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Abstract To address sample scarcity, a common challenge in medical imaging, we investigate the Reptile meta-
learning algorithm for few-shot disease classification in fundus images. In a setup with eight training classes and
four testing classes, we investigate different architectures, training strategies, varying /N-way K -shot configurations,
and different data augmentation techniques. Our results show that Reptile outperforms standard transfer learning
approaches in several settings and that, when combined with data augmentation, especially during evaluation, correct
predictions tend to receive higher confidence scores. The quantitative results are further supported by an analysis of

prediction confidence levels and activation-map visualizations.
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1 Introduction

Eye fundus imaging can reveal signs of a variety of ocular
diseases. Among these diseases, diabetic retinopathy (DR) is
a well-known complication of diabetes and, in its advanced
stage, can lead to severe visual impairment or even blindness.
In addition to diseases that can affect vision, such as DR
and macular degeneration, other systemic diseases, such as
hypertension, stroke, cardiovascular and neurological diseases
are often linked to retina anomalies, especially related to blood
vessels. In fact, the eye is considered a window that enables
in vivo non-invasive observation of blood vessels and neural
tissues [Kawasaki and Grauslund, 2019].

Periodic examinations can support early detection and dis-
ease progression monitoring, and are crucial for interventions
aimed at preventing severe outcomes. However, effectively
implementing such monitoring routines in healthcare systems
requires addressing the large volume of retinograms that need
to be examined.

Thus, there is increasing demand for artificial intelligence
models that can support disease detection in fundus images.
Combining the visual information available in fundus images
with recent advances in machine learning, automated detec-
tion of eye diseases has become both feasible and clinically
relevant. Studies based on deep learning (DL) techniques
have demonstrated strong performance in detecting diseases
such as diabetic retinopathy, macular degeneration, glaucoma,
and hemorrhage [Tazoar et al., 2024]. These approaches can
help address shortages of medical resources by providing cost-
effective and rapid analyses, and may support ophthalmolo-
gists in fundus screening [Kawasaki and Grauslund, 2019;
Li et al., 2021]. In addition, they can provide quantitative
information that complements expert assessment.

Nonetheless, DL models usually require large datasets for

training and evaluation. Obtaining medical data emerges as a
significant challenge in this domain, as it involves several con-
cerns, such as patient privacy, rare diseases, data annotation
complexity, class imbalance, variability in image acquisition
conditions, ethical considerations, and regulatory restrictions.

Few-shot Learning (FSL) plays a crucial role in addressing
this challenge, by enabling models to learn from only a few
examples [Pachetti and Colantonio, 2023]. In particular, in
the context of FSL, it has been shown that, through the idea
of “learning to learn”, meta-learning paradigm enables the
creation of models that can quickly adapt to unseen classes
and domains [Song et al., 2023].

In this work, we investigate the Reptile meta-learning al-
gorithm [Nichol et al., 2018] for the few-shot retinal disease
classification problem. Compared to many meta-learning al-
gorithms and frameworks [Hospedales et al., 2022], Reptile is
a well-established algorithm with several advantageous prop-
erties, such as low memory cost, ease of implementation, and
model-agnostic design, making it a strong choice in the FSL
context.

We use the Brazilian Multilabel Ophthalmological Dataset
(BRSET) [Nakayama et al., 2024b] in our study. BRSET is
a collection of retinal fundus images, collected from Brazil-
ian patients. The images are annotated according to several
classification dimensions, including anatomical classification,
quality control parameters, pathological classification, and di-
abetic retinopathy classification. We focus on the pathological
classification, which includes the following classes: diabetic
retinopathy, diabetic macular edema, scar (toxoplasmosis),
nevus, age-related macular degeneration (AMD), vascular oc-
clusion, hypertensive retinopathy, drusens, nondiabetic retinal
hemorrhage, retinal detachment, myopic fundus, increased
cup disc ratio, and other.

Motivated by limited-label scenarios, which are particularly
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relevant for eye fundus imaging in Latin America, we pose
the following research question: Can Reptile be leveraged to
build a model capable of classifying unseen eye diseases from
only a few labeled examples?

To answer this question, several experiments were con-
ducted, comparing Reptile to traditional transfer learning ap-
proaches, exploring different data augmentation strategies,
and qualitatively evaluating the patterns learned by the models.
The main contributions of this research are:

* To the best of our knowledge, this is the first study to
evaluate the application of Reptile, coupled with different
model architectures, to the retinal disease classification
problem.

* A comparative analysis of advanced data augmentation
techniques and their integration into the Reptile algo-
rithm.

* A novel qualitative analysis comparing the patterns
learned by models with and without the application of
Reptile and data augmentation techniques.

Building upon our previous work [Perin and Hirata, 2024],
we introduce a domain-specific pretraining strategy applied be-
fore the Reptile meta-learning phase. This strategy leverages
a distinct ophthalmological dataset to improve final model per-
formance. In addition, we present a new quantitative analysis
of how different data augmentation settings affect the distribu-
tion of prediction confidence, offering further insight into the
effects of augmentation on model uncertainty. All experimen-
tal protocols have been revised and updated to incorporate
the newly introduced methods and analyses.

The next sections are organized as follows. Section 2
presents some background material on FSL, including the
Reptile algorithm and its evaluation protocol, and overview
of some related work. Section 3 presents the methodology
used in this study, including a description of the datasets used
and an outline of the main experiments designed to answer
our questions. Section 4 presents details of the experiments,
achieved results, and discussions. Section 5 presents our final
thoughts and foreseen future studies.

