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Abstract

Accurate brain tumor classification from magnetic resonance imaging (MRI) is vital for clinical diagnosis, yet
the scarcity of labeled data often hinders the deployment of deep learning models. To address this challenge,
we propose the hybrid Vision Transformer (ViT)-Reptile framework, which integrates a partially fine-tuned
ViT-B/16 for feature extraction with a Prototypical Network (ProtoNet) for metric-based classification,
enhanced by the Reptile meta-learning algorithm for rapid parameter adaptation at test time. We evaluated
the framework on a public brain tumor MRI dataset containing 3,264 T1-weighted images across four
categories (glioma, meningioma, pituitary tumor, and healthy brain) under a 4-way K-shot episodic protocol

with K € {1, 3,5}. Our model consistently outperforms baselines including ResNet-50, DenseNet-121, and
a non-adaptive ViT-based ProtoNet. Specifically, at K =5, the framework reaches 87.43 + 0.28% accuracy
with a macro Fl-score of 0.8700 + 0.0029. Performance confirms that Reptile’s test-time refinement leads to
cumulative gains, especially in the challenging 1-shot setting. Visualization of the embedding space further
reveals that the model produces distinct feature clusters for all four tumor categories, with separability
improving as K increases. These findings suggest that combining ViT with first-order meta-learning is an
effective and efficient way to handle data scarcity in medical imaging.
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1. Introduction Deep learning has significantly changed medical
image analysis over the last decade. Models like
convolutional neural networks (CNNs) and more
recently, Vision Transformers (ViTs) have achieved
excellent results in tumor detection and segmentation.
However, these models usually need large, labeled
datasets to work well, which is a major challenge in
clinical practice. Acquiring MRI scans is expensive
and time-consuming because only medical experts
can provide accurate annotations. As a result, models
trained on small datasets often struggle with overfitting
and often fail to generalize to unseen patient data.

Brain tumors are among the most severe neurolog-
ical conditions, with over 84,000 primary diagnoses
annually in the United States alone [1]. These tumors
significantly impact a patient’s cognitive and physical
health, so early and accurate classification is essential
for treatment planning, as different tumor types such
as glioma, meningioma, and pituitary require distinct
therapeutic strategies. While magnetic resonance imag-
ing (MRI) is the standard for non-invasive detection
due to its excellent soft-tissue contrast, yet manual
interpretation remains slow, subjective and prone to

inter-reader variability. This places heavy pressure on Few-shot learning (FSL) provides a practical way to
radiologists, especially in areas where specialists are  handle this data scarcity [2]. By using episodic training,
scarce. these FSL methods learn to generalize to new categories

with only one to five labeled examples. Among FSL
approaches, Prototypical Networks (ProtoNets) [3] are
particularly well-suited to medical imaging. They
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represent each class as a centroid (prototype) in the
embedding space and classify new samples based on
their distance to these prototypes. In medical imaging,
the choice of this distance metric is crucial. Since
MRI pixel intensities reflect physical tissue properties
like water content and proton density, magnitude-
aware metrics like Euclidean distance are often more
suitable than directional ones like Cosine similarity.
The authors in [3] demonstrated this advantage
empirically, showing that Euclidean-based prototypical
classification outperforms cosine-based alternatives in
low-shot regimes.

ViTs have also introduced new ways to learn
medical image features. They offer complementary
advantages as feature extractors for few-shot medical
imaging. Unlike CNNs, whose local receptive fields
limit their ability to capture long-range spatial
relationships, the self-attention mechanism in ViTs
can capture relationships across the entire image. In
neuro-oncology, this is particularly important because
accurate tumor classification often requires jointly
analyzing local textures (e.g., necrotic regions) and
global anatomical changes (e.g., midline shift) [4].
When paired with episodic training, a partially fine-
tuned ViT serves as a powerful feature extractor.
This approach balances model expressiveness with
parameter efficiency, which is vital when working with
very small support sets. Additionally, integrating the
Reptile meta-learning algorithm [5] allows the model to
refine its parameters for each specific task at test time.
This adaptation ensures the model’s features are better
suited to the unique data distribution of every episode.

However, standard ProtoNets freeze the feature
extractor after training, relying on a static embedding
space that may not align well with the distribution
of new support samples encountered at test time.
Integrating the Reptile meta-learning algorithm [5]
addresses this limitation. Reptile performs first-
order gradient-based adaptation, refining the model’s
parameters for each test episode using only the
available support set. Unlike model-agnostic meta-
learning (MAML) [6], which requires computationally
expensive second-order gradients, Reptile achieves
comparable adaptation quality at substantially lower
cost, making it practical for use with large Transformer
backbones.

We propose a hybrid ViT-Reptile framework that
combines ViT feature extraction, ProtoNet classifica-
tion, and Reptile meta-learning into a single pipeline
designed for few-shot brain tumor classification. We
also demonstrate that partial fine-tuning of the last
two ViT Transformer blocks, instead of full fine-tuning,
provides an effective balance between domain-general
pre-trained features and MRI-specific adaptation under
data-scarce episodic conditions.

