 3rd Aptos competition dataset.

A significant performance boost is also observed in the Table 4.32 for the HOJG
dataset, where the wascular leakage, optic disk hyperfluorescence and macular edema
classification tasks achieve an AUC improvement of at least +0.05. However, the cap-
illary leakage task performs slightly worse, with a decrease of 0.01 in both AUC and
F1-score. This decline is likely due to training instability, possibly caused by suboptimal
hyperparameter selection, as indicated by the higher standard deviation values.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.90 £0.04 0.874+0.04 0.89 + 0.02 0.93 +£0.02
F1 0.64 £0.05 0.52+0.05 0.54 £ 0.03 0.58 £ 0.06
AU(IMCP) 0.56 +0.08 0.49+0.04 0.49 £ 0.02 0.52 £0.04

Table 4.32: Full fine-tuning of RETFound on the HOJG dataset.

Finally, the higher AU(IMCP) values suggest that the model’s predictions are more
reliable and confident.

4.3.3 PEFT results with LoRA

The hyperparameters for this set of experiments are shown in Tables 4.33 and 4.34.

The results shown in Tables 4.35 and 4.36 indicate that LoRA, once again, does not
lead to significant changes in the model’s discriminative power, with AUC and F1 score
fluctuations mostly around +0.01. Even in cases where a larger difference is observed,
such as in staining vs rest, the change is not statistically significant. The most noticeable
impact of LoRA is on model confidence. In fact, AU(IMCP) decreases in a majority of
tasks, with the decline being statistically relevant in 4 out of 11 cases.

4.3.4 SSL results

The core reason driving this experiment is to investigate whether an additional SSL pre-
training step can adapt a foundation model to a more specific medical imaging modality.
Specifically, the experiment aims to verify whether applying an extra round of Masked
Autoencoding on fluorescein angiography images can enhance the ability of RETFound,
originally pre-trained on color fundus photography, to learn FA-specific features.

This idea is rooted in the concept of Hierarchical Pretraining (HPT), which suggests
that progressively pre-training on datasets increasingly similar to the target domain leads
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no leakage pooling
CNV vs rest | vs rest vs rest
Ir le-4 8e-5 8e-5 8e-5
weight decay le-4 le-4 le-4 2e-4
scheduler (min Ir) Warl?gg_)gC)osme None None WarrzlgggC)osme
batch size 64 64 64 16
r (train. params) 32 (1%) 32 (1%) | 32 (1%) 64 (2%)
dropout 0.1 0.1 0.1 0.1
staining window defect | HyperF
vs rest vs rest Type
Ir 6e-5 Se-4 5e-5
weight decay Se-1 5e-4 He-2
scheduler (min Ir) WarmupCosine | WarmupCosine None
(5e-6) (5e-6)
batch size 64 64 32
r (train. params) 64 (2%) 64 (2%) 64 (2%)
dropout 0.1 0.1 0.1

Table 4.33: LoRA hyperparameters for RETFound on the 3rd Aptos competition’s tasks.
The percentage in brackets next to the rank indicates the proportion of trainable param-
eters relative to the full model.

capillary vascular optic disk macular
leakage leakage hyperfluorescence | edema
Ir 4e-5 4e-5 4e-b 2e-5
weight decay 5e-1 He-1 He-1 He-2
scheduler (min Ir) Warrzlltg_)g)osme Warrzllucf_)g)osme Warr?llg_)g)osme None
batch size 64 64 64 32
r (train. params) 128 (4%) 128 (4%) 128 (4%) 128 (4%)
dropout 0.1 0.1 0.1 0.1

Table 4.34: LoRA hyperparameters for RETFound on the HOJG’s tasks. The percentage
in brackets next to the rank indicates the proportion of trainable parameters relative to
the full model.

to improved downstream performance [58]. HPT typically involves an initial domain-
general pre-training (e.g., ImageNet-1K), followed by domain-specific (specialist) pre-
training, and finally, an optional target-specific pre-training.

A major challenge in applying this strategy to FA imaging is the limited availability
of large-scale datasets and computational resources in clinical settings. This experiment
therefore explores whether pretraining on a closely related domain (CFP) can reduce the
need for extensive in-domain data. The aim is to determine if a lightweight SSL step
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no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type

AUC 0.87£0.02 0.944+0.01 0.84£0.02 0.73+0.03 0.68=+0.02 0.70 £ 0.06 0.78 £0.02
(-0.01) (4+0.01) (=) (—-) (-0.03) (4+0.02) (-0.01)

b 0.73£0.03 0.79+0.02 0.72+£0.04 0.31+0.04 0.39+£0.03 0.15£0.10 0.42 +£0.03
(-0.02) (4+0.01) (-) (4+0.03) (-0.03) (-0.04) (-0.02)

AU(IMCP) 0.64£0.02 0.744+0.03 0.62+£0.02 0.544+0.02 0.52+0.02 0.54 £0.05 0.36 £0.01

(=) (40.03) (=) (-0.04) (-0.01) (+0.03) (-0.03)

Table 4.35: PEFT (LoRA) of RETFound on the 3rd Aptos competition dataset. Between
brackets, the relative change in performance compared to FFT. If the number in brackets
is underlined, the change is statistically significant.

capillary  vascular optic disk macular
leakage leakage  hyperfluorescence edema

AUC 0.91£0.02 0.86+0.04 0.88 £0.01 0.93 £0.02
(+0.01) (-0.01) (-) (-0.01)

e 0.63+£0.06 0.524+0.04 0.53 +0.04 0.56 £ 0.04
(-0.01) (-) (-0.01) (-0.02)

0.51+0.04 0.424+0.03 0.43 +£0.02 0.51 +0.02
AUIMCP) = 005y (0.07) (-0.06) (:0.01)

Table 4.36: PEFT (LoRA) of RETFound on the HOJG dataset. Between brackets, the
relative change in performance compared to FFT. If the number in brackets is underlined,
the change is statistically significant.

on a relatively small set of FA images can still yield effective adaptation and improved
downstream task performance, leveraging the prior knowledge already captured from the
retinal domain.

For this experiment, the set of unlabeled images from the 3rd Aptos competition
dataset was used, comprising a total of 9,608 FA images. To better illustrate the full
pretraining process, the diagram shown in the previous section was expanded, Fig. 4.3,
to include the additional SSL pretraining step on FA images.