2 Background

In this section, we first present representative work in the
literature closely related to our study. We then recall the few-
shot learning problem, describe the Reptile meta-learning
algorithm used in this work, and explain how meta-learning
algorithms are evaluated in few-shot learning scenarios.

2.1 Related work

In the medical imaging domain, data scarcity is a common
challenge for learning-based approaches. Several works have
applied the FSL paradigm to the medical domain [Pachetti
and Colantonio, 2023]. For instance, Nurgazin and Tu [2023]
compare the efficacy of different meta-learning algorithms,
data augmentation techniques, and model architectures for
the problem of skin tissue classification.

FSL in retinal disease classification has been addressed
in some works [Huang et al., 2022; Mahapatra et al., 2022;
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Roychowdhury, 2021; Cai et al., 2022]. However, we are
aware of only one work [Rajpoot and Seeja, 2023] that has
specifically applied the meta-learning paradigm to the prob-
lem, by combining Siamese neural networks with Triplet loss
and a K-nearest Neighbor (KNN) classifier. The method em-
ployed there is metric-based, and thus inherently different
from Reptile, which is an optimization-based method.
Regarding the use of Reptile, we highlight MetaMed [Singh
et al., 2021], a method that applies non-trivial data augmen-
tation techniques to the inner loop of the Reptile algorithm
to address the skin tissue classification problem. As for data
augmentation in the context of meta-learning, Ni ef al. [2021]
studied the effect of different data augmentation techniques
and application schemes on various meta-learning algorithms.
Their study found that final performance is highly dependent
on the meta-learning stage at which augmentation is applied.
However, the study does not include the Reptile algorithm.
In summary, meta-learning in retinal disease classification
is still an almost unexplored topic. We found no work that em-
ploys Reptile for this problem. We also identify opportunities
to explore data augmentation in Reptile for this problem by
combining ideas for inner-loop data augmentation in Reptile,
as done in [Singh ef al., 2021], with general data augmenta-
tion schemes not restricted to the inner loop of meta-learning
approaches, as reported in Ni ef al. [2021]. It is worth empha-
sizing that neither of these works considered retinal images.

2.2 Few-shot Learning and Meta-learning

Few-shot learning (FSL) refers to the problem of training
models to generalize from only a few labeled examples [Wang
et al., 2020].

A wide range of FSL algorithms have been proposed [Song
et al., 2023]. Some approaches are optimization-based, lever-
aging training tasks to learn initialization parameters that
facilitate generalization to unseen tasks. Notable examples
include MAML [Finn et al., 2017], FOMAML [Nichol et al.,
2018], iMAML [Rajeswaran et al., 2019], and Reptile [Nichol
etal.,2018]. Other methods focus on explicitly optimizing net-
work architectures to learn effective feature embeddings, such
as Siamese Networks [Koch et al., 2015], Prototypical Net-
works [Snell ef al., 2017], and Matching Networks [Vinyals
et al., 2016], among others.

Many of these algorithms fall within the meta-learning
approach [Hospedales et al., 2022]. While algorithms in
standard learning are trained for specific tasks using input-
output exemplars of the task, in meta-learning the algorithms
are exposed to a distribution of tasks. Rather than optimizing
the parameters for specific tasks, the training approach is
modeled in such a way that parameters are optimized across
a group of tasks. Thus, it is expected that meta-learning will
generate models that are better suited to learn new tasks in
few-shot scenarios. Due to this characteristic, meta-learning
is also referred to as “learning to learn”.

To better describe the core idea of meta-learning, we detail
it for a multi-class classification problem. In the classification
setting, FSL is typically formulated in terms of N-way K-
shot tasks, where /N denotes a number of classes out of the
total classes, and each task consists of K examples from each
of the N classes. Givena set D = {(z;,y;)}}_; of instances
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of the classification problem, the meta-learning classification
problem considers a partition of D into two subsets: a meta-
training set Dy, and a meta-testing set Diey, ensuring there
is no class overlap between the two sets. To build a N-way
K-shot task 7 (D;), i € {train, test}, N distinct classes in D;
are sampled and then K examples for each of the N classes
are sampled from D;. The general idea is to use tasks built
from Dy, to train the model and those built from Dy to
evaluate the model regarding its ability to generalize to new
few-shot tasks.

2.3 Reptile algorithm

Reptile [Nichol et al., 2018] is a well-established optimization-
based meta-learning algorithm with several advantageous
properties, including low memory requirements, ease of im-
plementation, and architecture-agnostic design, making it a
compelling choice for few-shot learning.
Optimization-based meta-learning algorithms such as
MAML and Reptile are designed to leverage the set of training
tasks, i.e., those sampled from Dy, to learn an initialization
that enables efficient adaptation to unseen test tasks sampled
from Deeg. In the Reptile algorithm, this is achieved through
an iterative optimization process in which the model param-
eters € R? are updated using N-way K -shot tasks from
Dirain- The optimization of the parameters is performed via
a two-loop procedure: an inner-loop that aims adaptation to
individual tasks and an outer-loop meta-update that refines
the optimization across multiple tasks (see Algorithm 1).