To evaluate the model, we used the brain tumor
classification MRI dataset [1], containing 3,264 T1-
weighted images across four categories: glioma, menin-
gioma, pituitary, and healthy brain. Our framework was
tested under 4-way K-shot episodic settings with K e
{1, 3,5} and compared against ProtoNets using ResNet-
50 and DenseNet-121 backbones, as well as a non-
adaptive ViT-based variant that serves as a direct abla-
tion baseline for the Reptile component.

The remainder of this paper is organized as follows.
Section 2 reviews related work on brain tumor
classification, FSL, ViT in medical imaging, metric-
based meta-learning, and optimization-based meta-
learning. Section 3 describes the proposed hybrid
ViT-Reptile framework in detail. Section 4 presents
the experimental setup. Section 5 shows results and
analysis. Finally, Section 6 concludes the paper and
outlines directions for future work. For ease of
reference, the principal notations employed in this
work are listed in Table 1.

Table 1. Summary of key notations used throughout the paper

Notation ‘ Description

N Number of classes per episode (N-way)

K Number of support samples per class (K-
shot)

q Number of query samples per class per
episode

S Support set of an episode

Q Query set of an episode

fo Feature extractor parameterized by 6

Ck Prototype of class k

d(., )

Distance function (Euclidean or Cosine)

Lepisode | Episodic cross-entropy loss
Oadapt Adapted parameters after Reptile inner
loop
Opnew Final parameters after Reptile meta-
update
€ Reptile meta-update step size

2. Related Work

2.1. Brain Tumor Classification with Deep Learning

The medical image analysis community has increas-
ingly focused on automating brain tumor classifica-
tion to develop more scalable diagnostic tools. Early
approaches relied on handcrafted feature extraction
combined with classical machine learning models such
as support vector machines (SVM) and random forest
[7]- While these methods demonstrated reasonable per-
formance on controlled datasets, they were ultimately
limited by their inability to fully represent the complex
and varied appearance of tumors in MRI scans. This
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limitation prompted a shift toward deep learning-based
architectures, which offered greater representational
power through learned feature hierarchies.

CNNs have changed medical image analysis signifi-
cantly. As documented in the survey by [8], there has
been a swift move from manual feature engineering
to deep representation learning across various imaging
tasks. In this context, CNNs have become the primary
tool for image-based diagnosis. Specifically for brain
tumor analysis, the authors in [9] showed that these
networks could accurately classify tumors into four
categories: glioma, meningioma, pituitary tumor, and
healthy tissue. Their results on public MRI datasets
showed that CNNs outperform SVM-based models by
a wide margin.

One major challenge in using deep CNNs for medical
imaging is the lack of large labeled datasets, which
makes it difficult to train models from scratch. To
address this, transfer learning has become a common
strategy, where models pre-trained on natural image
datasets (e.g., ImageNet) are fine-tuned for medical
tasks. For instance, ResNets, introduced by [10], use
skip connections to help train deeper networks and
are now widely used as a base for transfer learning.
Similarly, DenseNets, proposed by [11], improve feature
propagation across layers, showing better performance
even when training data is limited.

Several researchers have applied these transfer
learning backbones to brain tumor classification. For
example, the authors in [12] used a pre-trained
GoogLeNet model to extract features, which were then
classified using an SVM. This approach reached high
accuracy on a four-class MRI dataset. Similarly, the
study in [13] fine-tuned the VGG-19 architecture on T1-
weighted scans. The authors found that fine-tuning the
upper layers of the network worked much better than
simply using it as a fixed feature extractor. Together,
these works helped make transfer learning with CNNs
the standard approach for identifying brain tumors.

However, a major limitation still exists. Supervised
deep learning models need large, balanced datasets to
work well, but MRI scans of brain tumors are often
scarce and imbalanced. This happens because certain
tumor types are rare and expert labeling is expensive.
The problem is even worse for the rarest histological
types, where we might only have a few labeled samples
per class. To solve this, a FSL approach, discussed
next section, offers a principled alternative for such
scenarios. Instead of traditional training, the model
is designed to learn from very few examples through
episodic meta-learning.

2.2. Few-Shot Learning and Meta-Learning

FSL aims to train models that can recognize new
categories using only a few labeled examples per class.

While traditional supervised learning depends on large
datasets, FSL methods use knowledge gained from
previous tasks to adapt quickly to new ones with
minimal data. This approach is especially useful in
medical imaging, where collecting large amounts of
labeled data is often too expensive or impractical [8].

Early FSL methods focused on metric learning. The
goal was to learn a shared embedding space where
examples from the same class are grouped closely
together, while different classes stay far apart. For
instance, the authors in [14] used Siamese networks
to learn a similarity function between pairs. This
technique allows the model to recognize new classes
without needing to be retrained. The study in [15] then
introduced matching networks, which used attention
and an episodic training strategy. This strategy is
important because it makes the training process match
the actual few-shot testing conditions. Later, the work
in [3] simplified this further with ProtoNet. Instead of
complex pair comparisons, ProtoNet represents each
class by the mean of its examples (a prototype). Because
it is simple yet effective, ProtoNet has become one of the
most popular baselines in FSL.

