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Abstract

The primary objective of deep learning is to have good performance on a large dataset. However, when the
model lacks sufficient data, it becomes a challenge to achieve high accuracy in predicting these unfamiliar
classes. In fact, the real-world dataset often introduces new classes, and some types of data are difficult to
collect or simulate, such as medical images. A subset of machine learning is meta learning, or "learning-
to-learn", which can tackle these problems. In this paper, a few-shot classification model is proposed to
classify three types of brain cancer: glioma brain cancer, meningioma brain cancer, and brain tumor cancer. To
achieve this, we employ an episodic meta-training paradigm that integrates the model-agnostic meta-learning
(MAML) framework with a prototypical network (ProtoNet) to train the model. ProtoNet focuses on learning
a metric space by computing distances to class prototypes of each class, while MAML concentrates on finding
the optimal initialization parameters for the model to enable the model to learn quickly on a few labeled
samples. In addition, we compute and report the average accuracy for the baseline and our methods to assess
the quality of the prediction confidence. Simulation results indicate that our proposed approach substantially
surpasses the performance of the baseline ResNet18 model, achieving an average accuracy improvement from
46.33% to 92.08% across different few-shot settings. These findings highlight the potential of combining
metric-based and optimization-based meta-learning techniques to improve diagnostic support in healthcare
applications.
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1. Introduction often requires expert knowledge, is time-consuming,

and raises ethical concerns about patient privacy [4][5].
Machine learning has recently achieved notable success P P y[4]5]

in different areas such as autonomous driving cars [1],
face recognition [2], and handwritten digit recognition
[3]. However, traditional deep learning algorithms
generally rely on massive datasets and significant
computational resources to achieve good performance.
This dependency restricts their use in many practical
situations where data are limited or difficult to obtain.
In particular, medical imaging poses a considerable
challenge because the acquisition of annotated datasets

In traditional deep learning, models are typically
trained for a single and specific task. For instance,
when we train a model to perform task A. If we
have a new task B that is relevant to task A, we
have to write a new model from scratch to perform
task B. As a result, for each new task, we have to
train a new model from scratch, although those tasks
might be related. This leads to inefficiency, especially
when the tasks share underlying similarities. To address
this issue, researchers have proposed meta-learning
[6], or “learning to learn,” which focuses on enabling
algorithms to adapt rapidly to new tasks using only
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a few training examples. Recent research on meta-
learning applications has shown good performance in
various domains, such as computer vision [7], natural
language processing [8], and reinforcement learning [9].
In meta-learning, one of the most promising algorithms
is few-shot learning (FSL) [10]. This technique aims to
generalize well to new tasks by improving the previous
experience across multiple tasks during the training
process. Indeed, a FSL algorithm can provide a good
prediction with only a few samples for each class.

The application of FSL is particularly relevant
in healthcare and medical imaging, where data is
usually limited. For example, rare cancers often lack
sufficient imaging data. As a result, it is hard to train
conventional deep learning systems [11]. Studies have
shown that FSL techniques can be successfully applied
to dermatological diseases [12], histopathological image
classification [13], and radiological image analysis [14].
Furthermore, compared to large benchmark datasets
such as MinilmageNet [15], CIFAR-100 [16], and CUB-
200 [17], medical datasets typically contain fewer
samples per class, so there are more generalization
challenges due to the limited data. This highlights the
urgent need for algorithms that can adapt quickly to
small-scale datasets while maintaining high predictive
accuracy.

Brain cancer is a critical area because of their limited
data. Early and accurate classification of tumor types
is important for treatment planning and prediction.
However, manual diagnosis through imaging modal-
ities such as magnetic resonance imaging (MRI) or
histopathology can be a time-consuming process and
is susceptible to mistakes made by humans [18]. Auto-
mated classification methods could help radiologists by
providing rapid, consistent second opinions, but they
must have a good performance even when training
data is limited. Thus, integrating FSL into brain cancer
classification can improve diagnostic support systems
in the real-world healthcare settings.

A further challenge in brain cancer research is the
availability and quality of datasets. Many publicly
available datasets such as the multiple cancer dataset
[19] and the brain tumor segmentation (BraTS)
benchmark [20] provide valuable resources, but they
still have issues with class imbalance. For example,
BraTS collects multi-institutional MRI scans to evaluate
algorithms for glioma segmentation, but many subtypes
of brain tumors remain underrepresented [21]. These
limitations highlight the importance of designing
algorithms that not only learn from limited examples
but also generalize across complex data sources. Few-
shot learning models are suitable for this situation
because they can extract important features from small
numbers of annotated samples while maintaining the
accuracy during training [22].

