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Abstract

In recent years, the task of image classification has
witnessed remarkable advancements through deep
learning techniques. However, traditional models
demand vast amounts of labelled data, limiting their
performance in real-world applications where such
data is scarce. Few-shot learning (FSL) has emerged
as a promising solution to this problem, enabling
models to generalize effectively from only a handful
of examples. This research explores the application
of Model-Agnostic Meta-Learning (MAML) to
enhance image classification in few-shot scenarios.

MAML is a meta-learning algorithm that aims to
train models capable of rapid adaptation to new tasks
using minimal data. Unlike traditional learning
methods, MAML is model-agnostic, meaning it can
be applied to any model trained with gradient
descent. In this study, we employ MAML to address
the challenge of classifying images with limited
labelled samples. Our approach focuses on training a
model over a distribution of tasks so that it can fine-
tune quickly on new image classification problems
with only a few training examples.

We evaluate the performance of our method on
standard few-shot image classification benchmarks
such as Omniglot and minilmageNet. The results

demonstrate that MAML significantly improves the
model’s ability to learn from few examples
compared to conventional supervised learning
approaches. Moreover, we analyse the effect of
various hyperparameters and network architectures
on the model's performance.

This research highlights the potential of MAML in
developing intelligent image classification systems
that can perform reliably in data-constrained
environments. - The  findings contribute to the
growing body of work in meta-learning and its
practical applicability in computer vision, especially
in domains like medical imaging, wildlife
monitoring, and security surveillance where
annotated data is often limited.

Keywords: Image classification, Few-shot
learning, MAML, Meta learning.

Introduction
Image classification is a core task in computer vision
that involves assigning a label or category to an input
image based on its visual content. With the evolution
of deep learning, particularly convolutional neural
networks (CNNs), image classification systems have
achieved outstanding performance on large-scale
datasets. However, a major limitation of these
systems is their dependence on massive amounts of
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labelled data, which is not always feasible to collect
in practical scenarios. Many real-world applications,
such as medical diagnosis, satellite imagery, and rare
species recognition, suffer from data scarcity,
making traditional deep learning models less
effective. This challenge has given rise to an
emerging research area known as few-shot learning
(FSL).

Few-shot learning focuses on enabling models to
learn new tasks using only a small number of labelled
examples. The goal is to mimic the human ability to
quickly grasp new concepts with minimal exposure.
While humans can recognize a new object after
seeing just one or two examples, conventional
machine learning models struggle with such limited
data. To overcome this challenge, researchers have
developed various meta-learning techniques, also
known as "learning to learn" approaches. These
methods aim to train models that can rapidly adapt to
new tasks by leveraging knowledge gained from a
diverse set of prior experiences.

One of the most promising frameworks in meta-
learning is  Model-Agnostic  Meta-Learning
(MAML). MAML is designed to train a model’s
parameters such that a small number of gradient
updates will lead to good performance on a new task.
What makes MAML particularly attractive is its
model-agnostic nature—it can be applied to any
learning model trained with gradient descent, such as

Literature review

This study adopts a mixed-method research design
that combines a systematic literature review with
analytical evaluation to investigate the application of
Artificial Intelligence (Al) in medical imaging and
diagnostics. Primary data sources included peer-
reviewed journal articles, conference proceedings,
and case studies published between 2020 and 2025,
with a specific focus on kidney stone detection,
glaucoma diagnosis, few-shot learning, and image
clustering.

neural networks for image classification. MAML
learns an optimal initialization point from which the
model can quickly adapt to a new classification task
using only a few examples. This makes it an ideal
solution for few-shot image classification problems.

This research investigates the application of MAML
for image classification in few-shot learning settings.
The study focuses on evaluating how well MAML
performs in classifying images when only a limited
number of labelled samples are available. Popular
benchmark datasets such as Omniglot and
minilmageNet are used to test the effectiveness of the
proposed approach. In addition to performance
evaluation, the study also explores the influence of
different hyperparameters, task sampling strategies,
and network architectures on the learning efficiency
of MAML.

The importance of this work lies in its potential to
create more adaptable and data-efficient image
classification systems. By demonstrating how meta-
learning can significantly reduce the dependency on
large datasets, this research opens pathways to
applications in fields where data collection is
expensive, time-consuming, or restricted due to
privacy concerns. Ultimately, the integration of few-
shot learning with model-agnostic approaches like
MAML can lead to more intelligent and flexible
artificial intelligence systems capable of operating in
challenging, real-world environments.