Besides  metric-based methods, optimization-
based meta-learning has also gained attention.
These approaches focus on finding a good model
initialization that can be quickly fine-tuned for new
tasks. For example, the authors in [16] used a long
short-term memory-based meta-learner to learn the
update rule itself. Later, the study in [6] introduced
MAML, which optimizes for a starting point where
only a few gradient steps are needed to reach high
performance. While MAML works for many types
of tasks, it is computationally expensive because it
requires second-order gradients. To solve this, the
authors in [5] proposed Reptile. This method uses a
first-order approximation. In addition, this method
helps avoid complex calculations by moving the
model initialization toward the updated parameters
after a few simple steps. Formally, given adapted
parameters 0,4,p; obtained from inner-loop stochastic
gradient descent (SGD) on the support set, the Reptile
meta-update is defined as

Onew =0 +€- (eadapt - 0). (1)

Even though it is simpler, Reptile performs as well as
MAML but at a much lower cost, making it ideal for use
with large pre-trained models.

In medical imaging, FSL is becoming a popular way
to handle the lack of clinical data. Several studies have
adapted metric-based FSL for medical tasks, showing
that embedding networks trained through episodes can
recognize rare disease categories effectively. Recently,
the authors in [17] introduced GraphMriNet for
brain tumor classification. Their model combines
Prewitt-based edge features with a graph isomorphic

EAI Endorsed Transactions on
Tourism, Technology and Intelligence
| Volume 3 | Issue 2 | 2026 |

2 EA 3



Tuyet-Nhi T. Nguyen, et al.

network. Their findings suggest that structural graph
representations provide valuable information that
complements standard CNN embeddings, especially in
few-shot scenarios. However, their approach relies on
hand-engineered edge features and does not exploit
the global self-attention capabilities of Transformer
architectures.

Our study extends existing research by integrating
a ViT backbone with ProtoNet-based metric learning
and Reptile-based meta-learning. Unlike prior works
that focus on CNN extractors or standard supervised
classification, the proposed framework is designed
to leverage the global self-attention of Transformers.
By combining this with episodic learning, the model
retains the computational efficiency required for few-
shot MRI classification while improving its ability to
generalize from minimal data.

2.3. Vision Transformers in Medical Imaging

ViT, introduced by [18], offered a new alternative to
the convolutional models that had dominated computer
vision for years. Instead of using local filters, ViT
breaks an image into fixed-size patches and processes
them as a sequence using Transformer encoder blocks.
This allows the self-attention mechanism to capture
relationships across the entire image. In contrast,
standard convolutional filters are limited by their small
receptive fields and cannot easily capture these long-
range dependencies. Although ViT was originally tested
on large natural image datasets, researchers have begun
applying it to specialized fields like medical imaging.

The ability to capture global context is vital in
the medical domain, where pathological features in
MRI scans may exhibit relationships across large
spatial areas. Swin-Unet [19], for example, uses
a fully Transformer-based U-shaped architecture for
multi-organ segmentation. By removing convolutional
layers entirely, it proved that pure self-attention can
capture long-range anatomical relationships that local
filters often miss. A survey by [20] further confirmed
this trend, showing that Transformers consistently
outperform CNNs in tasks requiring precise spatial
reasoning, including classification, segmentation, and
detection.

In brain MRI analysis, ViT-based models are
particularly effective at capturing global features across
the entire scan. For instance, the authors in [21]
investigated an ensemble of various pre-trained ViT
architectures fine-tuned on T1-weighted scans. Their
study showed that this ensemble performed better
than standard CNN baselines, proving that ViT models
pre-trained on ImageNet can adapt well to MRI
data even with the differences between natural and
medical images. However, most studies still use ViTs
in a standard supervised setting, which requires large

amounts of labeled data. There is still very little
research on combining ViT feature extraction with
few-shot episodic training, especially for brain tumor
classification.

In this study, we used a ViT-B/16 model pre-trained
on ImageNet as the feature extractor. To prevent
overfitting on the small support sets during episodic
training, we applied a partial fine-tuning strategy.
In detail, only the last two Transformer blocks are
unfrozen during meta-training, while the other layers
remain fixed. This choice helps balance the general
visual features from pre-training with the need to adapt
to MRI-specific details. It also helps solve the data
efficiency problem that often makes it difficult to use
ViT in low-data medical settings.

3. Proposed Methodology

In this study, we propose a hybrid architecture to
address the challenge of brain tumor MRI classification
under data-scarce conditions. The overall architecture
consists of three main components: (1) a ViT-B/16 [18]
acting as the global feature extractor; (2) ProtoNet [3]
to establish a robust metric space; and (3) the Reptile
meta-learning algorithm [5] to facilitate rapid test-time
adaptation.

