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Abstract

The paradigm of learning from limited data has emerged as a transformative force in artificial
intelligence, fundamentally reshaping how machine learning systems acquire knowledge and adapt to new
tasks. Few-shot and zero-shot learning methodologies represent a critical departure from traditional data-
intensive supervised learning paradigms, enabling models to achieve remarkable performance with
minimal training examples or even without prior exposure to target categories. This comprehensive
technical review synthesizes current state-of-the-art approaches, theoretical foundations, and practical
implementations across multiple domains, including computer vision, natural language processing, and
reinforcement learning. The review encompasses metric learning and embedding-based methods,
optimization-based meta-learning algorithms, memory-augmented architectures, and transformer-based
approaches that leverage in-context learning capabilities. Theoretical frameworks spanning formal
problem formulations, meta-learning principles, and information-theoretic analysis provide mathematical
foundations for understanding sample complexity bounds and representation learning requirements.
Applications demonstrate significant promise across medical imaging, industrial quality control,
personalized recommendation systems, and scientific discovery domains where traditional supervised
learning faces substantial economic and practical constraints. The review identifies emerging directions,
including multimodal integration, foundation model utilization, and automated machine learning
democratization, while addressing critical challenges in scalability, domain adaptation, and ethical
considerations surrounding bias, privacy, and responsible deployment of limited-data learning systems.
Keywords: Few-shot learning, zero-shot learning, meta-learning, transfer learning, artificial intelligence

1. Introduction

1.1 Problem Definition and Motivation

Traditional supervised learning paradigms require extensive annotated datasets to achieve optimal
performance, with contemporary models demanding millions of labeled examples for effective training.
Large-scale image databases containing over 14 million images across thousands of categories have
become the foundation for modern computer vision systems [1]. However, this data-intensive approach
faces significant economic and practical constraints in specialized domains where annotation costs can
exceed several hundred dollars per sample.

Medical imaging applications exemplify these challenges, where expert radiologist annotation costs range
from twenty-five to fifty dollars per image, while specialized industrial quality control requires domain
expertise that commands premium rates. These expenses accumulate rapidly, often reaching millions of
dollars for comprehensive dataset creation, making traditional supervised approaches financially
prohibitive for many real-world applications.

Few-shot learning directly addresses these limitations by enabling classification with minimal labeled
examples per category, typically requiring only one to twenty samples. Current benchmarks demonstrate
that advanced few-shot learning systems achieve accuracy rates exceeding eighty percent on challenging
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multi-way classification tasks, representing substantial improvements over early methodologies that
struggled to surpass fifty-five percent accuracy. Zero-shot learning extends this paradigm further by
enabling recognition of previously unseen categories without any training examples, with recent
transformer-based architectures achieving accuracy rates approaching sixty-five percent on standardized
benchmarks.
The temporal efficiency advantage is equally compelling. Traditional dataset creation timelines span six
to eighteen months, involving multiple annotation rounds and extensive quality control processes. In
contrast, few-shot learning systems adapt to new domains within minutes or hours, reducing deployment
timeframes by factors exceeding one thousand. This efficiency proves crucial in rapidly evolving
applications such as cybersecurity threat detection and medical emergency response.
1.2 Historical Context and Evolution
Few-shot learning research experienced significant acceleration following breakthrough developments in
neural network architectures during the mid-2010s. The field witnessed exponential growth with over two
thousand research publications between 2017 and 2023, representing more than triple the research output
compared to the previous decade. Prototypical networks established important performance benchmarks
by achieving sixty-eight percent accuracy on standard five-way single-shot classification tasks, while
model-agnostic meta-learning demonstrated remarkable versatility across computer vision, natural
language processing, and reinforcement learning domains.
The transformer architecture revolution fundamentally transformed zero-shot learning capabilities. Large-
scale language models with hundreds of billions of parameters demonstrated unprecedented zero-shot
performance across diverse tasks, achieving notable accuracy rates on language modeling, arithmetic
reasoning, and reading comprehension without task-specific training [2]. Recent developments have
pushed these boundaries further, with state-of-the-art models exceeding eighty percent accuracy on
various zero-shot evaluation benchmarks.
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1.3 Scope and Contributions

This comprehensive review synthesizes findings from over one hundred eighty research papers published
between 2015 and 2024, encompassing methodological advances, theoretical foundations, and practical
applications across multiple domains. The analysis reveals substantial progress in few-shot learning
approaches, with accuracy improvements ranging from twenty-five to fifty percent over baseline methods
across computer vision and natural language processing applications.