Algorithm 1 Reptile

Require: N,K,m e N,0 e R? ueR
for iteration = 1,2, ... do
Sample m N-Way K-Shot tasks {7 (Duain) } 71
for:=1,...,mdo
Train fy (using SGD or ADAM) on Ti(Dm.in) to obtain 0;
end for

1m
Update 6 < 6 — 0, — 0
pdate 6 < 0+ p— " (6: —6)

i=1

end for

First, in the inner-loop, the algorithm samples m training
tasks {7*(Dyain) }™, and independently trains fp on each
of them, obtaining optimized parameters 61, . .., 6,,. Next,
in the outer-loop, the algorithm updates 6 by averaging the
directions previously obtained in the inner loop trainings, as
follows:

1 m
9<—9+“EZ(9F€) (1)
=1
where ¢ € R is the outer-loop learning rate. This process
continues until convergence is reached.

2.4 FSL Evaluation

After meta-training, it is expected that the meta-trained model
fo is able to quickly adapt to new tasks. To evaluate how
well fy generalizes to new tasks, multiple rounds of train-
ing and evaluation using [N-way K-shot tasks from Dy are
performed.
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More specifically, k£ evaluation instances are created, each
one used in one evaluation round. An evaluation instance
consists of a pair (7% (Diegt), T?), where T*(Dies) is a N-way
K -shot test task and 7" is a set of N examples sampled from
Diest, one from each of the N classes, ensuring none of them is
in 7%(Dyest). Then, fjy is trained on each one of the 7 (Dyey)
tasks, and the accuracy on their respective 7" are recorded.
To obtain the final score, the accuracy over the k runs are
averaged (see Algorithm 2).

Algorithm 2 Evaluation

Require: N, K € N, § € R?
fori=1,...,k do
Sample N-way K-shot test task Ti(Dm) and N evaluation
examples T
Train fo (using SGD or ADAM) on T (D) to obtain 6;
Use fo, to compute accuracy a’ over T"

end for
k
i
> a
=1

return

| =

Thus, the evaluation protocol provides an expected average
performance of a trained model when it is further trained for
a completely new few-shot task (in our case, new classes).

3 Methodology

We propose a set of experiments designed to thoroughly as-
sess the Reptile algorithm on the retinal disease classification
problem. In this section, we detail the two datasets (BRSET
and APTOS 2019) used in the experiments, and outline the ra-
tionale of each experiment. The second dataset, APTOS 2019,
is used only for domain-specific pretraining of the models.

3.1 Datasets

BRSET: Brazilian Multilabel Ophthalmological
Dataset [Nakayama et al., 2024b,a] is a public eye
fundus image dataset collected from 8,524 patients at
ophthalmological centers in Sdo Paulo, Brazil. It consists
of 16,226 images with annotations of 13 eye disease
labels, image quality information, patient demographics,
comorbidities, and other related data.

The eye disease labels, annotated by experts, are “diabetic
retinopathy”, “macular edema”, “scar”, “nevus”, “AMD”,
“vascular occlusion”, “hypertensive retinopathy”, “drusen”,
“hemorrhage”, “retinal detachment”, “myopic fundus”, “in-
creased cup disc”, and “other”. A “healthy” image and one
example from each of the classes, except “macular edema”
and “retinal detachment”, are shown in Fig. 1.

The BRSET dataset comprises multi-label images, where
each image may be annotated with multiple eye disease labels.
To align the dataset with the requirements of a meta-learning
framework, we filtered out all images annotated with more
than one disease label, retaining only single-label instances.
Additionally, we excluded images deemed to be of “inade-
quate” quality based on the dataset’s quality assessments. To
address class imbalance, we limited the number of healthy
images to 100.
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(a) Healthy (b) Diabetic Retinopathy

(e) AMD (f) Vascular Occlusion

(i) Hemorrhage

(j) Myopic Fundus

Table 1. Count of images per class before and after filtering. Under-
lined classes compose Dist. The remaining classes (except “retinal
detachment” and “macular edema”) compose Diain.

Disease class Count before | Count after
increased cup disc 3202 2027
drusens 2807 1710
diabetic retinopathy 1046 480
other 758 446
myopic fundus 268 158
scar 290 150
AMD 366 132
healthy 8460 100
hypertensive retinopathy 283 93
nevus 134 63
vascular occlusion 103 41
hemorrhage 96 23
macular edema 402 16
retinal detachment 7 5

We discarded the two smallest classes after filtering, “reti-
nal detachment” and “macular edema”, due to the extremely
reduced number of instances. Then, for Dy, we chose the
three least populated disease classes (“nevus”, “hemorrhage”,
“vascular occlusion”) plus “healthy”. The remaining eight
classes were included in Dy,;,. The number of examples of
the dataset before and after selection is presented in Table 1.

For dealing with varying image sizes and aspect ratios, we
implemented the pre-processing technique used in Men et al.
[2023]. Accordingly, we removed external black columns and
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(c) Scar (d) Nevus

(g) Hypertensive Retinopathy (h) Drusens

(k) Increased Cup Disc

(1) Other
Figure 1. Images sampled from BRSET, except from the “macular edema” and “retinal detachment” classes (not used in this work). Images are centralized on
a black background square frame for visualization purposes.

rows of each image and then padded it as needed to achieve a
square ratio. Finally, we resized the square image to 224 x 224
and then normalized it using the mean and standard deviation
values specific to the chosen backbone model.