3.1. Episodic Problem Formulation

Instead of using standard mini-batch training which
often struggles with small datasets, our framework
follows the episodic meta-learning paradigm. We define
the FSL problem as an N-way K-shot classification
task [15]. In this approach, training and evaluation
are organized into independent “episodes” rather than
processing the entire dataset at once. Each episode
consists of two main subsets: a support set (S) and a
query set (Q). The support set consists of K labeled
image samples for each of the N classes. In this
study, N =4 corresponding to the four brain tumor
categories, with K € {1,3,5}, and the support set is
formally defined as

S = {(x;, v}k, (2)

where x; denotes the i-th input MRI image and y; €
{1,...,N} is its corresponding class label. The query
set Q contains unlabeled samples, and the model must
predict their labels based on the knowledge encoded
from S:

Q = {(x;, y13°. (3)

For example, in a 5-shot setup, the sampler picks
K =5 labeled support images and Q = 15 unlabeled
query images for each of the four tumor classes. This
results in a single episode with 20 support images
to build the prototypical embedding space and 60
query images to calculate the loss. Our main goal is to

EAI Endorsed Transactions on
Tourism, Technology and Intelligence
| Volume 3 | Issue 2 | 2026 |

2 EA 4



Hybrid ViT-Prototypical Reptile Learning for Few-Shot Brain Tumor MRI Classification

maximize accuracy on the query set on Q using only the
limited information from the support set S. This task-
sampling approach acts as a form of regularization. By
constantly changing the tasks, we prevent the model
from memorizing specific batches and instead force it
to learn features that work well across all four types of
brain cancer.

3.2. Vision Transformer as Feature Extractor

Our framework uses a feature extractor to map each
input image x; into a discriminative embedding space.
While most few-shot architectures rely on CNNs, these
models often have limited receptive fields. This makes
it hard for them to capture the global context and long-
range spatial details that are essential for brain MRI
analysis. In neuro-oncology, this is a major drawback
because accurate diagnosis requires looking at both
local textures (like necrosis) and global anatomical
changes (like midline shifts) [4]. To solve this, we use
the ViT-B/16 [18] as our core feature extractor. This
function is parameterized by 6 and denoted as fy.

Following the pipeline in Fig. 1, an input MRI scan
x; € RIPWXC g first divided into a sequence of non-
overlapping 16 x 16 patches. We then project each
patch into a D-dimensional latent space (D = 768)
to create patch embeddings. To keep track of the
original layout, we add one-dimensional (1D) positional
embeddings to the sequence and prepend a learnable
classification token ([CLS]) . When the sequence passes
through the Transformer encoder blocks, the multi-
head self-attention (MHSA) mechanism calculates
correlations between all patches at once. This global
receptive field allows the model to analyze both small
details and the overall structure in a single forward
pass. Finally, we extract the image representation
fol(x;) € R from the [CLS] token at the last encoder
block to get a globally-aware feature vector.

Since the ViT backbone fy is shared across the entire
episode, it is applied to all images in both the support
set S and the query set Q. The resulting support features
Fs and query features Fy are obtained by passing each
image through fy independently as follows:

Fs = folS) = {fobe)], . e RV, (g)

NxQ

].:1 c R(NXQ)Xd, (5)

Fo = fo(Q) = {fo(x))}
where d = 768 is the embedding dimensionality of the
ViT-B/16 architecture. For a standard 5-shot episode,
Fs contains 4 x 5 = 20 feature vectors and Fg contains
4 x 15 = 60 feature vectors, each with a dimension of
768. We then pass these two sets to the ProtoNet. Here,
Fs helps build the class-level prototypes, and Fy is used
to calculate the episodic loss, as explained in the next
section.

Training a large model like ViT-B/16 on small
medical datasets often leads to overfitting. To avoid
this, we use a selective fine-tuning strategy. We
freeze the early Transformer blocks since they capture
basic visual features, such as edges, which are useful
across different domains. By only training the last
two blocks and the projection head, the model can
adapt to specific tumor features without losing its
pre-trained knowledge. This approach also reduces
the number of parameters to optimize and helps the
model converge faster during meta-learning. We chose
two blocks as a practical trade-off between adaptation
capacity and overfitting risk; unfreezing fewer blocks
limits the model’s ability to learn domain-specific
representations, while unfreezing more increases the
risk of overfitting on the small support sets.

3.3. Prototypical Networks and Distance Metric

With the support features Fg and query features Fg
produced by the shared ViT backbone, we employ
ProtoNets [3] to map the data into a metric space. Here,
the class of a query image is determined by finding the
nearest class prototype.

Prototype Computation. For each class k € {1,..., N}, let
Sk denote the subset of support images belonging to
class k, which is denoted as

Si={xi: (xi,9:) €S, pi =k} (6)

The class prototype ¢, € R? is computed as the mean
of the feature vectors of all support images in S, which

is shown as .
o =157 ) foli) (7)

X,‘ESk

Using (6), we generate a representative embedding
for each class. These embeddings form the set of
support prototypes C = {cj,¢cy,...,¢cN}, as shown in
Fig. 1. In this embedding space, each prototype c; acts
as the centroid for class k. It summarizes the support
samples into a stable reference point for each specific
tumor type.