The decoder architecture and weights used are those provided in the official GitHub
repository of the original paper. The same hyperparameters suggested in the paper were
adopted, including a mask ratio of 75%. The model was trained for a total of 150 epochs
and the checkpoint corresponding to the lowest validation loss was saved. The loss curves
are shown in Fig. 4.4.

Fig. 4.5 shows the same images previously used to visualize reconstruction quality,
now used to highlight improvements after the additional pre-training step.

Linear probing results

As a first step, the effectiveness of the technique is evaluated through a linear probing
analysis, with the goal of assessing whether the feature representations in the latent space
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FFT on ImageNet-21K MAE on ImageNet-1K
(14M natural images) (~1.4M natural images)
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Aptos Competition dataset)

v
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RETFound-FA

Figure 4.3: Schematic tree illustrating the extra-step leading to RETFound-FA.

have become more linearly separable after the additional pre-training step. The results
shown in Tables 4.37 and 4.38 suggest that the model has learned more effective and
discriminative features for the Aptos tasks. However, at this stage, there is no clear
evidence that the new representations are of overall higher quality, as the performance
boost is not consistently observed across the HOJG dataset.

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type

AUC 0.87+0.02 0.924+0.02 0.82+0.02 0.67+0.02 0.66=+0.03 0.67+0.01 0.76 £ 0.01
(+0.01) (+0.01) (+0.01) (+0.01) (-+0.03) (+0.04) (+0.03)

P 0.73+£0.02 0.724+0.02 0.71+0.03 0.254+0.01 0.3840.02 0.18 £0.01 0.42 £ 0.02
(+0.01) (+0.01) (+0.02) (-0.01) (+0.03) (+0.03) (+0.04)

AU(IMCP) 0.63+0.01 0.67+0.01 0.58+0.02 0.50+0.02 0.4940.02 0.49 £+ 0.01 0.34 £0.01

(+0.01) (+0.01) (+0.02) (+0.01) (=) (-) (+0.01)

Table 4.37: Linear probing analysis of RETFound-FA on the 3rd Aptos competition
dataset. Between brackets, the relative change in performance compared to original
RETFound linear evaluation.
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Figure 4.4: Loss curve of the MAE training on the unlabeled subset of 9,608 FA images
from the 3rd Aptos competition dataset. Red lines indicate the top 5 checkpoints with
the lowest validation loss during training

original masked reconstruction reconstruction + visible

original masked reconstruction reconstruction + visible

Figure 4.5: Reconstructed fluorescein angiography from highly masked images in pretext
task after an extra round of Masked Autoencoding on FA images.

FFT results

FFT serves as a critical benchmark to determine if the adaptation introduced through SSL
effectively improves downstream performance on FA-related tasks. In order to maintain a
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capillary  vascular optic disk macular
leakage leakage  hyperfluorescence edema

AUC 0.88+0.02 0.84 +0.04 0.81 +£0.02 0.82+0.03

(-0.02) (4+0.03) (4+0.01) (=)

Fi 0.54 £0.04 0.45+0.05 0.42 £ 0.04 0.43 £0.05
(-0.03) (-) (-0.04) (-0.03)

0.52£0.01 0.414+0.03 0.41+£0.02 0.38 £0.03
AU(IMCP) (-0.02) (-0.01) (-0.01) (-0.01)

Table 4.38: Linear probing analysis of RETFound-FA on the HOJG dataset. Between
brackets, the relative change in performance compared to original RETFound linear eval-
uation.

fair comparison with the original RETFound, the same set of fine-tuning hyperparameters
was initially used. However, given that the additional SSL pre-training may alter the
model’s learning dynamics, a light hyperparameter tuning was applied where needed. No
changes were applied to the hyperparameters for the HOJG dataset; therefore, reference
can be made to the table presented in Subsec. 4.3.2. Conversely, for the Aptos tasks, some
minor modifications were necessary, Table 4.39 report the final set of hyperparameters
used for each of them.

The final results, presented in Tables 4.40 and 4.41, suggest that the additional self-
supervised pre-training step enabled the model to learn generalizable features specific to
fluorescein angiography. While the improvements on the Aptos dataset are notable, they
should be interpreted with caution, as the pre-training and evaluation data share the same
source and distribution from the same dataset, acquired with the same imaging device,
and reflecting the same population. However, the consistent performance gains observed
in the classification of inflammatory signs, which come from a distinct dataset, provide
stronger evidence of the effectiveness of SSL in adapting RETFound to FA-specific tasks.

4.4 RETFound Green

Following the success of RETFound, researchers in the ophthalmology and Al communi-
ties began to further explore the development of scalable, efficient models for this domain.
One of the first extensions was DERETFound, which leveraged generative Al and expert
clinical insights to produce approximately one million synthetic retinal images from only
16.7% of the real-world color fundus photography data originally used in RETFound [59].
While these efforts marked an important advancement in data efficiency, both these mod-
els still required considerable computational resources to train, limiting their accessibility
and practical deployment in resource-constrained environments.

To address this, RETFound-Green was introduced as a lightweight, eco-friendly al-
ternative. Trained with a novel SSL technique, called Token Reconstruction, on just
75,000 publicly available CFP images, RETFound-Green reduced the compute demand
by a factor of 400, significantly lowering the barrier to entry for research and clinical use.
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no leakage pooling
CNV* vs rest vs rest vs rest
training epochs 50 50 50 50
Ir le-5 5e-6 5e-6 5e-5
scheduler (min iIr) WarmupCosine None None None
(1e-7)
batch size 32 64 64 64
loss weighted weighted | weighted | weighted
BinaryCE BinaryCE | BinaryCE | BinaryCE
augmentations Yes Yes Yes Yes
oversampling No No No No
staining window defect Hyperf
vs rest* vs rest Type*
training epochs 50 30 30
Ir le-b le-5 3e-5
scheduler (min Ir) Warr?lue[_)%osme Wanz;ue}?SC)osme Warn(n;el_)SC)osme
batch size 32 32 32
loss weighted BinaryCE weighted
BinaryCE CrossEntropy
augmentations Yes Yes Yes
oversampling No Yes No

Table 4.39: FFT RETFound-FA hyperparameters for the 3rd Aptos competition’s tasks.
An asterisk (*) indicates tasks for which the hyperparameters differ from those used for
the original RETFound.