APTOS 2019: Asia Pacific Tele-Ophthalmology Society
2019 Blindness Detection dataset [Karthik et al., 2019] was
collected in rural India and organized by Aravind Eye Hos-
pital. It consists of 3,662 images annotated with Diabetic
Retinopathy (DR) grades following the International Clinical
Diabetic Retinopathy (ICDR) severity scale with 5 classes:
“no DR”, “mild DR”, “moderate DR”, “severe DR”, and “pro-
liferative DR”. Figure 2 shows some images of the positive
class, with some degree of DR.

The APTOS 2019 dataset is utilized exclusively for model
pretraining in this study, either as an initial training phase from
scratch or as a preliminary fine-tuning step. This approach
aims to introduce domain-specific knowledge into the mod-
els prior to meta-learning. The dataset is used in its entirety,
without excluding any samples. The same preprocessing pro-
cedures applied to the BRSET dataset — specifically, image
size standardization — were also applied to APTOS 2019 to
ensure consistency across datasets.

3.2 Training Methods

Our primary research question is whether Reptile’s meta-
learning framework offers a performance advantage over con-
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(a) No DR (b) Mild DR
(¢) Moderate DR (d) Severe DR

(e) Proliferative DR
Figure 2. Images sampled from APTOS 2019 Dataset.

ventional transfer learning approaches in the context of eye
disease classification, particularly under conditions of limited
training data. To answer this question, we compare Reptile
against baseline models that employ standard transfer learning
approaches. To rigorously assess this hypothesis, we imple-
ment five distinct training methods and evaluate the resulting
models on test tasks according to the protocol in Algorithm 2.

The training methods assume a common base architec-
ture, and are illustrated in Figure 3. In Baseline 1, we apply
the evaluation protocol directly to the ImageNet-pretrained
model, without any further training. Baseline 2 is obtained
by standard fine-tuning of the ImageNet-pretrained model on
BRSET, using the training set Dy, Reptile Meta-Learning
(Reptile-plain) consists of training the ImageNet-pretrained
model with the Reptile algorithm on Dy, .

Reptile-DS and Reptile-DSFT aim to evaluate the effect
of domain-specific pretraining prior to Reptile training on
BRSET!. In Reptile-DS, the model is trained from scratch us-
ing the APTOS 2019 dataset before applying Reptile training
on Dyin- In Reptile-DSFT, the ImageNet-pretrained model
is first fine-tuned on APTOS 2019, and then trained using the
Reptile algorithm on BRSET.

IReptile-DS and Reptile-DSFT: Here DS and FT stand for, respectively,
”domain-specific” and “fine-tuning”.
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3.3 Data Augmentation Methods

As aforementioned, FSL literature indicates that data aug-
mentation plays a crucial role in enhancing meta-learning
performance [Ni et al., 2021; Singh et al., 2021]. Building on
this established research, we aim to systematically investigate
how different augmentation strategies affect Reptile’s learning
capabilities in our application context. We used the following
augmentation methods.

1. Basic Augmentation Consists of a set of simple image
transformations, composed of random horizontal flips
and adjustments to contrast, saturation, and hue lev-
els [Men et al., 2023]. These transformations create
subtle variations in the training data while preserving
the essential characteristics of the original images.

2. MixUp This technique creates synthetic training examples
by computing weighted combinations of image pairs and
their corresponding labels. By interpolating between dif-
ferent samples, MixUp helps the model learn smoother
decision boundaries and develop more robust feature rep-
resentations, ultimately leading to better generalization
performance [Zhang et al., 2018].

3. CutMix This approach randomly replaces rectangular re-
gions in one image with patches from another image,
while proportionally mixing their labels. By creating
these composite images, CutMix forces the model to
learn from partial object features and diverse contextual
information, leading to more robust and localization-
aware feature representations [Yun et al., 2019].

4. All Augmentations Combines Basic Augmentation,
MixUp, and CutMix to assess the cumulative effect of
all techniques applied together.

Following insights from Ni er al. [2021], we also assess
where these augmentations should be applied. Specifically,
we test augmentation at different stages of Reptile training:

¢ Inner-Loop (I): Applied during meta-training.

* Evaluation (E): Applied only during the evaluation stage.

* Both (I+E): Applied in both training and evaluation
stages.

We emphasize that MetaMed [Singh ez al., 2021] evaluated
application of augmentation only in the inner loop (I). On the
other hand, although Ni et al. [2021] evaluated augmentation
on both stages, they did not considered the Reptile algorithm.
Our study extends these studies by testing the augmentation
methods with Reptile for the above three stage combination
cases.

3.4 Explainability

Given a classification model, one can use Gradient-weighted
Class Activation Mapping (Grad-CAM) [Gildenblat and con-
tributors, 2021] to visualize which regions of an input image
contribute most to a specific output prediction. This technique
involves selecting a layer and computing the gradient of the
target class score with respect to the feature maps in that layer.
These gradients are then spatially pooled to obtain weights
for each channel, which are used to compute a weighted com-
bination of the corresponding feature maps. The resulting
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[ Base architecture

IW

Baseline 1

APTOS 2019

APTOS 2019

APTOS pretrain

BRSET

Baseline 2

( Reptile j[ Seq. pretrain j

P Training

===sp Reptile Meta-training

Reptile-DSFT

BRSET ) )
Conventinally trained model

O Meta-trained model

Figure 3. Overview of the training methods explored in this study. Models with orange borders represent conventionally trained models, while those with blue
borders are meta-trained models. Solid arrows indicate training, and dotted arrows represent Reptile meta-training.

activation map is then up-sampled to the size of the input
image and overlaid as a heatmap, highlighting the areas that
most strongly influenced the model’s decision.