Distance Metric. Each query image x; €Q is then
classified by measuring its distance to every class
prototype. We adopt the Euclidean distance as the
similarity metric, which is calculated as

d(f@(xj): Ck) = | folxj) - e, - (8)

We chose Euclidean distance over Cosine similarity
for a specific reason. In MRI scans, pixel intensity and
contrast reflect physical properties like tissue density.
Cosine similarity normalizes vectors to unit magnitude,
which completely ignores this amplitude information.
In contrast, the Euclidean metric preserves both the
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(2) Metric Formulation

(1) Feature Extraction

Prototypical Network

ViT Backbone R —
Compute §
I\l " AT Prototypes Cy] I
[ BN SN ]
5 kel 23 a
Support Images § o E § Support Features Support Prototypes | §
£ gl E3 s Proto Loss L,
& £ g 5 | — > Proto Loss Lepisode
= o £g 3
Input Images 8 2 kg P
S g —>*2 i)
o = 2 ©
] — 3
—J L <
o

Query Images Query Features

(3) Test-Time Adaptation & Inference

Reptile Test-Time Adaptation

SGD Inner Loop Update

Proto Loss Lepisode Final Predicted Classification

(from stage 2)

Adapted Parameters 6 adapt

Final Inference
with Bpew

Initial Parameter 8,y

Assign Final Parameters

Bnew = eadam

Figure 1. Overview of the hybrid ViT-Reptile framework. The pipeline flows from left to right through three main stages. (1) Feature
Extraction: Input MRI scans are divided into patches and processed by a ViT. To maintain efficiency on small medical datasets, we only
fine-tune the last two Transformer blocks while keeping the rest frozen. (2) Metric Formulation: In the ProtoNet stage, support features
are averaged to create class prototypes (Cy). We then use Euclidean distance to calculate the similarity between query samples and
these prototypes. This choice preserves pixel-intensity information and produces the episodic loss (Lepisege)- (3) Test-Time Adaptation
& Inference: At test time, the Reptile algorithm adapts the model weights using the support set. An SCB tnner- loop update generates
adapted parameters (Oaqqp¢), followed by a meta-update with step size € to reach the final parameters (6,,). These final weights are used
for the final query classification. This process results in a separable embedding space that allows for precise tumor discrimination

direction and magnitude of the embeddings, keeping
the full geometric structure of the feature space. This
choice is supported by [3], who showed that Euclidean-
based clustering often performs better than Cosine
similarity in few-shot tasks.

The episodic loss Lepisode 1S then computed as the
mean cross-entropy over all query images in O as
follows:

1
ﬁepisode:_@ Z log P(?Zy] |x]) (10)
(xj,9)€Q
Classification and Episodic Loss. The probability that

a query image x; belongs to class k is obtained by
applying a softmax function over the negative distances
to all prototypes, which is computed as

eXP(—d(fe(xj), Ck))

ie ( fg xi), ck)).

k’'=1

2 EA

)

plv=klx;)=

By minimizing Lepisode, the feature extractor fy
learns to create embeddings where support prototypes
are distinct and far apart. At the same time, query
embeddings are pushed to cluster around the prototype
of their correct class. This episodic loss then acts as the
training signal for the Reptile meta-learning algorithm,
which we will explain in the next section. Algorithm
1 summarizes the episodic training procedure used to
compute the loss for the ViT-based ProtoNets.
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Algorithm 1. Computing the Episodic Loss for
ViT-based ProtoNets
Input: Training set D = {(x1,v1),...,(xp, Var)} Where
y; € {1,...,C}. Dy denotes the subset of D containing
elements of class k. ViT feature extractor fy. Euclidean
distance d(a, b) = |la — b||,.

Parameters: N (number of classes per episode), K
(number of support examples per class), Q (number of
query examples per class).

V « RandomSample({1,...,C}, N) {Select N class
indices}
for kin V do

Sy < RandomSample(Dy, K) {Select K support

images for class k}

Qi < RandomSample(Dy \ Sk, Q) {Select Q query
images without replacement}

cp — % Z fo(x;) {Compute class prototype}
(xi, 9i) € Sk
end for
Lepisode < 0 {Initialize episodic loss}
for kin V do
for (x,v) in Q; do

1
*Cepisode ~ ‘Cepisode + N—XQ[d(fG (x), Ck)

+ log Z exp(—d(fg(x), ck/))] {Accumulate
k’'eV

cross-entropy loss}
end for

end for

Output: The episodic loss Lepisode for a randomly
generated training episode.

3.4. Hybrid Reptile Meta-Learning

One major drawback of standard ProtoNets is that the
feature extractor weights 6 stay fixed after training.
At inference time, the model depends on a static
embedding space, which might not align perfectly with
the specific distribution of new support samples. This
lack of flexibility can limit performance when dealing
with domain-shifted clinical cases. To overcome this, we
integrate the Reptile meta-learning algorithm [5]. This
allows the model to quickly adapt its parameters to new
tasks during both the training and testing phases.

Choice of Reptile over MAML. MAML (6] is a popular
gradient-based method, but it requires computing
second-order derivatives during optimization. When

using a large backbone like ViT-B/16, this leads to
very high memory and computational demands. Reptile
[5] offers a more practical alternative for Transformer-
based models by using only first-order gradients.
Instead of differentiating through the inner loop,
Reptile uses the difference between the initial and
adapted parameters as the update signal for the outer
loop.

Meta-Training Phase: Inner and Outer Loops. During the
meta-training phase, the model learns a generalizable
initialization across thousands of tasks. As illustrated
in Fig. 1, the model starts each training episode with
a set of initial parameters 6,4. First, a task-specific
adaptation phase is performed using the support data
S. The parameters are updated through m inner-loop
steps via SGD to minimize the prototypical episodic loss
Lepisode (defined in (10)), which are expressed as
0;=0;_1—aVy ﬁepisode(et_l; S), fort=1,...,m,
(11)
where « is the inner-loop learning rate. After these
steps, the updated parameters 0,4apt = 0, reflect a task-
specific state.