Moreover, it is important to improve brain can-
cer image classification. An accurate classification can
inform treatment strategies, such as distinguishing
between surgical resection for meningiomas and com-
bined chemoradiotherapy for gliomas [23]. Traditional
machine learning methods may fail to adapt when the
model receives new tumor types or rare subcategories,
which limits their use in fast-changing clinical envi-
ronments. Hence, if we combine meta-learning strate-
gies such as model-agnostic meta-learning (MAML) and
prototypical network (ProtoNet), doctors could bene-
fit from decision-support systems that adapt quickly
to new cases with minimal additional labeling effort.
Furthermore, this approach has the potential to reduce
heavy workload, improve early detection, and facilitate
more personalized care for patients with brain cancer
[24][25].

To overcome the above-mentioned obstacles, our
study proposes a hybrid framework that leverages
the strengths of both metric-based learning and
optimization-based meta-learning. In detail, we inte-
grate ProtoNet [26], which classifies samples by creat-
ing a metric space from calculating distances to class
prototypes, with the MAML framework [9], which finds
optimal initialization parameters for rapid adaptation
to new tasks. By combining both approaches, our model
achieves high generalization even with limited labeled
samples. Especially, it significantly outperforms tradi-
tional deep learning baselines such as ResNet18 [27].
This method can demonstrate technical effectiveness
and also contribute to more practical and impactful
applications in real life.

1.1. Motivation and Main Contributions

In this paper, we focus on implementing a combination
algorithms of ProtoNet [26] and MAML [9]. Medical
image analysis remains a highly difficult field of study
in artificial intelligence because of the limited number
of annotated datasets. In brain cancer classification, this
challenge is even more critical, as accurate diagnosis
is essential for treatment planning and prognosis
of disease. Moreover, it is difficult and costly to
collect sufficient labeled images for each tumor type.
Conventional deep learning approaches, including
convolutional neural networks (CNNs) typically require
large datasets to generalize well and often fail to
adapt when only a few training samples are available.
Consequently, there is a strong need for methods
that can achieve good performance under data-scarce
conditions.
This paper offers the following key contributions:

* Hybrid meta-learning framework: We propose
a novel FSL framework that integrates ProtoNet
with MAML. This technique enhances their
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Table 1. Notations

Symbol Definition

n Number of classes (ways) in each
episode

k Number of support samples per class
(shots)

S; Support set containing k labeled
samples for each class

Q; Query set containing unlabeled sam-
ples for evaluation

Xs, Vs Support sample and its correspond-
ing label

X Yq Query sample and its ground-truth
label

fop(x) Embedding function based on
ResNet18 backbone

Cs Prototype vector of a class, computed
as the mean embedding of its sup-
port samples

d Euclidean distance between a query
embedding and class prototypes

p(y = klx) Predicted probability that query
sample x belongs to class k

complementary strengths to improve brain cancer
image classification.

* Application to brain cancer dataset: We evaluate
the proposed approach on the brain cancer subset
of the multiple cancer dataset. It shows that our
method can generalize effectively with only a few
labeled examples per class.

* Performance gains over baselines: Our results
show that the proposed approach achieves
considerably better performance than a strong
baseline model, i.e., ResNetl8. Our technique
improves average accuracy from 46.33% (5-shot)
to 92.08% (30-shot).

* Comprehensive analysis: We provide detailed
evaluations, including confusion matrices and
error analysis. These results highlight both the
strengths and limitations of the hybrid framework
in classifying glioma, meningioma, and tumor
cases.

1.2. Paper Organization and Notations

The remainder of the paper is structured as follows:
Section 2 provides a literature review of meta-learning,

few-shot learning, and related network architectures.
In section 3, the process of how we train the model is
shown, and its performance is then evaluated. Section 4
explains the results of our method. Finally, a summary
of the main points and contributions is provided in
section 5. Table 1 summarizes the symbols and their
corresponding definitions used in the paper.