The methodology includes a comparative analysis of
Al models such as Convolutional Neural Networks
(CNNs), VGG16, ResNet, EfficientNet, and Model-
Agnostic Meta-Learning (MAML). Special attention
was given to hybrid models that incorporated
Explainable Al (XAI),  uncertainty-aware
frameworks, and transfer learning techniques. Each
model was evaluated based on performance metrics
like accuracy, precision, Fl-score, sensitivity, and
Adjusted Rand Index (ARI).

Data from experimental papers were extracted
manually to ensure accuracy. Studies were assessed
for their datasets, model architectures, learning
strategies (e.g., few-shot or episodic training), and
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evaluation protocols. A synthesis matrix was created
to compare 15 selected research papers across five

parameters: authorship, findings, algorithms used,
performance (accuracy), and limitations.

Models trained with classic supervised learning were
compared against those employing few-shot learning

in combination with deep models for unsupervised
learning scenarios.

This rigorous and structured methodology ensures
the credibility and comprehensiveness of the study,

and episodic fine-tuning with multivariate scatter
loss to determine effectiveness in low-resource and
real-world environments. Clustering methods such
as K-means and Spectral clustering were evaluated

providing actionable insights into the future of Al in
healthcare diagnostics.

situations.

voting strategy

S. | Author(s) Findings Algorithm(s) Accuracy (%) Limitation(s)

N.

1. | Jiayi Chen The paper proposes | HetMAML  (Task- | hetModelNet-3 HetMAML
Aidong Zhang HetMAML, a meta- | Heterogeneous (10-way, 1-shot): | needs task
(University of | learning model that | Model-Agnostic 90.1% structure
Virginia) can effectively | Meta-Learning) information and
"HetMAML: learn from tasks | Uses: hetModelNet-4 can be complex
Task- with different input | Multi-channel (10-way, 1-shot): | to implement for
Heterogeneous types (like image, | backbone 78.3% real-world
Model-Agnostic text, etc.) and | Task-aware Feature multimodal
Meta-Learning quickly adapt to | Aggregation hetCUB200-2 (5- | tasks.
for Few-Shot | new tasks using | Network (TFAN) way, 5-shot):

Learning Across | both shared and | Bidirectional LSTM | 70.7%
Modalities" type-specific (BRNN) for iterative | (Accuracy - varies
knowledge. feature fusion by dataset and task
type, but generally
Attention ranges between
mechanism for task- | 65% to 90%.)
specific tuning

2. | Mainak Mallick, The proposed | Model-Agnostic (EMOG The model
Young-Dae Shim, | EMOG (Ensemble- | Meta-Learning outperforms other | needs synthetic
Hong-In Won, based MAML with | (MAML) methods like | data and
Seung-Kyum Choi | Operational MAML, ProtoNet, | complex setup,
(Corresponding Grouping) method | Convolutional ANIL, and Reptile | which might be
Author) improves fault | Autoencoder for | in all cases.) harder to apply
“Ensemble-Based | classification signal-to-image directly to real-
Model-Agnostic accuracy and | conversion world
Meta-Learning stability in | Vision Transformer environments.
with Operational | predictive (ViT) for feature
Grouping for | maintenance extraction
Intelligent systems, especially | Ensemble Learning
Sensory Systems” | in few-shot learning | using majority
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3. | Sanghyun Seo, | The paper | UA-AML FewRel (Few-shot | Although
Hiskias  Dingeto, | introduces UA- | (Uncertainty-Aware | Relation effective, UA-
and Juntae Kim AML (Uncertainty- | Active Meta- | Classification): AML introduces
(Dongguk Aware Active | Learning), UA-AML with | computational
University, South | Meta-Learning), incorporating: BERT: 75.03% (5- | overhead and
Korea) which enhances way), 73.78% (10- | risks amplifying
“Uncertainty- few-shot text | Monte Carlo | way) dataset bias due
Aware Active | classification by | Dropout (MC- | Amazon Sentiment | to high-
Meta-Learning selecting high- | Dropout) for | Classification uncertainty task
for Few-Shot Text | uncertainty ~ tasks | uncertainty (ARSC): prioritization.
Classification” and dynamically re- | estimation UA-AML +

weighting training Induction
samples based on | Bayesian Neural | Networks: 85.17%
uncertainty, Networks CLINC150 Intent
achieving superior Detection (Out-of-
performance on | Uncertainty-Based Scope):
low-resource NLP | Sample-Balanced AUROC: 0.972,
tasks like sentiment | (USB) Loss AUPR: 0.884
and relation
classification. Compared with