Once the inner loop produces 0,4apt, the outer loop
performs a meta-update by interpolating the initial
parameters O,1q toward O,4,pt using a meta-step size €
as follows:

Onew = Oold + € (Gadapt = 6o14)- (12)

Instead of over-optimizing for a single task, this
update shifts the global parameters toward a robust
solution that generalizes across episodes. The optimized
parameters 6O, then replace 6,4 for the subsequent
training iteration.

Test-Time Adaptation and Final Inference. The pri-
mary advantage of the hybrid ViT-Reptile framework
emerges during evaluation. At test time, given a novel
clinical episode, the model initializes with the opti-
mized global meta-parameters obtained from the train-
ing phase. Before predicting the query set Q, the model
undergoes a test-time adaptation phase. Specifically,
it performs m = 10 inner-loop adaptation steps exclu-
sively on the unseen support set S to yield the adapted
weights O,dapt- Crucially, no outer-loop meta-update is
applied during this testing phase.

The adapted parameters O,4,p; are then deployed as
the feature extractor to embed both the support and
query sets, which is denoted as

F*S = feadapt(s)’ F*Q = feadapt(g)' (13)

Class prototypes are recomputed from F§, and the
final predicted label y; for each query image x; is
determined by the nearest prototype classification,
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which is calculated as

gy =, i, |

fora ) =il (4

This two-stage strategy ensures that the model not
only learns a stable metric space during training but
also dynamically recalibrates its representations to
novel tumor categories with minimal data. The detailed
implementation of the hybrid Reptile-based test-time
adaptation procedure is provided in Algorithm 2.

Algorithm 2. Hybrid Reptile Meta-Update for Test-
Time Adaptation

Input: Initial model weights 8,4, support set S, query
set @, number of inner steps m.

Parameters: Inner learning rate a, meta-step size e.

69 < 0,14 {Preserve initial weights before adaptation}

Inner Loop: Task-Specific Rapid Adaptation
fort=1,...,mdo

Compute episodic loss Lepisode(0i-15 S) {Using (10)
on support set only}

0y — 6,1 —-aVy [:episode(et—l; S)
update}

{SGD inner

end for

Onew < 0, {Assign task-adapted parameters for infer-
ence}

Final Inference on Query Set
fork=1,...,Ndo

1
7 — ) {R t tot d
Cp S Z fo,.., (xi) {Recompute prototypes under

xiGSk
enew}
end for

for each xj € Qdo

type classification}

end for

N
return Oy, {9; }j:X1Q

Output: Adapted weights 6,., and final query
predictions 9.

4. Experimental Setup

4.1. Dataset

To evaluate the proposed hybrid ViT-Reptile frame-
work, we employed the publicly available brain tumor

classification (MRI) dataset [1]. The dataset contains
3,264 contrast-enhanced T1-weighted MRI scans dis-
tributed across four clinically relevant classes: glioma
(926 images), meningioma (937), pituitary tumor (901),
and healthy brain (500). Although the dataset is imbal-
anced, this does not negatively impact our model. The
dataset is split into 70% for training, 15% for valida-
tion, and 15% for testing, which corresponds to 2,285
images, 489 images, and 490 images, respectively. By
using an episodic training strategy, we guarantee that
each episode contains an equal number of samples per
class. This naturally prevents the bias toward majority
classes often seen in standard batch training.

We applied a standard preprocessing pipeline to
ensure the ViT receives high-quality input. First, we
cropped the raw MRI scans to remove excessive black
borders, which helps the model focus on the brain
tissue rather than the background. All images were
then resized to 224 x 224 pixels to match the input
requirements of the ViT-B/16 architecture. Finally,
we normalized the pixel intensities using the mean
and standard deviation from ImageNet. This step is
important for stabilizing the training process and
helping the meta-learning model converge faster.

4.2. Episodic Training Protocol

We train and evaluate all models using a 4-way K-
shot episodic learning protocol, with K € {1, 3, 5}. Each
episode includes a support set with K labeled examples
and a query set with 5-15 samples per class, depending
on the value of K. This structure follows the standard
few-shot evaluation convention. Our training process
runs for 50 epochs, and each epoch contains 50
episodes, totaling 2,500 training tasks. We select the
best model based on the validation accuracy at the
end of every epoch. For the final stage, we evaluate
performance over 100 test episodes and report the
mean accuracy and macro F1-score with their standard
deviations.

4.3. Implementation Details

We use a ViT-B/16 model pre-trained on ImageNet as
the feature extractor. We freeze all transformer blocks
and only keep the last two blocks trainable so the model
can adapt to the new data.