2. Related Works

2.1. Meta-Learning

As a subset of machine learning, meta-learning has
been widely used in recent years due to its ability to
work well with limited data. Traditional deep learning
has some limitations, e.g., the model only performs
well with a large dataset and sufficient computing
resources. Meta-learning, also known as "learning-to-
learn", has become a powerful approach for tackling
the shortcomings of conventional deep learning when
training data are scarce. Instead of relying on large
labeled datasets, meta-learning algorithms aim to
extract transferable knowledge from a distribution of
tasks, so the model can have a rapid adaptation to
new problems with few samples. Meta-learning offers a
different approach in which a machine learning model
learns by accumulating experience across multiple
episodes. Recently, meta-learning has been effectively
utilized in diverse fields, including few-shot image
recognition [26], segment anything model [28], zero-
shot learning [29].

One of the most widely adopted optimization-
based approaches is MAML [9]. MAML focuses
on learning initialization parameters that can be
quickly fine-tuned for new tasks by using only
a few gradient updates. Its simplicity and broad
applicability have inspired many variants, such as
first-order MAML [9], which reduce computational
overhead while maintaining adaptability. In medical
imaging, meta-learning has shown strong promise. For
example, Gu et al. [30] demonstrated that MAML
could effectively adapt to new radiological image
classification tasks with minimal supervision, thus
outperforming standard transfer learning. These results
suggest that optimization-based meta-learning is well-
suited for healthcare, where labeled data are typically
difficult to acquire and scarce.

2.2. Few-Shot Learning

In FSL [10], the model aims to learn new classes with
limited labeled data. While real-world data scenarios
usually arrive continuously, some data such as medical
images are hard to collect or simulate. Therefore, it
is necessary for a model to achieve high performance
on a few samples. There are two main categories of
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neural architectures: metric-based and optimization-
based networks. Some metric-based methods, such as
matching networks [7], ProtoNet [26], and relation
networks [31] aim to classify query samples by
comparing them with support samples in a learned
embedding space. In more detail, matching networks
use an attention-based mechanism for the support
images, while ProtoNet computes class prototypes
and applies Euclidean distance for -classification.
Moreover, the relation networks focus on learning a
deep similarity function. These approaches are simple,
efficient, and have shown competitive performance in
real-world datasets.

ProtoNet [26] is frequently utilized because it is both
simple and effective. By computing class prototypes in
an embedding space and classifying queries based on
Euclidean distance, ProtoNet has achieved competitive
results on benchmark datasets like MinilmageNet [15].
In the medical domain, metric-based methods have also
shown success. For example, when applying ProtoNet
to skin disease image datasets [12], the results show
that few-shot classification could achieve performance
comparable to fully supervised models. On the other
hand, optimization-based approaches such as MAML
[9] emphasize rapid adaptation by learning task-
agnostic initialization parameters. Both categories
complement each other: metric-based methods are good
at learning robust representations, while optimization-
based methods enable efficient task adaptation. This
motivates hybrid strategies, such as the approach
adopted in this study, which combine both paradigms
to leverage their respective strengths.

2.3. Related Network Architectures

The choice of backbone network is important in few-
shot learning because it determines the quality of fea-
ture embeddings. ResNet [27] has been widely used
as the backbone of both ProtoNet and MAML due
to its balance between efficiency and representational
power. However, recent advances suggest that alterna-
tive architectures may offer improvements. DenseNet
[32] has been shown to capture richer feature hierar-
chies with fewer parameters, while EfficientNet [33]
introduces a compound scaling strategy that attains
leading accuracy while lowering computational cost.
In addition, vision transformers [34] are popular for
their ability to model long-range dependencies, and
recent works have adapted them for FSL with promising
results in medical imaging tasks.

In healthcare, the application of meta-learning with
advanced backbones has notable improvements. For
instance, a transformer-based ProtoNet framework for
histopathological image classification [13] achieves

higher performance against inter-class similarity. Simi-
larly, hybrid models that combine CNN-based embed-
dings with meta-learning strategies, such as MAML
[9] with siamese networks, have been applied to MRI
brain tumor classification with encouraging results [35].
These findings suggest that combining metric-based
and optimization-based meta-learning with carefully
chosen backbones can enhance diagnostic accuracy,
especially in limited medical imaging scenarios. In this
paper, we adopt ResNetl8 as the backbone for its
proven reliability in medical imaging and combine it
with ProtoNet and MAML to balance between efficiency
and accuracy for few-shot brain cancer classification.

3. System Model and Problem Formulation

In this section, we propose our method for classifying
brain cancer images with a few samples per class.
ProtoNet [26] is used to calculate the prototype
distances between a query image and support images.
Then, MAML [9] is applied to find optimal initialization
parameters.