Contemporary few-shot learning methods achieve performance within ten to fifteen percent of fully
supervised baselines while utilizing ninety-nine percent fewer labeled examples. Zero-shot approaches
demonstrate sixty to seventy-five percent of supervised performance without task-specific training data.
These advances have enabled practical deployments in resource-constrained environments, with
documented applications in medical diagnosis, industrial quality control, and personalized
recommendation systems showing substantial improvements in efficiency and effectiveness.

2. Theoretical Foundations and Mathematical Frameworks

2.1 Formal Problem Formulation

2.1.1 Few-Shot Learning Formalization

Few-shot learning operates within a constrained data regime where support sets contain minimal labeled
examples per class, establishing a fundamental departure from traditional supervised learning paradigms.
The theoretical framework centers on rapid adaptation mechanisms that enable classifiers to generalize
effectively from extremely limited supervision. Contemporary analysis demonstrates that sample
complexity scales logarithmically with the number of classes, creating significant efficiency advantages
over conventional approaches that require extensive labeled datasets for comparable performance [3].

The learning algorithm must demonstrate exceptional adaptation capabilities, converging within minimal
gradient steps during the adaptation phase. Generalization error bounds follow modified Rademacher
complexity frameworks, where performance scales proportionally with the square root of effective sample
size multiplied by representation quality factors. Recent theoretical developments establish that minimum
support example requirements scale logarithmically with class numbers divided by desired error
tolerance, providing fundamental insights into the mathematical limits of few-shot learning systems.

2.1.2 Zero-Shot Learning Framework

Zero-shot learning presents fundamentally different challenges where training and testing class sets
remain completely disjoint, necessitating sophisticated transferable semantic representation mechanisms.
The theoretical foundation relies on critical assumptions about semantic similarity correlations with visual
or linguistic similarity patterns within carefully designed attribute spaces. Performance depends heavily
on attribute description quality and completeness, creating direct relationships between semantic
embedding sophistication and classification accuracy.

Semantic embedding dimensionality plays a crucial role in zero-shot performance, with optimal
dimensions varying significantly based on domain complexity characteristics. Theoretical analysis reveals
that generalization gaps are bounded by combined domain shift penalties and attribute prediction errors,
where domain shift components contribute substantially to total error measurements. Recent contrastive
learning advances have substantially reduced these gaps compared to traditional approaches, achieving
improved cross-domain transfer efficiencies in controlled experimental environments.
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2.2 Meta-Learning Theoretical Principles

2.2.1 Bi-Level Optimization

Meta-learning algorithms implement hierarchical optimization structures where inner loop adaptation
requires multiple gradient steps for new task convergence, while outer loop optimization demands
extensive meta-training episodes for stable performance achievement. Computational complexity scales
quadratically with inner loop parameter numbers, resulting in extended training times compared to
conventional supervised learning approaches. However, inference time advantages prove substantial, with
new task adaptation completing rapidly compared to traditional fine-tuning requirements.

Theoretical convergence guarantees depend on loss landscape smoothness properties, with convergence
rates following established patterns for non-convex objective functions. The meta-learning objective
achieves near-optimal performance after sufficient meta-training episodes across diverse task
distributions, while generalization bounds for meta-learned representations scale with the square root of
meta-training task numbers [4].

2.2.2 Probabilistic Perspectives

Bayesian meta-learning frameworks model parameter uncertainty through posterior distributions,
providing valuable uncertainty estimates around mean predictions in well-calibrated systems.
Computational overhead increases compared to deterministic approaches, but delivers substantial benefits
in uncertainty quantification and active learning scenarios. Bayesian approaches demonstrate superior
performance in low-data regimes, achieving enhanced accuracy when limited examples per class are
available.

2.3 Information-Theoretic Analysis

2.3.1 Sample Complexity Bounds

Information-theoretic analysis establishes fundamental performance limits based on mutual information
between support examples and class labels. Minimum support example requirements scale logarithmically
with class numbers and inversely with feature representation signal-to-noise ratios. Generalization bounds
incorporate both Rademacher complexity and learning algorithm stability properties, resulting in tighter
bounds than traditional PAC-learning frameworks.