The outer loop uses the Adam optimizer with a
learning rate of 1 x 107%. Inside the Reptile algorithm,
the inner loop uses SGD with a learning rate of 1 x 1072
and performs m =5 adaptation steps during training
and m = 10 steps during test-time adaptation. We set
the step size e to 1 x 1074,

We do not apply data augmentation during the
training phase. The episodic sampling process already
creates enough data diversity. All experiments run on
a single NVIDIA graphics processing unit (GPU). We
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Table 2. Accuracy comparison across different architectures and meta-learning strategies. Results are reported as Mean + Standard
Deviation over 100 test episodes

Architecture Metric Strategy 1-Shot Acc (%) 3-Shot Acc (%) 5-Shot Acc (%)
ProtoNet + ResNet50 Euclidean Standard Episodic 58.62 + 0.80 76.62 +0.45 77.03 £ 0.37
ProtoNet + DenseNet121 Euclidean Standard Episodic 67.30 + 0.88 78.87 + 0.38 81.40 + 0.35
ProtoNet + ViT-B/16 Cosine Standard Episodic 70.08 + 0.87 74.24 +0.41 77.23 £ 0.33
ProtoNet + ViT-B/16 Euclidean Standard Episodic 71.54 +0.83 78.10 £ 0.39 80.83 + 0.36
Ours: Hybrid ViT-Reptile Euclidean Reptile Adapt. 72.65 +0.76 83.27 £ 0.35 87.43 +0.28

Table 3. Macro F1-score comparison across different architectures and meta-learning strategies. Results are reported as Mean
Standard Deviation over 100 test episodes

+

1-Shot Macro F1

3-Shot Macro F1

5-Shot Macro F1

0.5662 + 0.0084
0.6530 + 0.0092
0.6808 + 0.0091
0.6954 + 0.0098

0.7512 + 0.0047
0.7737 £ 0.0040
0.7274 + 0.0043
0.7660 + 0.0041

0.7603 + 0.0039
0.8040 + 0.0037
0.7623 + 0.0035
0.7983 + 0.0038

0.7265 + 0.0080

0.8326 + 0.0037

0.8700 + 0.0029

Architecture Metric Strategy
ProtoNet + ResNet50 Euclidean Standard Episodic
ProtoNet + DenseNet121 Euclidean  Standard Episodic
ProtoNet + ViT-B/16 Cosine Standard Episodic
ProtoNet + ViT-B/16 Euclidean  Standard Episodic
Ours: Hybrid ViT-Reptile Euclidean Reptile Adapt.

implement the code in PyTorch and use the timm library
to manage the ViT backbone.

4.4. Baselines

We compare our hybrid ViT-Reptile framework against
four baseline models. To ensure a fair comparison, we
train all models using the exact same episodic setup:

¢ ProtoNet + ResNet-50: A standard ProtoNet
using a ResNet-50 backbone and Euclidean
distance.

* ProtoNet + DenseNet-121: A ProtoNet using a
DenseNet-121 backbone and Euclidean distance.

* ProtoNet + ViT-B/16 (Cosine): A ProtoNet using
a partially fine-tuned ViT-B/16 backbone and
Cosine similarity.

e ProtoNet + ViT-B/16 (Euclidean): The same
architecture as above but with Euclidean distance.
This baseline acts as a direct ablation study for the
Reptile adaptation component.

5. Results

5.1. Quantitative Performance Comparison

Table 2 and Table 3 present the classification accuracy
and macro Fl-scores across all methods and shot
settings. The proposed hybrid ViT-Reptile framework
consistently achieves the highest performance across
all values of K. It attains 72.65 + 0.76%, 83.27 + 0.35%,
and 88.00 £ 0.28% accuracy at K =1, K = 3,and K =5,
respectively. The corresponding macro F1-scores follow

the same trend. They reach 0.8700 + 0.0029 at K = 5.
This confirms that the performance gains are consistent
across all four tumor categories. The model does not
simply rely on a single dominant class.

We compare our framework to the strongest baseline,
ProtoNet + ViT-B/16 (Euclidean). Our model achieves
absolute accuracy improvements of 1.11%, 5.17%, and
7.17% at K =1, K =3, and K =5, respectively. These
gains grow with K. This trend shows that Reptile-based
test-time adaptation becomes increasingly effective
when the support set provides more informative
gradient signals for the inner-loop update. With only a
single support example per class (K = 1), the inner-loop
update is constrained by the limited information. This
constraint explains the relatively modest improvement
at this setting.

Among the CNN-based baselines, ProtoNet -+
DenseNet-121 consistently outperforms ProtoNet +
ResNet-50 across all shot settings. This behavior aligns
with DenseNet’s stronger feature reuse properties
under limited data conditions. Moreover, both ViT-
based baselines surpass their CNN counterparts
at K=1. This highlights the advantage of the
self-attention mechanism in low-data conditions,
where global contextual features are critical for
discrimination. At higher K values, the performance
gap between ViT and CNN backbones narrows. This
suggests that CNN-based prototypes become more
representative as the support set grows.

5.2. Test-Time Adaptation Dynamics

Figure 2 and Figure 3 plot the per-episode accuracy and
prototypical loss trajectories of the hybrid ViT-Reptile
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framework over 100 test episodes. For the 1-shot
setting, it starts at approximately 0.50 and stabilizes
around 0.75 in the later episodes. This growth shows
how Reptile effectively adapts the model to the test
data over time. On the other hand, the 3-shot and 5-
shot results are more consistent from the start, with
average accuracies of 0.83 and 0.87, respectively. These
higher scores show that more support samples help
build stronger prototypes and lead to better adaptation.