3.1. Dataset

Deep learning models typically achieve strong perfor-
mance on the tasks they have been trained on before.
However, they have problems with generalizing on the
tasks that they have been trained on before with a few
samples. FSL aims to tackle this problem by focusing
on achieving good performance on the tasks that using
only a few examples.

In our study, we train the model to classify three
types of brain cancer. For this, we use the brain
cancer dataset taken from the multiple cancer dataset
[19]. The multiple cancer dataset includes 130,000
histopathological images from eight cancer types: acute
lymphoblastic leukemia (ALL), brain cancer, breast cancer,
cervical cancer, kidney cancer, lung and colon cancer,
lymphoma, and oral cancer. For the brain cancer dataset,
each class contains around 5,000 X-ray images. These
images are divided into training, testing, and validation
sets with a ratio of 70:15:15, which means 3,500 images
for training, 750 images for testing, and the remaining
for validation.

The primary aim of our study is to construct a strong
generalization to those three types of brain cancer with
a few samples in each class. To achieve this, we employ
an n-way k-shot episodic training paradigm. In each
episode, the training data D;,,;,, consists of a support set
S; and a query set Q;: Dyyyin = {S;, Q;}. We train our n-
way k-shot model on these classes to classify the query
images. n-way = 3 denotes the number of brain cancer
classes, and k-shot denotes used number of images of
each support class, e.g., k = 5, 10. The support set S; =
{xs, vs} includes x; images with their respective labels y;.
Similarly, the query set Q; = {xq, yq}.
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Figure 1. Each episode of the training process consists of a support set and a query set, and they are taken without replacement.
These sets are passed through a pre-trained backbone network, i.e., ResNet18, to extract support features and query features. The
model then calculates support prototypes by using support features. Next, Euclidean distances are computed between each query

feature and all support prototypes: dgistances = {d(CSl,FQl ),d(Cs,, Fg,),---, d(CSk»FQl)}- After that, these distances are passed
through a softmax function to obtain a probability distribution over the support classes. Finally, the model outputs the predicted class

label 9; for each query sample based on the highest probability.

For evaluation, we sample episodes in the same
format Dy, = {S;, Q;} with n-way k-shot. In this process,
we use the same k-shot values as in training. Since the
testing samples are disjoint from the training samples,
this setup provides a way to examine how well the
model can generalize to unknown cancer samples with
a few images.

3.2. Prototypical Network

ProtoNet [26] is a metric-based FSL approach that
classifies samples based on their distance to class
prototypes in an embedding space. Figure 1 shows that
the training data Dy,,;, consists of the support set S;
and the query set Q;: Dy,i = {S;, Q;} in each episode.
These support set and query set are inputs of the model
and are used for training at the same time. The support
set includes random k images of each class with their
respective labels: S; = {x;, s}, where x, is the support
image and y; is the corresponding class label. The query
set only contains some images Q; = {xq}, where xg is
the query image. The query label y, is not used during
training to ensure a fair and unbiased distance-based
classification. Instead, it is used to compute the loss for
backpropagation. This method encourages the model
to learn a transferable metric that generalizes well to
unseen samples, rather than memorizing specific class-
label associations.

We pass these input images to the pretrained
backbone network. The goal of this step is to use a
ResNet18 [27] as a pretrained backbone network to
extract features of the support set and the query set. The
ResNet18 is trained with the ImageNet1K dataset [36],
which contains 1,000 object categories. The ResNet18
network extracts support features F; and query features
F,. For the support features, the model computes a

prototype vector Cs for each class, i.e., each type of
brain cancer, by averaging the feature embeddings
of the support samples belonging to that class. The
formula for calculating the mean embeddings of the
data points under each class is shown as follows:

Class Prototype (Cs) = é Z fo (x5), (1)
(xs,ys)eS

where Cg represents the class prototype of the
corresponding embedding support features Fg taken
from the ResNetl8, S denotes the support set with
support images and their respective labels {x;, y;}, and
f¢ is the embedding function pretrained ResNet18.