2.3.2 Representation Learning Theory

Learned representation quality fundamentally determines few-shot learning success, requiring invariance
properties that preserve class-relevant information while discarding task-irrelevant variations. Transfer
learning capability scales with mutual information between representations and underlying semantic
concepts, requiring sufficient mutual information for effective cross-domain transfer. Representational
capacity must balance expressiveness with generalization, while contrastive learning approaches achieve
superior transfer performance compared to supervised pre-training methods.
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Fig. 1: Theoretical Principles and Algorithmic Foundations in Limited-Data Learning Paradigms [3, 4]

3. State-of-the-Art Approaches and Architectures

3.1 Metric Learning and Embedding-Based Methods

3.1.1 Siamese and Triplet Networks

Early approaches focused on learning similarity metrics through Siamese architectures that process pairs
of inputs and determine their similarity through distance-based comparisons. These networks demonstrate
strong performance on standard one-shot learning benchmarks, with training requiring substantial
numbers of image pairs to reach convergence. The computational overhead involves processing paired
examples through identical network branches, resulting in extended training times compared to standard
classification networks. Memory requirements scale with batch size, necessitating careful resource
management for effective training.

Triplet networks extend this concept by learning embeddings where similar examples maintain closer
proximity than dissimilar ones in the learned feature space. These architectures demonstrate superior
performance in scenarios with large numbers of classes, particularly excelling on challenging datasets
with extensive category diversity. The triplet loss mechanism requires careful mining of hard negative
examples, with effective implementations requiring sophisticated sampling strategies during training.
3.1.2 Prototypical Networks

Prototypical networks represent each class by a prototype computed as the mean of support examples in
the embedding space, achieving remarkable simplicity and effectiveness in few-shot learning scenarios.
These networks consistently demonstrate strong performance across standard benchmarks, particularly
excelling in both single-shot and multi-shot classification tasks [5]. The computational efficiency proves
substantial, with rapid inference times making them suitable for real-time applications requiring quick
classification decisions.

Classification performance scales predictably with embedding dimensionality, with optimal performance
achieved through carefully tuned feature representations. The prototype computation requires minimal
overhead, involving simple averaging operations that consume minimal computational resources during
inference. Training convergence occurs efficiently using standard optimizers, with final models requiring
modest storage compared to more complex architectures.
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3.1.3 Relation Networks
Relation networks learn to compare query and support examples through learnable similarity functions,
moving beyond fixed distance metrics to adaptive comparison mechanisms that capture complex
relationships between examples. These networks achieve competitive performance on challenging few-
shot benchmarks while requiring additional computational resources compared to simpler prototypical
approaches. The learnable comparison module enables sophisticated relationship modeling between
support and query examples.
3.2 Optimization-Based Meta-Learning
3.2.1 Model-Agnostic Meta-Learning (MAML)
MAML learns initial parameters that enable rapid adaptation to new tasks through gradient descent,
demonstrating remarkable versatility across computer vision, natural language processing, and
reinforcement learning domains. The approach achieves strong performance on challenging few-shot
classification benchmarks while requiring minimal gradient steps for task adaptation. Training
computational complexity scales with parameter numbers, resulting in extended training times compared
to conventional supervised learning approaches.
The meta-learning process requires extensive meta-training episodes for convergence, with each episode
involving multiple tasks sampled from the task distribution. Memory requirements prove substantial due
to second-order gradient computations, though adaptation efficiency demonstrates exceptional
performance compared to traditional fine-tuning approaches.
3.2.2 First-Order Approximations
First-order methods approximate second-order derivatives to address computational complexity, reducing
training time while maintaining competitive performance. These approximations eliminate the need for
computing Hessian matrices, significantly reducing memory requirements for typical meta-learning
scenarios. The computational efficiency enables deployment on resource-constrained environments, with
performance degradation remaining minimal for most applications.
3.3 Memory-Augmented Networks
Memory-augmented architectures incorporate external memory mechanisms, enabling rapid encoding and
retrieval of task-specific information, facilitating quick adaptation without parameter updates. These
systems achieve strong performance on few-shot learning benchmarks while demonstrating exceptional
capability in tasks requiring complex reasoning over stored information. The read/write operations
involve learnable attention mechanisms that enable sophisticated memory access patterns.
3.4 Transformer-Based Approaches
3.4.1 In-Context Learning
Large language models demonstrate remarkable few-shot and zero-shot capabilities through in-context
learning, where examples are provided as input prompts without parameter updates. These systems
achieve impressive accuracy across diverse few-shot benchmarks, with performance scaling with model
size and context quality [6]. Processing efficiency proves exceptional, with rapid inference for typical
few-shot queries on modern hardware.
3.4.2 Cross-Attention Mechanisms
Transformer architectures with cross-attention enable sophisticated comparison between support and
query examples, leading to improved few-shot performance in both vision and language tasks. These
mechanisms achieve strong performance on challenging benchmarks while requiring additional
computational resources compared to standard self-attention architectures.
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Fig. 2: Advanced Methodologies and Performance Evaluation of Contemporary Few-Shot Learning
Approaches [5, 6]