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type

AUC 0.88+0.02 0.94+0.01 0.85+0.02 0.76+0.03 0.73 +0.02 0.71 +£0.06 0.80 £ 0.02
(=) (40.01) (+0.01) (40.03) (+0.02) (+0.01) (+0.01)

i 0.75£0.03 0.80+0.02 0.73£0.04 0.30+0.04 0.44+£0.03 0.18 £0.03 0.45 £ 0.06
(=) (40.02) (+0.01) (40.02) (+0.02) (+0.03) (+0.01)

0.65+£0.02 0.72+£0.03 0.64+0.01 0.62+0.04 0.54+0.02 0.51 +£0.03 0.40 £ 0.02
AU(IMCP) (+0.01) (40.01) (+0.02) (40.04) (+0.01) (-0.03) (+0.01)

Table 4.40: FFT of RETFound-FA on the 3rd Aptos competition dataset. Between

brackets, the relative change in performance compared to original FFT of RETFound.

What sets this model apart is that, despite its efficiency, it does not systematically under-
perform when compared to its larger counterparts. In fact, RETFound-Green achieves
strong downstream performance while also being faster and lightweight.

The model is built on the ViT-Small architecture, which was previously analyzed in
Sec. 4.2. As with RETFound, a schematic diagram summarizing the pre-training steps
and design choices leading to RETFound Green is presented in Fig. 4.6, offering a clear
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capillary  vascular optic disk macular
leakage leakage  hyperfluorescence edema
AUC 0.92+0.02 0.884+0.03 0.90 +0.02 0.93 +0.02
(4+0.02) (+0.01) (4+0.01) (=)
Fi 0.65+=0.05 0.56 +0.04 0.57 £0.04 0.58 = 0.05
(+0.01) (+0.04) (+0.03) (-)
AU(IMCP) 0.62£0.02 0.524+0.04 0.51 £0.01 0.55 +0.05

(40.06) (+0.03) (+0.02) (+0.03)

Table 4.41: FFT of RETFound-FA on the HOJG dataset. Between brackets, the relative
change in performance compared to original FFT of RETFound.

‘ ViT Small ’

DinoV2 on LVD-142M
(142M natural images)

Token Reconstruction on
75K Color Fundus images

v

RETFound Green

Figure 4.6: Schematic tree illustrating the steps leading to RETFound Green and its
baseline.

overview of the pipeline behind this compact yet capable foundation model.

4.4.1 Probing results

The linear probing results shown in Table 4.42 and 4.43 exhibit a different trend compared
to what was observed between RETFound and its baseline.

In this case, there is no clear winner between the two models, as most tasks show com-
parable performance. RETFound Green achieves slightly better results on tasks such as
leakage vs rest, staining vs rest, and HyperF Type, while the baseline performs marginally
better on capillary and vascular leakage classification. This is further supported by the
MLP probing results presented in Tables 4.44 and 4.45, which show overall performance
comparable to that of the ViT-Small.
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no leakage pooling staining  window defect HyperF

CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.87£0.02 0.93+0.02 0.84£0.01 0.67+0.04 0.68=£0.03 0.70 £ 0.02 0.77 £0.02
F1 0.73£0.03 0.73+£0.03 0.74£0.02 0.284+0.04 0.40=£0.03 0.17 £ 0.02 0.43 £0.01

AU(IMCP) 0.63+0.01 0.66+0.03 0.60+0.01 0.51+0.02 0.51+0.01 0.51 £0.02 0.35+0.01

Table 4.42: RETFound Green linear probing evaluation on the 3rd Aptos competition
dataset.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.90 +0.02 0.814+0.01 0.84 +£0.02 0.80 + 0.03
F1 0.59£0.07 0.41 £0.02 0.49+0.04 0.39 £0.05
AU(IMCP) 0.53+0.05 0.37+0.04 0.42+0.03 0.37£0.02

Table 4.43: RETFound Green linear probing evaluation on the HOJG dataset.

no leakage pooling staining  window defect HyperF

CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.87£0.02 0.93+0.02 0.84£0.01 0.694+0.04 0.68=+0.04 0.71 £0.02 0.77 £0.02
F1 0.73£0.03 0.794+£0.02 0.73£0.02 0.294+0.04 0.37£0.05 0.20 £0.05 0.44 £0.01

AU(IMCP) 0.63+0.01 0.69+0.00 0.59+0.01 0.51+0.01 0.50+0.01 0.53 £0.02 0.37 £0.01

Table 4.44: RETFound Green MLP probing evaluation on the 3rd Aptos competition
dataset.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.93+£0.01 0.874+0.03 0.87 £ 0.01 0.86 + 0.02
F1 0.70£0.03 0.49 +£0.04 0.53 £0.03 0.45 £ 0.03
AU(IMCP) 0.60+0.04 0.46+0.03 0.46 £ 0.03 0.40 £0.02

Table 4.45: RETFound Green MLP probing evaluation on the HOJG dataset.

4.4.2 FFT results

The complete list of hyperparameters used for training RETFound Green is depicted in
Table 4.46 and 4.47.

Once again, Table 4.48 and 4.49 show that the improvement achieved through full
fine-tuning is substantial, both in terms of discriminative power (as reflected by higher
AUC and F1 scores) and in terms of prediction confidence, as indicated by the consis-
tently higher AU(IMCP) values across all tasks. As previously emphasized, confidence
is a particularly important factor in the medical domain, where reliable predictions are
critical. These results confirm the effectiveness of full FFT in producing high-performing,
task-specialized models. Moreover, thanks to the compact size of RETFound Green, such
improvements can be achieved without the need for extensive computational resources.
In fact, the model was trained in just a few minutes on a single RTX 3090 GPU, making
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no leakage pooling
CNV vs rest vs rest vs rest
training epochs 50 50 50 50
Ir le-5 le-5 le-6 2e-6
weight decay 5e-2 5e-2 le-4 5e-2
scheduler (min Ir) Warl?gg_)gc)osme Warrzlgg_)s)osme None None
batch size 256 256 64 64
loss weighted weighted BinaryCE | BinaryCE
BinaryCE BinaryCE
augmentations Yes Yes Yes Yes
oversampling No No Yes Yes
staining | window defect Hyperf
vs rest vs rest Type
training epochs 50 30 50
Ir le-6 oe-6 3e-6
weight decay le-2 He-2 5e-2
scheduler (min Ir) None None None
batch size 64 32 128
loss BinaryCE BinaryCE weighted
BinaryCE CrossEntropy
augmentations Yes Yes Yes
oversampling Yes Yes No

Table 4.46: FFT RETFound Green hyperparameters for the 3rd Aptos competition’s
tasks.