Once we have the support class prototypes Cs and
query set embeddings Fg, the Euclidean distance
d between query set embeddings Fo and the class
prototypes Cs is calculated. Figure 2 illustrates the
distance d between a query point and the three class
prototypes of three types of brain cancer. d is denoted
as

Distance (d) = Euclidean_Distance (CS, Fo ) (2)

Once we get the three distances d between the
query point and the three class prototypes, the class
probability p of a query set is then computed by
applying softmax over the distance d, which is given by

exp (—d (fq,(xq), Cs))
Liexp (-4 (fylx,).Cs))

where d(fy(x;), Cs) denotes the Euclidean distance
between the query embeddings and the class prototype.

py=k|x) = (3)
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Figure 2. The use of Euclidean distance for classification in
the feature space is illustrated in the above picture. The open
circle represents a query sample that needs to be classified, and
the filled circles denote the class centroids for glioma (Cgjiona),
meningioma (C,epin), and tumor (Cyypor)- The decision is made
by calculating the Euclidean distance between the query sample
and each class centroid. The sample is then assigned to the
class with the nearest centroid, thus effectively demonstrating the
principle of distance-based classification in FSL.

Table 2. Configuration of MAML in our proposed method

Component Description

Backbone ResNet18 pretrained on the
ImageNet1K dataset, remov-

ing the final layer
ProtoNet

Meta-learner

Episode sampling | Randomly sampling N classes,
each with K support and Q

query images

Inner loop Stochastic gradient descent
(SGD) [37] on support set
Outer loop Meta-update using query loss

and Adam optimizer [38]

Loss function Cross-entropy [39] on query

predictions

Outer: 0.0001 (for Adam),
Inner: 0.01 (for SGD)

Learning rate

Here, we take the negative value because when the loss
function is calculated later, the cross entropy loss takes a
negative log probability. Thus, it is necessary to use the
negative value of the probability.

3.3. Model-Agnostic Meta-Learning

After each episodic training, the model updates their
parameters to minimize the loss value. To enable the
model to quickly learn from a few examples, we apply

Algorithm 1 The proposed MAML with ProtoNet
procedure.

Require: p(7): Distribution over tasks
Require: «, 8: Inner and outer learning rates
1: Randomly initialize 0

2: while not done do:
3:  Sample batch of tasks 7; ~ p(7)

4: forall 7; do

5: Construct support set S; and query set Q;

6: Compute class prototypes

7 Compute inner loss £;_lpport using distances to
prototypes

8: Compute adapted parameters:
0] =0 - avVyLy ™"

9: Re-compute prototypes c; using fg;

10: Compute meta-loss L%lery on Q;

11:  end for

12: Update 0 — 0 —pVy Y7 LT
13: end while

MAML algorithm [9]. MAML is an optimization-driven
meta-learning framework designed to identify optimal
model initialization parameters, allowing the model to
quickly adjust to new tasks with just a few gradient
steps.

To implement the MAML algorithm, some tasks 7
are created to quickly find the initialization parameters.
Each task 7; is a few-shot classification problem and
consists of a support set S; = (xj,y]-)?’:'f< and a query set

Qi = (xj, 3’]')?:1' where N denotes the number of classes

and K is the number of support samples per class. We
use the support set for inner loop adaptation and the
query set for evaluating the generalization performance
of the updated model.

In the inner loop, a temporary copy of the ProtoNet
model is created and then updated by using gradient
descent on the support set. After a small number
of gradient steps, the model evaluates their updated
parameters on the query set. Cross-entropy loss [39] is
used to evaluate the temporary model, and the function
for calculating the loss value is defined as

N
Lep=-Y) vy logyy”, (4)

c=1

where yc(,c) and 3};6) denote the ground-truth one-hot
encoded label and the predicted probability for class
c over N classes, respectively. This loss enhances the
model to produce higher probabilities for the correct
classes. The gradients from this loss are then used
to update the meta-model parameters across multiple
tasks in the outer loop.
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This technique helps the model quickly learn from a
few data points. For the outer loop, we compute the loss
of the updated model on the query set. This loss serves
as a meta-objective, and its gradient is used to update
the parameters of the original (meta) model using the
Adam optimizer [38]. This process is repeated over
many episodes. As a result, this algorithm enhances
the model in learning parameters that can be quickly
adjusted to new tasks with only a few labeled samples.
The MAML setting is shown in table 2. The procedure
of our proposed method is summarized in algorithm 1.

3.4. Evaluation Metrics

We evaluate the effectiveness of our proposed FSL
model by comparing it against a baseline method using
the same dataset and episode configuration. For the
baseline scheme, we implement a standard supervised
learning approach by training a pretrained ResNetl18
backbone on a limited number of labeled samples. In
particular, for each few-shot setting (N-way, K-shot), we
randomly choose N classes, K labeled support samples,
and Q unlabeled query samples per class. The model
is trained in a conventional supervised learning model
using only these samples, without any meta-learning
strategy.