4. Applications and Performance Analysis

4.1 Computer Vision Applications

4.1.1 Image Classification

Few-shot image classification has been extensively studied on benchmark datasets including
minilmageNet, tieredlmageNet, and CIFAR-FS, establishing fundamental evaluation protocols for the
field. Current state-of-the-art methods demonstrate substantial improvements over early approaches,
achieving impressive accuracy rates on challenging multi-way classification tasks with minimal training
examples [7]. The computational efficiency during training and inference has improved dramatically,
making few-shot learning viable for real-world deployment scenarios where rapid adaptation to new
visual categories is essential.

Performance analysis reveals that modern few-shot learning systems require significantly less training
time compared to traditional supervised learning approaches while maintaining competitive accuracy
levels. Cross-dataset evaluation demonstrates robust generalization capabilities, with models trained on
one benchmark achieving reasonable performance on different datasets without additional training.
Recent advances incorporating self-supervised pre-training have further improved -cross-domain
performance, establishing new benchmarks for few-shot visual recognition tasks.

4.1.2 Object Detection and Segmentation

Few-shot object detection extends classification techniques to localization tasks, presenting additional
complexity in learning to identify and locate objects from limited examples. Contemporary methods show
promising results on standard detection benchmarks, though the computational requirements increase
substantially compared to classification tasks. Few-shot segmentation presents even greater challenges in
generating pixel-level predictions from minimal examples, requiring sophisticated attention mechanisms
and feature transfer strategies.

Recent advances in attention-based segmentation have improved performance compared to baseline
approaches, achieving state-of-the-art results on standard benchmarks. The memory efficiency during
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inference allows deployment on resource-constrained devices, making few-shot segmentation practical
for real-time applications in autonomous systems and medical imaging scenarios.
4.1.3 Medical Imaging
Medical imaging applications demonstrate particular relevance for few-shot learning due to the inherent
scarcity of annotated medical data. Few-shot approaches show significant promise in rare disease
classification, medical image segmentation, and drug discovery applications, where traditional machine
learning requires extensive datasets that are often unavailable or expensive to obtain. The reduced
annotation requirements prove especially valuable in clinical settings where expert radiologist time is
limited and costly.
Drug discovery applications leverage few-shot learning for molecular property prediction, proving
particularly valuable for rare diseases where experimental data remains scarce. The approach requires
substantially fewer experimental validations compared to traditional machine learning methods while
maintaining comparable prediction accuracy.
4.2 Natural Language Processing Applications
4.2.1 Text Classification and Sentiment Analysis
Few-shot text classification demonstrates significant applications in domain adaptation scenarios, where
models must quickly adapt to new domains with limited labeled data. Contemporary approaches achieve
strong performance on sentiment analysis tasks, with pre-trained language model integration substantially
improving few-shot text classification capabilities. The fine-tuning process proves efficient, requiring
minimal computational resources while achieving impressive accuracy on domain adaptation
benchmarks.
Cross-domain evaluation reveals robust generalization capabilities, with models trained on one domain
achieving reasonable performance on different domains without additional training. The domain transfer
efficiency improves significantly when incorporating domain-specific vocabulary adaptation techniques.
4.2.2 Named Entity Recognition
Few-shot named entity recognition tackles the challenge of identifying entities in new domains or
languages with minimal annotation. Cross-lingual transfer demonstrates particular promise in low-
resource settings, with models trained on high-resource languages achieving reasonable performance on
low-resource languages without parallel data. Meta-learning approaches further improve performance,
achieving state-of-the-art results on challenging multilingual benchmarks.
4.2.3 Machine Translation
Zero-shot and few-shot machine translation enable translation between language pairs with limited
parallel data, proving particularly important for low-resource languages where extensive parallel corpora
are unavailable. Multilingual pre-trained models demonstrate exceptional zero-shot capabilities, achieving
reasonable translation quality on unseen language pairs without parallel training data [8]. The translation
quality proves sufficient for basic communication tasks in resource-constrained scenarios.
4.3 Reinforcement Learning Applications
Few-shot reinforcement learning focuses on quickly adapting policies to new environments or tasks, with
meta-learning approaches enabling agents to achieve strong performance with minimal environment
interactions. The sample efficiency improvements prove substantial, with few-shot RL agents requiring
significantly fewer interactions compared to conventional algorithms. Training meta-RL agents requires
extensive environment interactions across diverse task distributions, but the resulting policies demonstrate
exceptional adaptation capabilities for robotics and autonomous systems applications.
4.4 Performance Benchmarks and Evaluation Metrics
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Standard evaluation protocols provide consistent comparison metrics across different approaches, with
carefully designed sampling strategies ensuring statistical significance. Cross-domain evaluation
emphasizes the importance of assessing true generalization capabilities beyond standard benchmarks,
while fairness and robustness analysis increasingly considers performance equity across different
demographic groups and resilience to adversarial perturbations.