capillary vascular optic disk macular
leakage leakage hyperfluorescence edema
training epochs 30 30 30 30
Ir 4e-6 8e-6 le-5 8e-6
weight decay 5e-3 5e-2 5e-2 5e-3
scheduler (min Ir) WarmupCosine None WarmupCosine WarmupCosine
(5e-8) (5e-8) (5e-8)
batch size 16 32 32 32
loss weighted CrossEntropy CrossEntropy CrossEntropy
CrossEntropy
augmentations Yes Yes Yes Yes
oversampling No Yes Yes Yes

Table 4.47: FFT RETFound Green hyperparameters for the HOJG’s tasks.

it highly accessible for real-world applications.
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no leakage pooling staining  window defect HyperF

CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.90£0.02 0.95+0.01 0.87£0.02 0.76+0.02 0.75+£0.03 0.78 £0.04 0.82 £0.02
F1 0.75£0.02 0.81+0.02 0.75£0.02 0.33+0.02 0.44+£0.04 0.29 £0.05 0.48 £0.02

AU(IMCP) 0.71+£0.01 0.78 £0.00 0.66=+0.01 0.58=+0.03 0.55+0.01 0.61 £0.02 0.41 £0.02

Table 4.48: Full fine-tuning of RETFound Green on the 3rd Aptos competition dataset.

capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema
AUC 0.94 £0.02 0.95+0.02 0.92 £0.01 0.95+0.01
F1 0.71£0.06 0.69 4+ 0.06 0.62 + 0.04 0.62 £0.04
AU(IMCP) 0.64+0.03 0.6240.03 0.55 + 0.03 0.54 £+ 0.03

Table 4.49: Full fine-tuning of RETFound Green on the HOJG dataset.

4.4.3 PEFT results with LoRA

The results in Table 4.50 and 4.51 show that, also with RETFound Green, LoRA demon-
strates performance comparable to FFT, despite updating only a small fraction of the
model’s parameters. However, its application to smaller models appears to reveal certain
limitations. In fact, as observed with ViT-Small, LoRA tends to degrade the model’s
confidence, as indicated by lower AU(IMCP) scores across multiple tasks (with 5 of them
being statistically worse).

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type
AUC 0.89+0.01 0.95+0.01 0.86+0.02 0.77+0.04 0.74+0.04 0.79+0.04 0.83 +£0.02
(-0.01) (-) (-0.01) (40.01) (-0.01) (+0.01) (+0.01)
Fi 0.77+0.02 0.814+0.04 0.75+0.03 0.39+0.03 0.46+0.05 0.24 +£0.04 0.49 £+ 0.04
(+0.02) (-) (-) (+0.06) (+0.02) (-0.05) +0.01
AU(IMCP) 0.67+0.02 0.754+0.01 0.65+0.02 0.57+0.02 0.55+0.03 0.56 £ 0.01 0.41 £ 0.02

(0.04)  (003)  (0.01)  (0.01) (-) (:0.05) (-)

Table 4.50: PEFT (LoRA) of RETFound Green on the 3rd Aptos competition dataset.
Between brackets, the relative change in performance compared to FFT. If the number
in brackets is underlined, the change is statistically significant.

One possible explanation is that partial updates introduced by LoRA may not sig-
nificantly alter the discriminative power of the model, but still impact the stability and
certainty of predictions. This effect may be more pronounced in smaller models, which
could be less robust to partial adaptation techniques and instead benefit more from full
fine-tuning. Prior work [60] has shown that LoRA tends to learn less expressive adapta-
tions than FFT, and in the case of compact architectures, this limitation may translate
into reduced model’s reliability. Further investigation, such as analyzing the influence of
different rank values, would be necessary to better understand this phenomenon, though
it lies beyond the scope of this study.
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capillary  vascular optic disk macular

leakage leakage  hyperfluorescence edema

AUC 0.95+0.01 0.944+0.01 0.91 +£0.02 0.95+0.01
(+0.01) (-0.01) (-) (-0.01)

Fi 0.714+0.03 0.68 +0.05 0.63 £ 0.04 0.63 +=0.05
(-) (-0.01) (+0.01) (+0.01)

0.63 +0.03 0.58 +0.01 0.54 £+ 0.02 0.56 £ 0.04
AUIMCP) - 4 1) (-0.04) (:0.01) (40.02)

Table 4.51: PEFT (LoRA) of RETFound Green on the HOJG dataset. Between brack-
ets, the relative change in performance compared to FFT. If the number in brackets is
underlined, the change is statistically significant.

no leakage pooling
CNV vs rest vs rest vs rest
Ir 8e-6 9e-5 9e-5 le-5
weight decay 5e-1 5e-2 5e-1 5e-2
. None WarmupCosine | WarmupCosine None
scheduler (min Ir) (5e-6) (50-6)
batch size 128 256 256 64
r (train. params) | 32 (2.67%) 32 (2.67%) 32 (2.67%) 64 (5.18%)
dropout 0.1 0.1 0.1 None
staining window defect | HyperF
vs rest vs rest Type
Ir 5e-5 le-5 le-5
weight decay Se-1 5e-2 le-2
i N N
scheduler (min Ir) WarmupCosine one one
(5e-6)
batch size 256 64 8
r (train. params) 64 (5.18%) 64 (5.18%) 64 (5.18%)
dropout 0.1 0.1 0.1

Table 4.52: LoRA hyperparameters for RETFound Green on the 3rd Aptos competition’s
tasks. The percentage in brackets next to the rank indicates the proportion of trainable
parameters relative to the full model.

Hyperparameters used for the PEFT on RETFound Green are shown in Table 4.52
and 4.53

4.4.4 SSL results

The same motivation previously outlined for RETFound also guides this experiment, in
which an additional self-supervised pretraining step is applied to RETFound Green, this
time based on Token Reconstruction objective. The goal is to assess the effectiveness of
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capillary vascular optic disk macular
leakage leakage hyperfluorescence edema
Ir 8e-6 le-5 5e-6 le-5
weight decay 5e-3 5e-3 5e-1 5e-2
) WarmupCosine | WarmupCosine WarmupCosine WarmupCosine
scheduler (min Ir) (5¢-8) (5e-8) (5¢-8) (5e-7)
batch size 16 16 32 32
r (train. params) 128 (9.8%) 128 (9.8%) 128 (9.8%) 128 (9.8%)
dropout 0.1 0.2 0.1 0.1

Table 4.53: LoRA hyperparameters for RETFound Green on the HOJG’s tasks. The
percentage in brackets next to the rank indicates the proportion of trainable parameters
relative to the full model.

this alternative SSL strategy in enabling cross-domain adaptation.