In contrast, our method uses an episodic meta-
training paradigm based on the MAML framework
combined with a ProtoNet classifier. This technique
improves the model to rapidly adapt to new tasks by
using only a few gradient steps. For both the baseline
and our methods, we follow the standard few-shot
evaluation protocol. Both methods are evaluated under
1,000 randomly sampled episodes for each N-way, K-
shot setting.

The primary evaluation metric is the top-1 classi-
fication accuracy, which measures the percentage of
correctly classified query samples. We report the aver-
age top-1 accuracy across all episodes, along with the
standard deviation to reflect result stability. In addition,
the average cross-entropy loss for both methods are
calculated and reported to assess the quality of the
prediction confidence. To provide further insights into
classification performance, confusion matrices are also
presented in figure 3.

It is important to note that no fine-tuning is applied
during the evaluation process. The model is evaluated
in a purely few-shot setting to show its ability to
generalize with a limited dataset.

4. Simulation Results

Table 3 presents the top-1 classification accuracy of
our method compared to the baseline scheme across
different values of k support samples per class. Based
on supervised fine-tuning of a ResNetl8 backbone,
the baseline shows modest gains with the increase

in k, from 46.33% at 5-shot to 52.09% at 30-shot.
In contrast, our method, which integrates ProtoNet
with the MAML optimization framework, consistently
outperforms the baseline by a large margin. Notably,
our model achieves 77.75% accuracy at 5-shot and
improves to 92.08% at 30-shot, which shows a strong
generalization from limited examples. These findings
align with prior research showing that meta-learning
significantly enhances performance in data-scarce
environments. For example, the authors in [26] reported
that ProtoNets outperform conventional supervised
models on MinilmageNet [15], and the authors in [9]
demonstrated that MAML can rapidly adapt to unseen
tasks. Our work extends these insights into the medical
imaging domain, specifically brain cancer classification,
by combining both metric-based and optimization-
based strategies.

In Figure 3, the normalized confusion matrices of our
proposed method are presented under different k-shot
settings. It can be observed that the model obtains high
classification accuracy across all cancer types. Espe-
cially with k = 30, the model achieves correct classifi-
cation rates of approximately 90% for glioma, menin-
gioma, and tumor brain cancer. While the proposed
method achieves strong performance across all few-
shot settings, some misclassifications persist, particu-
larly between glioma and meningioma cases. This may
be attributed to the high morphological similarity of
tumor subtypes in medical images. Such errors high-
light an important limitation of purely image-based
approaches. In clinical practice, combining imaging
data with complementary modalities, e.g., patient his-
tory, genomic data, may further improve reliability.

5. Conclusions and Future Directions

In this paper, we introduced a FSL model that com-
bines ProtoNet with MAML for brain cancer classifica-
tion. The proposed method consistently outperformed
a supervised ResNet18 baseline scheme. Especially, our
technique achieves up to 92.08% accuracy in the 30-
shot setting. These results demonstrate the effectiveness
of integrating metric-driven and optimization-driven
meta-learning strategies in handling data-scarce med-
ical imaging tasks.

In future research, we intend to expand our frame-
work into an end-to-end network and evaluate it on
larger, multi-center medical datasets to ensure a strong
study across different imaging conditions. Furthermore,
our objective is to build a multimodal system incor-
porating multimodal data, such as genomic profiles
or clinical records, to provide complementary infor-
mation beyond visual patterns, as suggested by [13]
in their transformer-based ProtoNet for histopathology.
Moreover, exploring alternative backbone networks like
DenseNet [32], EfficientNet [33], or vision transformers
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Figure 3. Confusion matrices of the k-NN classifier under six different values of k, ie, k = 5,10, 15,20, 25,30. Each matrix
compares predicted labels with ground truth classes: glioma, meningioma, and tumor.
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Table 3. Comparison of average accuracy (%) for 3-way k-shot classification using ResNet18 as baseline scheme and our proposed
method (ProtoNet + MAML).

k-shot 5

10 15 20 25 30

Baseline: ResNet18 [27] 46.33
Our Method: ProtoNet [26] + MAML [9] 77.75

49.83 4949 51.16 51.88 52.09
80.02 82.29 85.47 89.24 92.08

[34] may further enhance generalization across diverse
imaging conditions.
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