Test-Time Adaptation Accuracy (100 Episodes)

0.9

A—"’%W

N ,/\“‘W\'W

Accuracy
o
3

14
o

0.5

= 1-shot (Avg: 0.73)
= 3-shot (Avg: 0.83)
0.4 —— 5-shot (Avg: 0.87)

0 20 40 60 80 100
Test Episode

Figure 2. Progression of accuracy over 100 episodes during test-

time adaptation for Ke { 1, 3, 5}, The solid lines show the
convergence stability

Test-Time Adaptation Loss (100 Episodes)

= 1-shot (Avg: 0.9537)
—— 3-shot (Avg: 0.6484)
= 5-shot (Avg: 0.6067)
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175
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o
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0.25
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Figure 3. The prototypical loss evolution during test-time

adaptation across 100 episodes for K € {1, 3, 5}. The moving
average lines (solid) highlight the convergence stability.

The loss curves also support these results. The 1-
shot loss decreases from approximately 2.0 at the
firste pisodet ob elow 1 .0 b y e pisode 2 0, a nd then
it continues to decline gradually. In contrast, the 3-
shot and 5-shot losses stabilize at lower values (0.6484
and 0.6067 on average, respectively) with considerably

less episode-to-episode variance. These curves show
significantly less fluctuation between episodes. This
suggests that having more support examples helps the
adaptation process converge more consistently.

5.3. Confusion Matrix Analysis

Figure 4 displays the confusion matrices for our
framework at K=1, K=3, and K=5. At K=1,
the model often confuses meningioma with pituitary
tumors. This confusion stems from their similar visual
appearance in MRI images, both typically show clear
boundaries and high contrast. As we increase K to 5, the
off-diagonal values drop significantly, and the matrix
becomes nearly diagonal. Among all classes, glioma and
no tumor are the most accurately classified, likely due
to their distinct imaging features.

5.4. Embedding Space Visualization

We use t-distributed stochastic neighbor embedding (t-
SNE) to visualize the query set embeddings under the
adapted parameters 6, in Figure 5. At K = 1, the four
tumor categories form loose clusters, with some overlap
between meningioma and pituitary tumors. This
observation matches our previous confusion matrix
analysis. When K increases to 3, the cluster boundaries
become sharper. By K =5, each category occupies a
clear, separate region in the embedding space. This
trend shows that Reptile adaptation successfully refines
the feature space to be more discriminative, instead of
just memorizing the support samples.

6. Conclusion

In this paper, we introduced the hybrid ViT-Reptile
framework for few-shot brain tumor MRI classification.
Our approach combines a partially fine-tuned ViT, a
ProtoNet using Euclidean distance, and the Reptile
algorithm for rapid adaptation. Experimental results
on a public dataset show that our framework under
a 4-way K-shot protocol outperforms both CNN-based
and non-adaptive ViT-based baselines across all shot
settings. At K = 5, the model achieved 87.43% accuracy
and a macro Fl-score of 87.00%. Analysis of the
accuracy and loss curves confirmed that Reptile’s test-
time adaptation provides cumulative gains, especially
in 1-shot tasks. Furthermore, t-SNE and confusion
matrix results showed well-separated clusters that
improve as more support samples are added. While
meningioma and pituitary tumors remain difficult
to distinguish due to their visual similarities, our
framework demonstrates strong overall performance.
We acknowledge that our evaluation is limited to
a single data set from a single acquisition protocol
(contrast-enhanced T1-weighted magnetic resonance
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Confusion Matrix: Hybrid ViT-Reptile (1-shot)
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Figure 4. Confusion matrices of the hybrid ViT-Reptile framework under different K-shot settings. These matrices show the

classification results for 1-shot (left), 3-shot (middle), and 5-shot (right) tasks across four tumor types. As we provide more support

samples (K), the correct predictions on the main diagonal increase. At the same time, the misclassification errors decrease. This
confirms that adding more data helps the model separate the classes clearly

(a) 1-shot adaptation

(b) 3-shot adaptation

(c) 5-shot adaptation

Figure 5. t-SNE visualization of feature embeddings across different K-shot settings. The scatter plots show the distribution of the

four tumor cateqgories after (a) 1-shot, (b) 3-shot, and (c) 5-shot adaptation. In the 1-shot scenario, many data points from different

classes overlap. As we increase the support set size to 5, the model creates tighter and much more distinct clusters for each tumor
type. This visual separation strongly aligns with the quantitative performance gains observed in our experiments

imaging). The framework has not been tested on multi-
modal MRI sequences (e.g., T2, FLAIR) or across
different scanner manufacturers.

For future research, first, we aim to replace
the ImageNet pre-trained backbone with one pre-
trained on medical imaging data (e.g., using self-
supervised learning on large unlabeled MRI corpora),
which may provide more clinically relevant initial
representations. Second, we plan to validate the
framework on larger and more diverse benchmarks
such as the BraTS dataset, adapting the pipeline
from classification to few-shot segmentation. Finally,
incorporating multi-modal MRI inputs could further
help resolve the meningioma-pituitary ambiguity by
providing complementary tissue contrast information.
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