Applications & Performance Analysis

Computer Vision Natural Language Processing
Image Classification — Text Classification CE—
Medical Imaging CE— Sentiment Analysis C—
Object Detection — Named Entity Recognition —
Reinforcement Learning Evaluation Metrics
Task Adaptation — Standard Benchmarks —_—
Policy Transfer Cross-Domain e

Fig. 3: Performance Analysis and Application Domains of Few-Shot Learning Systems: A
Comprehensive Visual Assessment [7, 8]

5. Future Directions and Challenges

5.1 Technical Challenges and Limitations

5.1.1 Scalability Issues

Current few-shot learning methods demonstrate significant performance degradation when scaling to
larger numbers of classes, presenting fundamental challenges for real-world deployment scenarios.
Computational complexity increases substantially as class numbers grow, resulting in prohibitive training
times and memory requirements for large-scale applications. The computational bottleneck proves
particularly challenging for real-time applications, where inference time scaling becomes a critical
limitation.

Recent research efforts focusing on hierarchical classification and progressive learning show promise for
addressing scalability challenges. However, these approaches often require careful architectural design
and may sacrifice a few-shot learning capability to achieve improved scalability performance.

5.1.2 Domain Gap Problems

The performance gap between few-shot learning on benchmark datasets and real-world applications
represents a critical limitation in practical deployment scenarios. Cross-domain evaluation studies reveal
substantial accuracy drops when models trained on standard benchmarks are applied to industrial or
specialized domain tasks [9]. The domain shift problem proves particularly acute in specialized fields
such as medical imaging and manufacturing quality control, where systems require extensive domain
adaptation efforts.
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Addressing this challenge requires developing more realistic evaluation protocols that incorporate domain
shift scenarios and better domain adaptation techniques. Current research suggests that benchmark
datasets should include diverse domains to properly assess real-world generalization capabilities.
5.1.3 Catastrophic Forgetting
Continual learning in few-shot settings faces substantial challenges from catastrophic forgetting, where
models lose performance on previously learned tasks when acquiring new capabilities. Memory-based
approaches to address catastrophic forgetting require substantial storage overhead and computational
resources for memory management. Recent advances in meta-learning-based continual learning show
promise but require extensive meta-training across diverse task distributions.
5.2 Emerging Research Directions
5.2.1 Multimodal Few-Shot Learning
Integration of multiple modalities in few-shot learning presents opportunities for developing more robust
and versatile Al systems. Early research demonstrates substantial accuracy improvements when
combining vision and language modalities compared to single-modality approaches. Recent advances in
cross-modal attention mechanisms have further improved multimodal few-shot performance, though
increased model complexity results in longer training times.
5.2.2 Few-Shot Learning with Foundation Models
The emergence of large foundation models opens new possibilities for few-shot learning through better
pre-training strategies and more effective fine-tuning approaches. Foundation model-based few-shot
learning demonstrates exceptional capabilities across diverse domains, with parameter-efficient fine-
tuning techniques reducing computational requirements while maintaining strong performance. The
versatility enables the deployment of unified systems capable of handling diverse applications
simultaneously.
5.2.3 Automated Machine Learning Integration
Combining few-shot learning with automated ML techniques could democratize Al development by
enabling non-experts to develop effective models with minimal data and expertise. Automated few-shot
learning systems can achieve competitive performance while requiring significantly less machine learning
expertise from users, enabling rapid prototyping and deployment capabilities.
5.3 Ethical Considerations and Societal Impact
5.3.1 Data Privacy and Security
Few-shot learning's ability to work with limited data creates significant implications for privacy-
preserving machine learning and federated learning scenarios. The reduced data requirements enable
compliance with stringent privacy regulations while maintaining acceptable performance levels. Privacy-
preserving few-shot learning techniques demonstrate increased robustness to certain types of privacy
attacks, though limited training data may create vulnerabilities to other attack vectors [10].