Given the novelty of Token Reconstruction, there is no guidance on how to effectively
implement an additional SSL step using this method. This study represents the first
empirical attempt to explore this direction. The adopted strategy was to treat RETFound
Green as the frozen model, while using the ViT-Small initialized with DINOv2 weights
(pre-trained on LVD-142M) as the model to be adapted. This design choice was driven by
training observations: several attempts to directly adapt RETFound Green led to severe
overfitting, which could not be mitigated through standard regularization techniques.

Since Token Reconstruction aims to instill knowledge at the abstract level, using
RETFound Green as the fixed source of information appeared to be a plausible and effec-
tive choice, both in terms of training stability and learning outcomes. Both models were
exposed to the same unlabeled set of 9,608 FA images from the 3rd Aptos competition
dataset, previously used in the MAE-based adaptation of RETFound. In this setup, the
unfrozen model is trained to reconstruct the latent output tokens generated by the frozen
model, using noisy versions of the same inputs.

The diagram of RETFound Green is therefore expanded to include the additional
Token Reconstruction step, as illustrated in Fig. 4.7

No hyperparameter tuning was performed; instead, the same configuration used by the
original paper was adopted. RETFound Green was trained for 120 epochs with a batch
size of 128, using the AdamW optimizer with a maximum learning rate of 5 x 1072, 3; =
0.9, B2 = 0.99, and a weight decay of 5 x 10~4, applied to all parameters except the biases.
A cosine learning rate scheduler was used, with a warmup phase of 10 epochs, during
which the learning rate increased linearly from 5x 10~ to its maximum (WarmupCosine),
followed by a 20-epoch cooldown where the learning rate remained at its minimum. The
maximum gradient norm was clipped to 0.1.

In terms of data corruption strategies, a random subset of input tokens was replaced
with a trainable corruption token, effectively masking parts of the input image. Addi-
tionally, pixel-wise Gaussian noise, sampled from A(0,0.2), was applied to the images.
For the Token Reconstruction objective, the corruption ratio was sampled from U/(0, %)
The loss curves are shown in Fig. 4.8.
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‘ ViT Small J

DinoV2 on LVD-142M
(142M natural images)

v

Token Reconstruction on
75K Color Fundus images

v

RETFound Green

Token Reconstruction on 9.6K FA
images (3rd Aptos Competition dataset)

RETFoundGreen-FA

Figure 4.7: Schematic tree illustrating the extra-step leading to RETFoundGreen-FA.

Linear probing results

Table 4.54 and 4.55 present the promising results of the linear probing evaluation, showing
a general improvement in both AUC and F1 score not only on the 3rd Aptos competition
dataset but also on the HOJG dataset, in contrast to what was observed with RETFound-
MAE. This suggests that the model has learned more globally effective and transferable
feature for FA.

This improvement is further supported by the higher AU(IMCP) values. The fact
that a simple linear layer can separate the features more effectively, while also doing so
with higher confidence, implies that the learned representations are not only more dis-
criminative but also more informative and reliable. In other words, the features encoded
in the latent space are better structured, allowing for more certain predictions even with
minimal task-specific adaptation.

FFT results

Finally, the effectiveness of the Token Reconstruction technique is assessed through FFT.
Following the same reasoning applied in the evaluation of RETFound, and to ensure the
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Figure 4.8: Loss curve of the Token Reconstruction training on the unlabeled subset of
9,608 FA images from the 3rd Aptos competition dataset. Red lines indicate the top 5
checkpoints with the lowest validation loss during training

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type

AUC 0.88£0.01 0.944+0.02 0.84£0.02 0.694+0.05 0.68+0.04 0.73 £0.01 0.78 £0.02
(+0.01) (+0.01) (=) (+0.02) (=) (-+0.03) (+0.01)

Fi 0.75£0.02 0.76+0.02 0.73£0.01 0.284+0.05 0.39+0.04 0.20 £ 0.02 0.45 £0.02
(+0.02) (+0.03) (-0.01) (-) (-0.01) (-+0.03) (+0.02)

AU(IMCP) 0.64 £0.01 0.694+0.01 0.60+0.01 0.514+0.02 0.51+£0.01 0.52 £0.01 0.36 £0.01

(+0.01) (+0.03) (=) (-) (-) (++0.01) (+0.01)

Table 4.54: Linear probing analysis of RETFoundGreen-FA on the 3rd Aptos competition
dataset. Between brackets, the relative change in performance compared to original
RETFound Green linear evaluation.

fairest possible comparison with RETFound Green, the same set of fine-tuning hyperpa-
rameters was used. No additional hyperparameter tuning was performed, as the training
dynamics proved to be satisfactory. For reference, the hyperparameters are reported in
the table presented in Subsection 4.4.2.

The results are presented in Tables 4.56 and 4.57. Interestingly, although the linear
probing evaluation yielded significantly better performance than that observed for RET-
Found Green, the gains achieved through FFT do not reflect the same level of improve-
ment. Overall, the model shows decent gains in F1 scores, indicating a better balance
between precision and recall, with statistically significant improvements observed in the
no vs rest and HyperF Type classification tasks. However, the remaining tasks show little

75



Experiments and results

capillary  vascular optic disk macular
leakage leakage  hyperfluorescence edema

AUC 0.91+0.02 0.84 +£0.02 0.85 4+ 0.01 0.82 +0.02
(4+0.01) (4+0.03) (4+0.01) (4+0.02)

Fi 0.62+0.05 0.43+0.03 0.50 £ 0.05 0.41 £0.04
(+0.03) (+0.02) (+0.01) (+0.02)

AU(IMCP) 0.54 £0.05 0.414+0.04 0.43+0.03 0.38 +0.02

(+0.01) (40.04) (+0.01) (+0.01)

Table 4.55: Linear probing analysis of RETFoundGreen-FA on the HOJG dataset. Be-
tween brackets, the relative change in performance compared to original RETFound Green
linear evaluation.

no leakage pooling staining  window defect HyperF
CNV vs rest vs rest vs rest vs rest vs rest Type

AUC 0.90 £0.02 0.95+0.02 0.87£0.02 0.76+0.04 0.75£0.04 0.78 £ 0.06 0.83 £0.02
-) -) -) -) -) -) (+0.01)

