
ABSTRACT

This study presents a comparative analysis of meta-learning-driven approaches for few-shot font adaptation,

addressing the critical challenge of recognizing unseen font styles with limited labeled samples. As data

scarcity and domain shifts hinder conventional deep learning models, we investigate three adaptation

paradigms: baseline fine tuning, metric based Prototypical Networks, and Model-Agnostic Meta-Learning

(MAML). Through rigorous evaluation across 1-shot, 5-shot, and 10-shot settings, we assess classification

accuracy, data efficiency, adaptation velocity, and knowledge retention. Empirical results demonstrate

that MAML consistently achieves superior performance, attaining 50.9%, 58.3%, and 62.5% accuracy,

respectively, while exhibiting the fastest convergence and lowest variance across target fonts. Feature

representation analysis via t-SNE visualizations confirms that meta-learning facilitates effective domain

alignment, transforming scattered target samples into compact, class-discriminative clusters. Furthermore,

confusion matrix analysis reveals reduced inter-class confusion, particularly for structurally similar digits.

Crucially, our forgetting measure indicates that MAML preserves source-domain knowledge with near-zero

catastrophic forgetting, unlike conventional fine-tuning which suffers significant performance degradation.

These findings establish meta learning as a principled framework that balances rapid adaptation, data

efficiency, and long term stability. The proposed approach offers scalable solutions for real world applications

that require continuous adaptation to novel visual styles under data constrained regimes, advancing few-

shot learning methodologies in font recognition and broader low resource visual recognition tasks.
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1. Introduction

Natural Language Processing (NLP) is increasingly confronted with challenges such as data scarcity, domain

adaptation, and personalization requirements. These challenges complicate the development of robust models,

particularly in scenarios where annotated data is limited. In practical applications such as recommendation

systems [1] and sentiment analysis [2], collecting large-scale labeled datasets is both time-consuming and

labor-intensive. Consequently, there is a growing need for learning paradigms that can operate effectively

with limited data.

Few-Shot Learning (FSL) has emerged as a promising solution to these challenges by enabling models to

generalize from only a handful of labeled examples. This paradigm significantly reduces the dependency on

extensive annotations while maintaining competitive performance [3, 4]. Inspired by the human ability to

learn new concepts from minimal exposure, FSL aims to improve learning efficiency and adaptability in data-

constrained environments [5].

2. Background and Related Work

2.1 Limitations of Conventional Deep Learning

Despite the remarkable success of deep learning in modeling complex, high dimensional data, its performance

often degrades when applied to unseen tasks. This limitation is primarily due to its reliance on large scale

training data and the assumption that training and testing data are drawn from the same distribution. As a

result, deep learning models exhibit poor generalization in few shot scenarios.

Few-shot learning addresses these limitations by enabling models to learn from limited annotated examples
and adapt to new categories during inference [6, 7]. However, most existing work in this domain has focused
on image processing tasks [8], while applications in NLP remain relatively underexplored [9, 10, 11]. This
disparity arises because textual data reside in a discrete semantic space, making it more challenging to extract
transferable features than it is for continuous image representations [12].

2.2 Meta-Learning for Few-Shot Learning

Meta-learning, commonly referred to as “learning to learn,” has emerged as a dominant framework for

addressing the limitations of traditional deep learning in low data regimes. It involves constructing a distri-

bution of tasks within a task manifold and learning task agnostic meta knowledge that can be rapidly adapted

to new tasks [13].

By leveraging prior experience across multiple tasks, meta-learning enables efficient knowledge transfer and

improves generalization in few shot settings. This paradigm aligns closely with the objectives of FSL and has

become a foundational approach for designing adaptive and scalable learning systems [14].

2.3 Generative Models in Few-Shot Learning

Generative Adversarial Networks (GANs) have demonstrated strong capabilities in modeling complex data

distributions and generating realistic synthetic samples through adversarial learning. These models can

potentially mitigate data scarcity by augmenting training datasets.
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However, conventional GANs require a substantial amount of training data to produce high quality outputs,

which limits their applicability in few shot scenarios. To address this issue, recent research has explored

integrating meta-learning techniques with generative models, enabling them to adapt to new tasks with minimal

data [15]. This hybrid approach reflects an effort to emulate human like learning efficiency in artificial systems.

2.4 Multi-Modal Few-Shot Learning

Recent advancements in few shot learning have extended to multi modal settings, particularly in tasks such as

few shot object detection (FSOD). Multi modal FSOD leverages both visual examples and class semantic infor-

mation, which are inherently complementary, to enhance detection performance.

Most existing multi-modal FSOD approaches rely on fine tuning based strategies, which are computationally

expensive and inefficient for real time or online applications [16]. To overcome these limitations, meta-

learning-based methods have been proposed. For instance, MetaAdapt introduces a domain adaptive

framework for few-shot misinformation detection that combines meta-learning with multimodal inputs [17].

This approach highlights the potential of integrating semantic and visual information for improved adaptability.

Several surveys have systematically explored the development of few shot learning methodologies.  presented

an early survey on small sample learning, covering both zero shot learning [19-21] and few-shot learning

across tasks such as image classification, visual question answering [22-24], and object detection [25-27].

Wang et al. [28] provided a comprehensive review that formally defines few-shot learning and distinguishes it

from other machine learning paradigms, emphasizing error decomposition in supervised learning. Similarly,

Li et al. [29] focused on meta learning based approaches and reviewed key contributions in the field over time

[30, 31, 32, 33].