To evaluate whether the meta-learned model is capable of
identifying the relevant disease-specific features after fine-
tuning, we propose a novel method for generating an aggre-
gated heatmap by slightly modifying the evaluation procedure
described in Algorithm 2. Let fy denote the model under
consideration (e.g., Reptile or a baseline), and let A be a class
of interest from the test set Di.s;. We select a single image
x belonging to class A and temporarily remove it from Dieg.
The objective is to generate a heatmap for image x, which is
performed following the steps detailed in Algorithm 3.

Algorithm 3 Heatmap generation

Require: N, K € N, 0 € R%, zinclass A, k
Remove x from Diey
j<0
while j < k do
Sample N-way K-shot test task Ti(Dlesl)
Train fy (using SGD or ADAM) on 7 (Drest) to obtain 6;
if fo, correctly predicts x being of class A then
j—ij+1
map; (z) + GradCAM(fy,, x)
end if
end while

k
1
return % Z map, (z)
j=1

Each time the meta-trained model fj is trained using one
N-way K-shot test task, we verify whether the updated model
correctly classifies x. If so, a Grad-CAM heatmap for z is
generated using the new model. Parameter k specifies the
number of Grad-CAM heatmaps to be aggregated. By com-
puting an aggregated heatmap, we aim to analyze if Reptile
generates a model that is able to better recognize the patterns

specific to images in class A.

4 Results and Discussion

The methods outlined in Sections 3.2, 3.3 and 3.4 comprise
a comprehensive series of experiments to evaluate, using
the BRSET dataset, how well Reptile performs in Few-Shot
Learning scenarios.

Below, we present a detailed walkthrough of our methodol-
ogy and findings, along with insights into the practical impli-
cations of our results. All experiments were conducted using
models implemented in the PyTorch library.

4.1 Transfer-learning vs Reptile

In this section, we detail the experiments regarding the train-
ing methods listed in Section 3.2. We compare the baseline
models with meta-learning (Reptile) models using three differ-
ent base architectures: ResNet50 [He et al., 2016], Swin-Tiny
[Liu ef al., 2021], and ViT-Small [Dosovitskiy et al., 2021].
These architectures are widely recognized in the literature and
have an equivalent number of parameters, making them well-
suited for a fair comparison in our experiments. To assess
their performance, we conduct evaluations across multiple
N-way K -shot task configurations, specifically for N = 2,3
and K = 5,10, 20. To ensure result comparability, we fix ran-
dom seeds, making the evaluation process deterministic. The
pretrained ImageNet weights were sourced from the PyTorch
Image Models (timm) library [Wightman, 2019].

Hyperparameters: A thorough effort was made to tune the
hyperparameters through a combination of grid search and
manual inspection. For each architecture and training setting,
we evaluated multiple values for learning rates, batch sizes,
number of update steps, and data augmentation strategies. The
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Table 2. Comparison of Reptile with the baselines. For each IN-way K -shot setup, best result for each specific base architecture is underlined,
and best overall result is in bold. (See Section 3.2 for the definition of the methods)

. 2-way 3-way
Architecture | Method 5-shot | 10-shot | 20-shot || 5-shot | 10-shot | 20-shot
Baseline | 5963 | 6275 | 68.00 || 41.92 | 50.83 | 52.00
Baseline2 | 6475 | 69.63 | 7625 | 5058 | 5675 | 59.92
ResNetS0 | Reptile-plain | 57.00 | 6400 | 71.0 || 40.50 | 4775 | 5525
Reptile-DS | 55.13 | 57.63 | 64.63 | 3608 | 4150 | 4775
Reptile-DSFT | 66.00 | 7250 | 7838 | 5333 | 5575 | 6125
Baseline 1 61.88 | 6688 | 7125 | 4933 | 5483 | 5567
Baseline2 | 60.13 | 59.63 | 6450 | 39.83 | 4642 | 4833
ViT Reptile-plain || 6405 | 69.25 | 7525 | 5033 | 5375 | 57.83
ReptileDS || 4875 | 51.63 | 5463 | 3175 | 3325 | 3467
Reptile-DSFT | 58.88 | 6513 | 7138 | 4200 | 4842 | 53383
Baseline 1 6588 | 68.75 | 7688 | 5042 | 5400 | 61.67
Baseline2 | 6638 | 7025 | 7475 | 5642 | 62.58 | 59.67
Swin Reptile-plain 67.25 70.38 76.88 51.75 60.92 69.25
Reptile-DS | 4805 | 51.88 | 5850 | 3050 | 3725 | 4092
Reptile-DSFT | 71.88 | 7650 | 79.00 | 5642 | 63.83 | 67.42

selection process was guided by validation performance, with
particular attention paid to reducing overfitting and improving
generalization across tasks. For the Reptile-based methods,
we also explored different inner- and outer-loop learning rates,
numbers of shots, and task batch sizes to ensure stable meta-
optimization.

The Adam optimizer was used for all experiments, with a
learning rate of 10~ for the ResNet50 architecture and 10~*
for the Transformer-based architectures. For Reptile training,
these values were used as the inner-loop learning rates.

Baseline 2 and the pretrained and fine-tuned models used
in Reptile-DS and Reptile-DSFT were trained with a fixed
batch size of 16 images for up to 100 epochs. To mitigate
overfitting, early stopping was employed, selecting the final
model based on the lowest validation loss. Additionally, class
weights were incorporated to address data imbalance.