P 0.76 £0.03 0.83+0.03 0.76£0.03 0.324+0.06 0.44+£0.03 0.30 £ 0.06 0.51 £0.02
(+0.01) (4+0.02) (+0.01) (-0.01) (—) (4+0.01) (40.03)

AU(IMCP) 0.71£0.02 0.78+0.01 0.65£0.01 0.564+0.02 0.55=+0.01 0.61 £ 0.04 0.43 £0.01

(-) (-) (-0.01) (-0.02) (-) (=) (+0.02)

Table 4.56: FFT of RETFoundGreen-FA on the 3rd Aptos competition dataset. Between
brackets, the relative change in performance compared to original FFT of RETFound
Green.

capillary  vascular optic disk macular
leakage leakage  hyperfluorescence edema
AUC 0.95+£0.01 0.954+0.02 0.92 £0.01 0.94 £0.01
(4+0.01) (-) (—-) (-0.01)
P 0.70£0.02 0.69 +0.09 0.63 + 0.03 0.59 + 0.06
(-0.01) (—) (40.01) (-0.03)
0.66 £0.02 0.65+0.05 0.55 £ 0.01 0.54 £0.07
AU(IMCP) (+0.02) (+0.02) (-) (-)

Table 4.57: FFT of RETFoundGreen-FA on the HOJG dataset. Between brackets, the
relative change in performance compared to original FFT of RETFound Green.

to no improvement and in these cases the model exhibits higher standard deviation, sug-
gesting increased variability in performance. Moreover, in tasks such as pooling vs rest
and macular edema classification, the model performs slightly worse than the original
RETFound Green.

While a definitive explanation for this behavior cannot be provided at this stage, the

76



Experiments and results

results highlight the need for further investigation into the Token Reconstruction tech-
nique. In particular, additional research is needed to develop a more effective training
strategy that allows the method to scale better and fully realize its potential for adap-
tation. This need is underscored by the improvements observed in the linear probing
evaluation, which suggest that Token Reconstruction is capable of producing strong and
meaningful representations, even if the current fine-tuning setup did not fully capitalize
on them.

4.5 Model comparison

In this final section, a comprehensive comparison is carried out across all the models
analyzed in the study, with a particular focus on evaluating whether retinal foundation
models offer a significant advantage in cross-domain adaptation over their respective
baselines. While previous sections examined each model individually, by analyzing their
performance under probing, FFT, and PEFT, and included some preliminary discussion
on the different quality of the learned representations, a direct comparison was inten-
tionally deferred. This section now addresses that gap by systematically comparing the
results obtained in the FFT and PEFT settings, in order to draw more conclusive insights
about the strengths and weaknesses of retinal foundation models.

4.5.1 RETFound vs ViT-Large

The first comparison focuses on RETFound and its baseline, the ViT-Large model pre-
trained in a supervised manner on ImageNet-21K. Figure 4.9 and 4.10 provide a side-
by-side comparison of the two models under both FFT and LoRA-based PEFT. An
asterisk in the figure indicates that the difference in performance between the models is
statistically significant, as determined by the Wilcoxon signed-rank test.

From the plots, it can be observed that, in the FF'T scenario, the baseline ViT-Large
demonstrates stronger discriminative performance, achieving five statistically significant
wins out of eleven tasks on the AUC score. However, notable differences emerge in
terms of prediction reliability, where RETFound consistently outperforms the baseline
in four out of six binary classification tasks, with one statistical win in the pooling vs
rest. This increased reliability may also contribute to higher confidence in the multiclass
HyperF Type classification. Conversely, ViT-Large appears to be more confident in certain
multiclass scenarios, with a statistically significant improvement observed for the optic
disk hyperfluorescence classification.

Another particularly interesting outcome, clearly visible in the plots, is that the use
of LoRA, as previously discussed in Sec. 4.1, leads to a notable improvement in the
confidence of the ViT-Large model, resulting in six statistically significant wins in terms
of AU(IMCP). To further demonstrate the importance of this behaviour, Figure 4.11
presents the IMCP curves for two representative tasks in which ViT-Large outperformed
RETFound. The selected tasks, HyperF Type classification from the Aptos dataset and
vascular leakage classification from the HOJG dataset, correspond to cases where the
difference was found to be statistically significant. The plots, based on split 1 of the
evaluation, clearly show a notable reduction in the area of uncertainty, as measured by
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CNV (binary classification) no vs rest (binary classification)

[ ViT-Large (FFT) ) ViT-Large (FFT)
= RETFound (FFT) = RETFound (FFT)
B2 ViT-Large (LoRA) B2 ViT-Large (LoRA)
= RETFound (LORA) = RETFound (LoRA)

Average score on test set
Average score on test set

AU(IMCP) AU(IMCP)

leakage vs rest (binary classification) pooling vs rest (binary classification)

[ ViT-Large (FFT) [ ViT-Large (FFT)
= RETFound (FFT) 09 = RETFound (FFT)
B3 ViT-Large (LoRA) B2 ViT-Large (LoRA)
R RETFound (LoRA) = RETFound (LoRA)

Average score on test set
Average score on test set

AU(IMCP) AU(IMCP)

o staining vs rest (binary classification) o window vs rest (binary classification)
B ViT-Large (FFT) B ViT-Large (FFT)
09 W RETFound (FFT) 09 . RETFound (FFT)
B2 ViT-Large (LORA) B2 ViT-Large (LoRA)
= RETFound (LoRA) * * = RETFound (LoRA)

Average score on test set
Average score on test set

AU(IMCP) AuC AU(IMCP)

Hyperfluorescence type (multiclass classification)

. ViT-Large (FFT)
. RETFound (FFT)
23 ViT-Large (LoRA)
B RETFound (LoRA)

Average score on test set

AU(IMCP)

Figure 4.9: Overview of the FFT and PEFT results for RETFound and ViT-Large ob-
tained on the 3rd Aptos competition dataset. (*) the asterisk indicates a p-value < 0.05.

the IMCP curves. It is important to note that this area does not indicate whether a sample
is correctly classified or not, but rather it captures the proportion of predictions for which
the output probability was not sufficiently high to be considered reliable, regardless of
whether the predicted label was correct. In the case of the Aptos dataset, this reduction
in uncertainty leads to a reclassification of nearly 30% of the samples, while for vascular
leakage classification in the HOJG dataset, the improvement affected 11.7% of the total
test samples.
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capillary leakage (multiclass classification) vascular leakage (multiclass classification)

B ViT-Large (FFT) . * ) ViT-Large (FFT)
- RETFound (FFT) = RETFound (FFT)
B ViT-Large (LoRA) EEA ViT-Large (LoRA)
W RETFound (LoRA) R RETFound (LoRA)

&

Average score on test set
Average score on test set

F1 AU(IMCP)

F1 AU(IMCP)

optic disk hyperfluorescence (multiclass classification) macular edema (multiclass classification)

= vitLarge (FFT)
= RETFound (FFT)
EBA ViT-Large (LoRA)
R RETFound (LORA)

= ViT-Large (FFT)
R RETFound (FFT)
EBA) ViT-Large (LoRA)
mm RETFound (LORA)

.