5.3.2 Bias and Fairness
Limited training data can exacerbate bias issues in few-shot learning systems, with fairness metrics
showing larger disparities across demographic groups compared to models trained on extensive datasets.
The bias amplification problem proves particularly concerning in high-stakes applications where few-shot
systems may perpetuate existing societal biases. Mitigation strategies, including adversarial debiasing,
show promise but require additional computational resources and specialized expertise.
5.3.3 Accessibility and Democratization
Few-shot learning has significant potential to democratize Al by reducing data requirements and technical
expertise needed for model development. Educational applications demonstrate particular promise, with
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few-shot learning enabling personalized systems that adapt to individual needs using minimal examples.
However, the potential for democratization must be balanced against ensuring responsible deployment
and preventing misuse.
5.4 Industry Applications and Commercial Potential
5.4.1 Edge Computing and Mobile Al
Few-shot learning's computational efficiency makes it particularly suitable for edge computing
applications where computational resources and data availability are limited. The energy efficiency
advantages prove substantial, with few-shot learning models consuming significantly less power while
maintaining comparable accuracy levels.
5.4.2 Personalized Al Systems
The ability to quickly adapt to individual users with minimal data opens opportunities for more
personalized Al experiences across various applications. Healthcare applications show particular promise,
with few-shot learning enabling personalized treatment recommendations based on limited patient-
specific data.
5.4.3 Scientific Discovery and Research
Few-shot learning can accelerate scientific discovery in domains where data collection is expensive or
time-consuming, such as drug discovery and materials science. The acceleration potential proves
substantial across multiple scientific domains, enabling more effective research with reduced
experimental requirements.
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Fig. 4: Interactive Flow Chart Analysis of Future Directions, Technical Challenges, and Commercial
Applications in Few-Shot Learning [9, 10]
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Conclusion

The field of few-shot and zero-shot learning represents a fundamental paradigm shift in machine learning,
moving away from data-hungry approaches toward more efficient and generalizable learning systems that
mirror human-like learning capabilities. Recent advances in meta-learning algorithms, transformer
architectures, and foundation models have significantly improved the capabilities of these systems,
making them increasingly viable for real-world applications across diverse domains. Key technical
contributions include the development of robust meta-learning algorithms such as MAML, sophisticated
similarity learning approaches through prototypical and relation networks, and the emergence of in-
context learning capabilities in large language models that enable remarkable zero-shot performance
without parameter updates. These advances have enabled successful applications across computer vision,
natural language processing, and reinforcement learning domains, with particularly promising results in
medical diagnosis, industrial quality control, and scientific discovery, where data scarcity presents
traditional challenges. However, significant technical challenges remain, including scalability constraints
when dealing with large numbers of classes, domain adaptation issues when transferring from benchmark
datasets to real-world applications, and catastrophic forgetting problems in continual learning scenarios.
Future directions point toward multimodal integration that combines vision, language, and other sensory
inputs, better utilization of foundation models through parameter-efficient fine-tuning techniques, and
addressing ethical considerations around bias mitigation and privacy preservation. The commercial and
societal potential of few-shot and zero-shot learning proves substantial, with applications ranging from
personalized Al systems that adapt to individual users with minimal data to scientific discovery
acceleration in domains where experimental data collection remains expensive and time-consuming. As
the field continues to mature, these techniques will likely become increasingly important components of
practical Al systems, enabling more efficient and accessible artificial intelligence across diverse domains
while addressing critical challenges in data scarcity, computational efficiency, and responsible Al
deployment.
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