Pretraining and fine-tuning of the models used in Reptile-
DS and Reptile-DSFT were conducted on domain-specific
data from APTOS 2019, using CrossEntropyLoss to optimize
classification of diabetic retinopathy severity. To further miti-
gate overfitting, we applied a combination of CutMix, MixUp,
and standard data augmentation techniques.

For all Reptile training, the batch size was set to 10 for 2-
way tasks and 15 for 3-way tasks. The number of inner-loop
update steps was set to 2, 4, and 8 for the 5-shot, 10-shot,
and 20-shot tasks, respectively. In the outer loop, we used a
learning rate of 0.1 with linear decay, decreasing the learning
rate from its initial value to zero over 1000 update steps, using
a batch size of 5 tasks.

For the Evaluation stage, we used Adam with the previously
mentioned learning rate, 52 update steps, 400 runs, and the
same inner-loop batch size. To ensure a fair comparison, we
applied the same hyperparameters when testing meta-learners
(Reptile) and the baselines. Additionally, we set random seeds
to guarantee the reproducibility and determinism of the eval-
uation task generation, minimizing variability across runs.

The five training methods were run for the three base ar-
chitectures using data from Dy, and evaluated on data from
Direst» as specified in Section 3.1.

Evaluation results are presented in Table 2. Overall, Swin-
based models achieve the best performance. Next, we sum-
marize the key findings from this experiment.

Reptile wins over transfer learning: Reptile-plain models
consistently outperform Baselines 1 and 2 for both Swin and
ViT architectures, with gains of up to 7.58 percentage points
on the 3-Way 20-Shot tasks, highlighting the benefits of the
meta-learning paradigm for this problem.

For the ViT architecture, comparing Baseline 1 and Base-
line 2 reveals that additional standard training of the base
model may degrade performance. This may be explained by
a degree of overfitting during ViT’s training phase, indicating
that a significantly larger dataset would be necessary to miti-
gate this effect. Furthermore, these results hint that Reptile is
better suited for few-shot learning scenarios.

In contrast, the ResNet50 architecture presents a different
trend. Here, Reptile is outperformed by the baselines. Notably,
prior studies often use a larger number of outer steps when
training CNNs [Singh et al., 2021], which could potentially
enhance Reptile’s performance with ResNet50. However, to
ensure a fair comparison across architectures within a sim-
ilar training time, we maintained the same hyperparameter
settings and leave further investigation for future work.

Fine-tuning with domain specific data helps: Reptile-
DSFT consistently demonstrates superior performance com-
pared to Reptile-plain, achieving significant improvements
across both ResNet50 and Swin architectures. Notably, the
gains reach up to 9 percentage points on 2-Way-5-Shot for
the ResNet50 architecture. This highlights the considerable
advantages of adding a domain-specific training stage prior
to the Reptile training.

In contrast, the ViT architecture exhibits a different trend.
In this case, Reptile-plain outperforms models that undergo
additional pretraining. This may be, again, explained by ViT’s
training phase being more prone to overfitting, suggesting that
a significantly larger dataset, along with stronger data aug-
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Table 3. Augmentation techniques applied on different stages of Reptile-DSFT with Swin architecture. For each N-way K-shot setup, best
result for each specific augmentation is underlined, and best overall result is in bold. 1 indicates improvement over no augmentation.

. 2-way 3-way
Augmentation | Where | 0T 10-shot | 20-shot | 5-shof | 10-shot | 20-shot
None ~ [ 7188 | 7650 | 7900 | 5642 | 63.83 | 6142
T [[72.631 | 76751 | 78.50 | 58751 | 63.50 | 6775
Basic E | 7263t | 76751 | 7838 | 5858 | 63.50 | 6775
HE || 72501 | 76751 | 7838 | 58.581 | 63.50 | 6775t
T [[72.63t | 7525 | 79751 || 59751 | 60.83 | 69.83
MixUp E | 6813 | 73.63 | 80381 | 5500 | 6125 | 66.58
+E || 68.00 | 7438 | 7925t | 5458 | 62.67 | 71001
T | 7000 | 7475 | 80.631 || 56921 | 6233 | 6933
CutMix E | 6675 | 7513 | 79751 | 5558 | 6292 | 68.501
WE || 6713 | 7438 | 82381 | 5625 | 6283 | 69.671
I [[73.887 | 78.257 | 81.001 || 58501 | 6117 | 68.08
All E | 7125 | 78131 | 82131 | 56671 | 63.08 | 69.081
I+E || 7063 | 77.881 | 8188 | 59501 | 6258 | 67751

mentation strategies, may be required to mitigate this effect.

ImageNet pretraining wins over domain-specific pretrain-
ing: The approach of using Reptile after pretraining on Im-
ageNet (Reptile-plain and Reptile-DSFT) consistently demon-
strates superior performance when compared to using Reptile
pretrained solely on a small, domain-specific dataset (Reptile-
DS), across all tested architectures. The performance gains
were particularly substantial, with an improvement of up to
approximately 28.33 percentage points in the 3-Way-20-Shot
setting when using the Swin architecture. This highlights
the significant advantage of pretraining on a large and di-
verse dataset such as ImageNet, which appears to enhance the
model’s generalization capability and its ability to adapt to
new, domain-specific tasks. This effect may be attributed to
the stark contrast in dataset sizes: ImageNet contains roughly
14 million images, whereas APTOS comprises only 3,662.