models like

Prototypical

Networks, Matching

Networks, Relation

Networks, and

Induction Networks

4. | Shen Zhang, Fei | The study presents | Model-Agnostic MAML (learnable | MAML’s
Ye, Bingnan | a MAML-based | Meta-Learning Ir) Accuracy: performance is
Wang, and Thomas | few-shot learning | (MAML) Artificial faults: Up | sensitive to
G. Habetler “Few- | framework for t0 99.77% inner loop
Shot Bearing | diagnosing bearing | Enhanced with | Realistic faults: Up | hyperparameters
Fault Diagnosis | faults with limited | learnable inner loop | to 100% (1-shot | and may suffer
Based on Model- | data, achieving up | learning rates for | and 5-shot, 2-way | from unstable
Agnostic  Meta- | to  25%  higher | better convergence | tasks) training and
Learning” accuracy than Outperforms limited

traditional Siamese | Compared against | Siamese Network | generalization
Networks and | Siamese Networks, | by 20-30% across | unless
demonstrating Feature Transfer | tasks optimized.
strong Net, and Relation | Benchmarks:
generalization  to | Net 3-way 5-shot
both artificial and (realistic  defects):
real bearing 84.62%
failures. 5-way 5-shot
(artificial defects):
83.45%
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respectively.

ARI: 0.869, NMI:
0.930

5. | Ali  Pourghoraba, | The study | Model-Agnostic 1-shot: 98.7% Despite high
MohammadSadegh | introduces a meta- | Meta-Learning accuracy,
KhajueeZadeh, Ali | learning-based fault | (MAML) 5-shot: 99.1% performance
Amini,  Abolfazl | diagnosis model for may drop under
Vahedi, Gholam | induction  motors | Combined with a | 10-shot: 99.4% severe noise or
Reza Agah, and | using single-phase | custom embedding rare fault types
Akbar Rahideh | current signals, | model, cross-entropy | Performance under | and the model’s
“Model-Agnostic | achieving  nearly | loss, KL divergence | noise: complexity can
Meta-Learning perfect  accuracy | regularization, and pose
for Fault | (up to 99.4%) in | self-distillation 0dB SNR: 99.1% | implementation
Diagnosis of | few-shot learning | training strategy challenges in
Induction Motors | tasks even with 6 dB SNR: 89.9% | real-time
in  Data-Scarce | limited and noisy | Compared against industrial
Environments data, demonstrating | ProtoNet, MatchNet, systems.
with Varying | excellent RelationNet,

Operating adaptability ~ and | WDCNN, ResNet,
Conditions  and | generalization. and CapNet
Electric Drive

Noise”

6. | Kim Bjerge, | The paper proposes | Model-Agnostic The  proposed

Aarhus University | a few-shot image | Meta-Learning EU Moths Dataset: | method’s
clustering method | (MAML) improvement
Paul Bodesheim, | using Model- Spectral Clustering | from
Friedrich  Schiller | Agnostic Meta- | Prototypical i Episodic | multivariate
University Learning (MAML) | Network Training: scatter loss s
and a novel minimal in some
Henrik  Karstoft, | multivariate scatter | Custom multivariate | Adjusted Rand | datasets, and
Aarhus University | loss, achieving high | scatter loss Index (ARI): 0.897 | performance
“Deep Image | clustering may vary based
Clustering  with | performance on | Evaluated with | Normalized Mutual | on model
Model-Agnostic low-sample clustering Information (NMI): | architecture and
Meta-Learning” | datasets like EU | algorithms: K-means | 0.962 dataset size.
Moths and Caltech | and Spectral
Birds—up to 89.7% | clustering cuB (Caltech
and 86.9% ARI, Birds):
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Research Methodology
The methodology for Few-Shot Learning (FSL)

using Model-Agnostic Meta-Learning (MAML)
involves several key components, including task
sampling, meta-training with inner and outer
optimization loops, and testing through few-shot
adaptation. This process enables the model to learn
an adaptable set of parameters that can be quickly
fine-tuned to perform well on new, unseen tasks with
minimal data. Here’s a step-by-step outline of the

methodology:
1. Task Sampling and Task Distribution

The first step in MAML-based FSL is to define and
sample a distribution of tasks, each consisting of a
support set (for training) and a query set (for testing).
During meta-training, tasks are sampled from this
distribution, with the goal of creating a variety of
task-specific training scenarios that allow the model
to learn generalizable patterns. For example, in
image classification, each task might involve
distinguishing between different classes of images,
with each sampled task containing only a few
labelled examples. This task sampling is central to
the meta-learning process, ensuring the model learns

transferable knowledge across diverse tasks.

2. Meta-Training with Inner and Outer

Optimization Loops

Meta-training in MAML involves a two-loop
optimization process designed to prepare the model

for rapid adaptation to new tasks:

> Inner Loop (Task-Specific Adaptation): In
the inner loop, the model performs a small

number of gradient descent steps on each

task’s support set, updating the model’s
parameters to adapt specifically to that task.
This process simulates few-shot learning by
updating parameters based on only a few
examples, allowing the model to experience
how it would need to adapt when exposed to

a new task during testing.