Average score on test set

AuC AU(IMCP) AUC F1 AU(IMCP)

Figure 4.10: Overview of the FFT and PEFT results for RETFound and ViT-Large
obtained on the HOJG dataset. (*) the asterisk indicates a p-value < 0.05.

4.5.2 RETFound Green vs ViT-Small

The second pair of models analyzed consists of RETFound Green and the ViT-Small
model pre-trained on LVD-142M using the DINOv2 self-supervised learning technique.
Figures 4.12 and 4.13 provide an overview of their performance under both FFT and
PEFT using LoRA.

The situation differs significantly from what was observed with the larger model coun-
terparts. In this case, RETFound Green and the ViT-Small model exhibit comparable
performance across nearly all tasks, with only minor differences, most of which are not
statistically significant, except in a few isolated cases. As a result, it is not possible to
determine a clear winner between the two models, either in terms of discriminative power,
as measured by AUC and F1 scores, or in terms of prediction reliability.

As previously noted, LoRA maintains the discriminative capabilities of both models,
but introduces a slight decline in the confidence of final predictions. This is evidenced by
the lower AU(IMCP) values observed in the LoRA-based PEFT setting compared to full
fine-tuning.

4.5.3 Visual and quantitative aggregation of model performance

In order to identify the most effective model among those evaluated, a heuristic strategy
was adopted based on the use of a radar chart and the computation of the area it encloses,
based on the three evaluation metrics consistently used throughout this study: AUC, F1
score, and AU(IMCP). Given the wide range of tasks involved, each potentially highlight-
ing different aspects of model behavior, establishing a theoretically optimal aggregation
strategy is non-trivial. Consequently, a heuristic approach was chosen to synthesize model
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Figure 4.11: IMCP curves of ViT-Large (on the left) and RETFound (on the right) on
two multiclass classification problem, showing the difference in model’s confidence caused
by LoRA training.

performance across tasks.

For each model and each metric, the mean value across all tasks was computed using
the inverse-variance weighting [61], which allows higher influence from tasks where the
metric estimates are more stable. Concretely, let m; denote the average value of a given
metric on task ¢, computed over k=5 splits, and let o; denote the corresponding standard
deviation. Then, the aggregated score M weighted for each metric is given by:

¥ 2oim1 Wi My . 1
Mweighted — W, with w; = ﬁ (42)

where n is the number of tasks and ¢ is a small positive constant introduced to avoid
division by zero. This formulation ensures that metric values with lower uncertainty (i.e.,
smaller variance across splits) contribute more significantly to the final aggregated score.
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Figure 4.12: Overview of the FFT and PEFT results for RETFound Green and ViT-
Small obtained on the 3rd Aptos competition dataset. (*) the asterisk indicates a p-value

< 0.05.

Once the three metrics are aggregated in this manner, they are plotted on a radar chart
to visually compare the models. The area of the polygon formed by the three points (each
corresponding to one metric) is then computed and used as an overall score for model

comparison.

Although this method does not possess a formal statistical foundation for model
selection, it provides a compact and interpretable summary of performance in the presence
of multiple, heterogeneous tasks and evaluation dimensions.
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Figure 4.13: Overview of the FFT and PEFT results for RETFound Green and ViT-Small
obtained on the HOJG dataset. (*) the asterisk indicates a p-value < 0.05.
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Figure 4.14: Radar charts of ViT-Large (on the left) and RETFound (on the right)
showing the quantitive differences in performance between FFT and PEFT.

As shown in Fig. 4.14 the ViT-Large wins over RETFound and has a major resistence
to LoRA, in fact there is almost no difference with respect to the behaviour obtained
through a FFT.

The comparison between RETFound Green and its baseline, Fig. 4.15, shows the reti-
nal foundation model emerging as the winner, achieving a final score of 0.708. However,
it also appears to be less robust under LoRA-based PEFT, showing a 7.91% degradation
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Radar Chart - ViT-Small
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Figure 4.15: Radar charts of ViT-Small (on the left) and RETFound Green (on the right)
showing the quantitive differences in performance between FFT and PEFT.

in performance compared to its own FFT results.

Effectiveness of continual pre-training through SSL

Figures 4.16 and 4.17 present the final performance outcomes of RETFound and RET-
Found Green, respectively, after the additional SSL step conducted on the 9,608 FA
unlabeled images from the Aptos dataset.

Radar Chart - RETFound

RETFound-FA (FFT)
(area=0.575)

RETFound (FFT)
(area=0.531)

Figure 4.16: Radar chart showing the difference in performance of RETFound before (in
blue) and after (in red) making an extra MAE step on FA images.

As previously discussed in Subsec. 4.3.4, The substantial 360-degree performance
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gains observed for RETFound are clearly reflected in the corresponding radar chart. In
particular, the model exhibits an overall performance improvement of 8.29%, increasing
from an area of 0.531 to 0.575.

In contrast, RETFound Green demonstrates a 6.78% decline in performance following
the same SSL step. Although this negative trend was not immediately apparent in the
tabular results, it is primarily attributed to high variance across tasks, which reduces the
relative impact of minor improvements.

Radar Chart - RETFound Green

AUC

RETFound Green-FA (FFT)
(area=0.66)

RETFound Green (FFT)
(area=0.708)

Figure 4.17: Radar chart showing the difference in performance of RETFound Green
before (in green) and after (in red) making an extra Token reconstruction step on FA
images.