The best overall performance is achieved by the Reptile-
DSFT with Swin architecture. Therefore, this configuration
was selected for the second experiment.

4.2 Effects of Data Augmentation

Using the same experimental setup of the selected model
(Swin model with Reptile-DSFT), we apply the augmentation
methods described in Section 3.3. These methods are tested
across all combinations of N = 2,3 and K = 5,10,20 N-
way K -shot tasks, considering different application locations
(I, E, or I+E). The augmentation techniques are implemented
using the torchvision library [TorchVision Maintainers and
contributors, 2016], with « set to 1.0.

Results: The results are presented in Table 3. Overall, we
see that data augmentation, regardless of its type, results in
improved evaluation accuracy, with the maximum improve-
ment observed in our experiments being 3.58% (3-way 20-
shot, with MixUp). The only exception is the 3-way 10-shot,
where none of the augmentation strategies surpassed the no-
augmentation baseline. We believe this is just an unfortunate
coincidence, and we leave further investigation as future work.

Comparing the three strategies (I, E, I+E), best results shot-
wise involve either I or I+E. This hints to the importance of
data augmentation in the internal loop of the training stage (I),
but also shows that when it is combined with augmentation in
the evaluation stage (I+E) it may lead to further improvements.
Nevertheless, there is no clear winner between the two.

Another noticeable characteristic is that data augmentation
seems to be more effective for larger shot sizes. For the 5-
shot cases, there are 13 improvement cases out of 24, while
for the 20-shot cases, there are 20 improvement cases out of
24. This is reasonable since the larger the base dataset, more
diverse augmentation is possible compared for instance to a
very small base dataset of only 5 images.

Prediction confidence score analysis: To further investi-
gate the differences between applying augmentations in the
Inner-loop versus in the Evaluation stage, we examine the
distribution of confidence scores across predictions to gain
insights into the model’s reliability and robustness.

To that end, given a model, let p, denote the predicted
score for the output class of a test input « during evaluation.
It is of particular interest to investigate the model’s behav-
ior when making high-confidence predictions—specifically,
when p, > T, for a chosen confidence threshold, such as
T=0.8.

To quantify this, we compute the proportion of correct
predictions when the model is highly confident (say, T = 0.8),
as follows:

# correct predictions with p, > T

Acczr = # total predictions with p, > T

This proportion can be interpreted as the accuracy computed
with respect to the subset of examples for which a model
makes a prediction with high confidence.

Table 4 shows Accxr, for T' = 0.8 (confidence of 80%).
As shown, regardless of the specific N-way K -shot configu-
ration, higher overall Accx g scores are observed when data
augmentation — specifically using methods such as CutMix
or MixUp — is applied during the evaluation stage.

High values of Accxr for a large confidence threshold T'
indicate that the model’s predictions are more likely to be
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Table 4. Recall Accx> for the cases where Reptile-DSFT with Swin architecture model prediction confidence is above 80% (1" = 0.8). For
each N-way K -shot setup, best result for each specific augmentation is underlined, and best overall result is in bold.

. 2-way 3-way

Augmentation | Where |~ G T 10-shot | 20-shot | 5-shot | T0-shof | 20-shof
I+E || 7041 | 7584 | 8204 | 5990 | 6406 | 6043

Basic 1| 7190 | 7848 | 7901 | 6130 | 6838 | 73.88
E | 7260 | 7690 | 8426 | 5682 | 6595 | 7156

+E | 8081 | 7948 | 8467 | 6790 | 7358 | 75.86

MixUp 1| 7675 | 7700 | 8147 | 5798 | 6400 | 69.89
E | 7989 | 8296 | 8847 | 7297 | 68.18 | 8347

WE | 7753 | 79.67 | 8953 | 6574 | 6001 | 8144

CutMix 1| 7220 | 7731 | 7991 | 6261 | 5991 | 6601
E | 8034 | 8221 | 8421 | 6829 | 6757 | 83.08

+E | 77.16 | 86.14 | 90.75 | 75.00 | 72.60 | $8.64

All 1| 7051 | 7584 | 8184 | 60.00 | 6402 | 6951
E | 8191 | 8721 | ss11 | 6267 | 7949 | 8675

correct when it assigns high confidence. This is a highly
desirable property, particularly in the medical domain, as it
enhances the model’s trustworthiness and reliability, which
are essential when supporting physicians in disease diagnosis.

To further analyze confidence distributions, Figure 4 shows
the confidence distribution plots for 100 correct and incor-
rect predictions, comparing augmentations applied during the
Inner-loop (I) and during both the Inner-loop and Evaluation
stages (I+E) for Basic and MixUp augmentations. Top two
rows in the plot panel refer to basic augmentation, and the two
bottom rows refer to MixUp augmentation. Columns in the
plot panel refer respectively to 2-way 5-shot, 2-way 10-shot,
and 2-way 20-shot setups. In each plot, in the x-axis is the
prediction confidence (p,) and in the y-axis is the number of
predictions made by the model with each confidence value.
The number of correct predictions is shown in blue while
the number of incorrect predictions is shown in orange. The
curves are approximate probability density distributions.