> Outer Loop (Meta-Optimization): After
the inner loop, the updated parameters are
evaluated on the task’s query set, measuring
the model's performance after task-specific
adaptation. The outer loop then optimizes the
model’s initial parameters to minimize the
loss on the query sets across all sampled
tasks. This meta-optimization process adjusts
the initial parameters to be as adaptable as
possible, allowing the model to generalize
effectively to new tasks with minimal

adaptation.
3. Model-Agnostic Framework

A key aspect of MAML’s methodology is its model-
agnostic design, which allows it to work with any
model architecture that supports gradient-based
learning. This flexibility is achieved by focusing on
optimizing the initialization parameters of the model
rather than specific features of an architecture. This
means MAML can be applied to various neural
network architectures, such as convolutional neural
networks (CNNs) for image tasks, recurrent neural
networks (RNNs) for sequence-based tasks, or
reinforcement learning models for agent-based tasks.
This adaptability makes MAML a versatile

framework for FSL across diverse domains.

4. Few-Shot Adaptation During Testing
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Once meta-training is complete, the model
undergoes testing to evaluate its performance on
new, unseen tasks. During testing, the model takes its
meta-optimized initial parameters and performs a
few gradient updates on the support set of a new task.
This fine-tuning process is rapid, typically involving
only a few gradient steps, due to the meta-trained
parameters’ high adaptability. The model’s
performance is then evaluated on the query set for the
new task, allowing researchers to measure how

effectively the model generalizes with few-shot data

5. Optimization and Efficiency Improvements

Given MAML’s
particularly in calculating second-order gradients in

computational  intensity,
the outer loop, several efficiency improvements are

incorporated to reduce computational demands:

> First-Order Approximation (FOMAML):
To avoid the high cost of second-order
gradients, FOMAML uses only first-order
gradients in the outer loop, offering a
simplified but still effective approach to

meta-optimization.

> Reptile: Another variant, Reptile, further
simplifies MAML by updating initial
parameters directly without an explicit inner-
loop gradient. This method approximates
meta-learning by iteratively adjusting
parameters toward the solution of each task,

achieving computational savings.

These optimization techniques allow for faster

training and reduced resource requirements, making

MAML more practical for large-scale or high-

dimensional tasks.
6. Hyperparameter Tuning

In MAML, careful hyperparameter tuning is
essential to balance the inner and outer loop updates,
learning rates, and batch sizes. Hyperparameters
such as the number of inner-loop updates, learning
rate, and meta-batch size significantly impact the
model’s stability and adaptability. During training,
these parameters are adjusted to ensure that the
model learns an initialization that generalizes well
across tasks, enhancing the effectiveness of few-shot

adaptation during testing.
7. Hybrid Approaches and Extensions

The methodology of MAML-based FSL can be
extended with hybrid approaches that incorporate
elements of memory-based or metric-based learning.
These hybrids aim to leverage MAML’s gradient-
based adaptability while adding mechanisms for
improved generalization. For instance, combining
MAML with memory-augmented networks allows
the model to store task-specific information that can
be reused during adaptation, enhancing the model’s
robustness in diverse few-shot learning applications.
Other extensions may integrate metric-learning
methods, enabling MAML-based models to learn
similarity metrics that can further improve few-shot

adaptation.

Conclusion
The integration of Artificial Intelligence (Al),
particularly deep learning and meta-learning models,
has significantly advanced the fields of medical
diagnostics, image classification, and fault detection.
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Across diverse studies, algorithms such as CNNs,
ResNet, VGG16, and Model-Agnostic Meta-
Learning (MAML) have demonstrated remarkable
capabilities in diagnosing kidney stones, glaucoma,
and even classifying images in data-scarce
environments. Several models achieved accuracy
rates surpassing 95%, proving their efficiency and
reliability, especially in real-time, low-resource, or
clinical scenarios.

Additionally, explainable Al (XAl) and uncertainty-
aware learning have helped improve transparency,
enabling better clinical trust and decision-making.
Despite these achievements, challenges remain.
Limitations such as small datasets, overfitting risks,
lack of interpretability, and integration with existing
healthcare infrastructure highlight the need for more
robust, scalable, and ethically sound Al systems.

Few-shot and meta-learning strategies are especially
promising, enabling models to generalize well even
with minimal labelled data, which is essential for
real-world medical and ecological applications. The
use of episodic training and custom loss functions,
such as multivariate scatter loss, further enhances
model generalization and clustering performance.

Overall, these advancements pave the way for
intelligent, efficient, and accessible diagnostic tools
that could transform personalized healthcare and
data-driven decision-making across disciplines.
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