These findings, already highlighted in Subsec. 4.4.4, suggest the need for further inves-
tigation into more robust and consistent strategies for extra pre-training through Token
Reconstruction. The current approach appears to introduce considerable variability, ul-
timately impairing the overall effectiveness of the model.
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Chapter 5

Conclusion

This study aimed to evaluate the effectiveness of retinal foundation models in the context
of fluorescein angiography, with a particular focus on understanding their cross-domain
adaptation capabilities. Specifically, the work investigated whether leveraging knowledge
from a closely related domain, color fundus photography, through retinal-specific foun-
dation models such as RETFound and RETFound Green could offer tangible benefits
compared to transfer learning from models pre-trained on natural images.

The research was guided by three key hypotheses, each motivated by a specific ratio-
nale:

1. Effectiveness of Retinal Foundation models. Leveraging inductive biases from
related retinal modalities may improve downstream performance on FA tasks com-
pared to using generic models pre-trained on natural images.

2. LoRA for efficient adaptation. Reducing the number of trainable parameters
through methods like LoRA could offer a more efficient alternative to full fine-
tuning, particularly important in medical applications with limited data or compute.

3. The role of Self-Supervised Learning for cross-domain adaptation. In-
corporating SSL techniques during continual pre-training may help models learn
features that generalize better across imaging modalities, thereby enhancing cross-
domain adaptation.

To investigate these hypotheses, two FA datasets were employed: the publicly avail-
able 3rd Aptos competition dataset, which offers a diverse range of tasks for the detailed
description of the type and patterns of abnormal fluorescence; and the HOJG dataset,
which covers some clinically relevant tasks in a real word scenario for the classification of
four key inflammatory signs connected to uveitis. A total of four models were analyzed,
RETFound, RETFound Green, and their respective baselines, using three different adap-
tation strategies: full fine-tuning, parameter-efficient fine-tuning via LoRA and continual
pre-training through self-supervised learning. These techniques enabled a thorough eval-
uation of each model’s ability to extract and adapt meaningful representations for FA
tasks.
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Based on the experiments and results discussed in the previous chapters, three key
takeaways emerge.

5.1 On the effectiveness of Retinal Foundation models

While RETFound and RETFound Green have demonstrated strong performance on CFP
tasks, there is limited evidence that this advantage transfers effectively to FA.

For instance, RETFound underperformed compared to its baseline (ViT-Large pre-
trained on ImageNet-21K), suggesting that the knowledge it encodes, though connected
to the structure of the retina, may not generalize adequately to FA. However, the opposite
conclusion cannot be firmly established either. In fact, the comparison between RET-
Found Green and its ViT-Small baseline tells a different story: not only does RETFound
Green outperform it, but it also achieves the best overall performance across all models
and metrics, consistently ranking highest on AUC, F1 score, and AU(IMCP) across the
11 tasks.

These contrasting outcomes suggest that the effectiveness of domain-specific pre-
training may depend not only on the choice of source domain, but also on other factors,
potentially including the SSL strategy, the scale and quality of the datasets used, and
the degree of alignment between source and target domains, which should be further
investigated in future research.

5.2 On the use of LoRA for efficient adaptation

LoRA, the most popular PEFT method, was analyzed to assess its applicability in the
medical imaging domain, where its use remains underexplored.

Throughout this study, LoRA demonstrated strong efficiency, maintaining the dis-
criminative power of models while updating only a very small fraction of parameters
(between 1% and 4% for larger models). However, the results indicate that it is partic-
ularly effective when applied to large-scale models. In these cases, it not only provides
significant computational and storage savings, but also preserves final model performance,
as seen with the ViT-Large, where LoRA-based fine-tuning resulted in only a 0.93% per-
formance degradation compared to FFT. In contrast, the smaller models appeared more
sensitive to the PEFT technique, experiencing more pronounced declines in confidence
and prediction stability. This suggests that LoRA is better suited for high-capacity mod-
els, where its lightweight updates suffice to retain representational strength.

5.3 On the role of SSL for cross-domain adaptation

Finally, this thesis work assessed the impact of self-supervised learning techniques, specif-
ically Masked Autoencoder and Token Reconstruction, as strategies for continual pre-
training to enhance cross-domain adaptation.

The results indicate that both SSL strategies improved model performance on FA
tasks, including on the dataset not seen during the SSL phase. Although improvements
were more consistent for MAE, both methods contributed to learning richer FA-specific
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features that generalized beyond the training distribution, as shown by the linear probing
evaluation.

These findings reinforce the value of SSL in scenarios where there is a domain shift
between the pre-training and downstream tasks. By equipping models with better rep-
resentations, SSL serves as a key enabler for cross-domain adaptation, particularly in
underrepresented medical imaging modalities.

5.4 Final remarks

Taken together, the results of this study provide valuable insights into the strengths and
limitations of foundation models and adaptation strategies in the FA setting. While the
benefits of pre-training on related domains are not universally observed, techniques like
SSL and PEFT play a critical role in enhancing adaptability and efficiency.

At the same time, several limitations should be acknowledged, which may have in-
fluenced the outcomes and should inform the interpretation of the results. First, despite
utilizing two of the most extensive FA datasets available to date, the effective sample
size was limited. This was due to the methodological decision to use only the final frame
of each angiographic sequence, reducing the total data from a large pool of images to a
relatively small number of unique eyes (1,877 for Aptos and 752 for HOJG). This restric-
tion was necessary to maintain consistency across samples but inevitably constrained the
amount of training data available for each task.

Secondly, differences in acquisition protocols between the datasets may have intro-
duced additional variability. The Aptos dataset predominantly uses 35-degree field-of-
view images, while HOJG focused exclusively on 55-degree images for the inflammatory
signs classification task. Moreover, the latter was carefully curated through a selection
process aimed at including only samples with minimal confounding factors.

Finally, the hyperparameter tuning process relied on heuristic adjustments rather
than systematic optimization using fixed search spaces or automated tools. This choice
was driven by the computational demands of large-scale vision models, which limited the
feasibility of more exhaustive search strategies. As a result, some configurations may not
reflect optimal parameter settings.

To fully understand the potential of domain-specific pre-training, future research
should investigate the factors that influence its effectiveness, whether it stems from the
relatedness of the source domain, the pre-training strategy employed, or inherent limi-
tations in the ability of foundation models to learn real exam-agnostic representations.
In parallel, it is essential to assess the generalization capabilities of these models on ex-
ternal datasets that differ from those used during fine-tuning. Such evaluations would
provide insight into potential performance shifts introduced by adaptation techniques like
PEFT. Finally, exploring a broader set of adapter layer designs and configurations may
reveal more effective strategies for cross-domain transfer, ultimately contributing to the
development of robust and scalable solutions in medical imaging.
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