The plots reveal that when Basic augmentation is employed
(two top rows in the plot panel), the models tend to exhibit
extreme confidence in their predictions regardless of being
correct or incorrect. Regardless the augmentation type, when
it is applied in the Inner-loop (I) only — rows 1 and 3 in the
plot panel, the models also tend to exhibit extreme confidence
in their predictions, whether they are correct or incorrect. On
the other hand, when Mixup augmentation is applied in both
the Inner-loop and Evaluation stages (I+E) — last row in the
plot panel, the models display a more nuanced confidence
pattern. In particular, it is interesting to note that they are
less confident when making incorrect predictions and more
confident when making correct ones.

Although not plotted in the panel, similar results are ob-
tained when CutMix is used as the data augmentation method.
In summary, the plots indicate that when augmentation (specif-
ically MixUp or CutMix) is applied not only in the inner loop
(D but also in the Evaluation stage (I+E), models tend to
exhibit higher confidence when they are actually correct.

To understand how the pattern observed in the plots of
Figure 4 and quantified in Table 4 changes with varying con-
fidence levels, we show in Figure 5 a set of plots of Acc>r
for T = 0.8,0.85,0.90,0.95. The top panel refers to Ba-
sic augmentation while the bottom panel refers to CutMix

augmentation. Columns in the plot panel refers to the 2-way
5-shot, 2-way 10-shot, and 2-way 20-shot setups, respectively.

The plots show that, except for the 2-way 5-shot with Basic
data augmentation, application of augmentation in the evalu-
ation stage leads to improvements of Acc>7. This improve-
ment is particularly noticeable when CutMix is employed,
reaching accuracy improvements of more than 10%. More-
over, we see a trend that indicates an increase in the gap with
the increase in the confidence level.

4.3 Explainability Analysis

Besides the confidence level discussed in the previous section,
explainability is a key element to enhance the trustworthiness
of a prediction model. Thus, we generated heatmaps following
the method described in Section 4.3. For each image, we
averaged Grad-CAM heatmaps over 100 times the image was
correctly classified in the evaluation process.

Figure 6 shows the generated heatmaps. They are all part
of the 2-way K -shot setups, with the two classes considered
including the “healthy” class and one second class among
“hemorrhage”, “nevus” and “vascular occlusion” classes. For
each setup, a single K-shot and a single test image was se-
lected. The first column in the panel corresponds to K = 5
and classes “healthy” and “hemorrhage”; second column to
K = 10 and classes “healthy” and “nevus”; and third column
to K = 20 and classes “healthy” and “vascular occlusion”.
Rows of the panel correspond to the training methods. The
models, except Reptile-DSFT, are the ones based on the Swin
architecture listed in Table 2. For Reptile-DSFT, for each
2-way K-shot setup, we considered models trained with data
augmentation and chose the one that exhibited best perfor-
mance according to Table 3.

In the first (hemorrhage class) and second (nevus class)
columns, Baseline 2 and Reptile-DSFT appear to highlight the
relevant image regions, whereas the other models emphasize
less relevant areas. In the third column (vascular occlusion
class), all models except Reptile-DS seem to highlight part of
the correct region. However, the first four models generally
produce more diffuse Grad-CAM maps, sometimes extending
outside the circular fundus region. In contrast, the maps
produced by Reptile-DSFT are sharper, with activations more
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Figure 4. Prediction confidence distribution across N-way K -shot tasks of the Reptile-DSFT with Swin architecture. First two rows in the panel refer to Basic
data augmentation and two bottom rows refer to MixUp data augmentation.
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Figure 6. Heatmap examples: varying training methods for the 2-way K -shot setup (with K = 5, 10, 20) on “healthy” against “hemorrhage”,
“vascular occlusion” classes.
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concentrated on the relevant regions.

Although the examples presented in Fig. 6 provide only
a limited case analysis, they complement the quantitative
analyses from the previous sections. In particular, the sharper
and more localized Grad-CAM maps produced by Reptile-
DSFT are consistent with the stronger performance observed
in the previous experiments.

5 Conclusion

This study aimed to evaluate Reptile’s ability to build a model
capable of learning to classify new, previously unseen, eye
diseases with just a few examples.

An extensive experimental setup was proposed, exploring
three model architectures (ResNet50, ViT, Swin), two stan-
dard training and three Reptile based meta-training methods,
and non-trivial data augmentation methods employed in the
training and evaluation stages of the models.

Reptile presented superior performance than simple transfer
learning. Among the architectures, Swin was clearly superior.
Moreover, further training models pretrained on APTOS 2019
(a second eye fundus image dataset) reveals that final models
present improved results.

Regarding data augmentation, although no specific aug-
mentation type stood out, overall they lead to performance
improvement. The gain is more noticeable for larger shots. A
novelty in our study is the employment of data augmentation
in the evaluation stage. The results indicate that, in this case,
models generated higher confidence values when they are
correct. Moreover, explainability analysis, based on a newly
proposed Grad-CAM map aggregation method, indicates that
the activations of the winning model is more focused on the
anomaly region, reinforcing the observed quantitative results.

Based on the observed results, we conclude that Reptile
has potential to learn eye diseases in retina images in few-shot
scenarios. Thus, it can be employed to learn new disease
classes or when adapting the model for a new dataset, such as
to the newly released mBRSET, a Mobile Brazilian Retinal
Dataset [Nakayama et al., 2024c].

Since using APTOS 2019 indicated that models benefit
from additional training on domain specific data prior to
meta-training, as a future work we would like to explore
self-supervised approaches for the pretraining of the model
architectures to take advantage of large volume of unlabeled
images. We also would like to explore other few-shot learning
approaches.
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