More recent work by Li et al. [34] concentrated on metric learning methods for few shot image classification

[35, 36, 37]. Compared to these studies [38, 34, 39], recent surveys aim to provide a more updated and

comprehensive analysis of meta-learning approaches, highlighting their strengths, limitations, and future

directions [40].

2.5 Research Motivation and Scope

Although significant progress has been made in few-shot learning, several challenges persist. These include

the limited application of FSL in NLP, the difficulty of learning transferable semantic representations in textual

data, and the inefficiency of fine tuning based approaches in real time environments. Additionally, generative

models still face data dependency issues that hinder their effectiveness in low resource settings.

Motivated by these challenges, this work explores the integration of meta-learning and domain adaptation

techniques to improve performance in few shot scenarios. By leveraging both task-level knowledge and semantic

information, the proposed approach aims to enhance generalization and adaptability across diverse tasks and

domains. In Section 3, we present the framework; in Section 4, we present the analysis and results, including

the feature representation analysis; and in Section 6, we conclude the work.

3. Framework and Skeleton
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3.1 Overview of the Experimental Framework

This study investigates the capability of deep learning models to perform few-shot adaptation to unseen font

styles. The central objective is to evaluate how effectively a model trained on a diverse source distribution can

generalise to a novel target font using only a limited number of labelled samples (k-shot setting).

The analysis integrates three major paradigms:

 Conventional transfer learning via fine-tuning

 Metric-based learning using embedding spaces

 Meta-learning for rapid adaptation

3.2 Learning Paradigms and Mathematical Formulation

3.2.1 Metric-Based Representation Learning

Within the metric-learning framework, the model learns an embedding function F() that maps input images

into a latent feature space. Classification is performed based on proximity to class prototypes.

The prototype for class K is defined as:

where:

S
K 

is the support set for class 
K

F()is the embedding of sample 

This formulation enables the model to generalize from very few samples by constructing a centroid

representation of each class. The effectiveness of adaptation depends on how well the embedding space separates

classes under domain shifts (e.g., new font styles).

3.2.2 Meta-Learning for Rapid Adaptation

The Model-Agnostic Meta-Learning (MAML) framework optimizes initial parameters such that minimal

gradient updates lead to strong performance on new tasks.

Interpretation:

Unlike standard fine-tuning, MAML explicitly trains the model for adaptability, resulting in:

 Faster convergence

 Higher initial accuracy on unseen fonts

 Improved stability under low-data regimes

3.3 Evaluation Metrics and Analytical Formulations

3.3.1 Data Efficiency
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To quantify how effectively the model utilizes limited data, the Data Efficiency Score is defined as:

The learning process is analyzed through learning curves, where accuracy is modeled as a function of:

 Number of samples K

 Number of gradient steps S

3.3.2 Catastrophic Forgetting
To assess retention of previously learned knowledge, the forgetting measure is defined as:

To rigorously assess the efficacy of few-shot font adaptation, a suite of complementary evaluation metrics was

employed, each capturing a distinct dimension of model performance. The primary metric was classification

accuracy on the target font test set, measured across varying support set sizes specifically, the 1-shot, 5-shot,

and 10-shot scenarios to quantify the model’s ability to generalize from minimal exemplars. Beyond raw

accuracy, data efficiency was formalized as the ratio of accuracy to the number of adaptation samples, providing

a normalized measure that penalizes methods requiring excessive exemplars to achieve performance gains.

Adaptation dynamics were characterized through learning curves, which plot accuracy as a function of both

the number of support samples and the number of gradient steps. From these curves, adaptation velocity was

derived as the slope of the accuracy-per-step trajectory during the initial phase of optimization, serving as a

proxy for convergence speed. To ensure that adaptation did not compromise previously acquired knowledge,

catastrophic forgetting was monitored by measuring the change in source font accuracy before and after

adaptation. A positive delta indicated that the model refined its representations without overwriting

generalizable features, whereas a negative delta would signal detrimental interference. Finally, the F1-score

was incorporated to account for potential class imbalances within the adaptation sets, ensuring that reported

performance reflected true discriminative capability rather than skewed prediction distributions.

3.4 Empirical Observations and Results Interpretation

3.4.1 Performance Improvement

Setting

Before adaptation

After adaptation

Absolute Gain

  Accuracy

  44.92%

  52.62%

 +7.70 percentage points

Empirical trends suggest a diminishing returns effect, typically around:

Certain digit pairs exhibit higher confusion rates, particularly:

 Structurally similar digits (e.g., 1 vs. 7, 5 vs. 6)
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The overall performance is summarized as:

where:

Acc
k-shot

: Accuracy at different shot levels

: Adaptation velocity (slope of learning curve)

F: F1-score for class-balanced evaluation

To synthesize the multidimensional nature of adaptation performance into a single comparative measure, a

composite performance vector was defined as M = {Acc 1-shot, Acc 5-shot, Acc10-shot, , F}, where ç denotes

adaptation velocity and F represents the macro averaged F1-score. This vector encapsulates both the asymptotic

performance achievable with increased support and the efficiency with which such performance is attained.

The inclusion of adaptation velocity is particularly critical, as it distinguishes methods that achieve rapid

convergence a desirable property in practical few shot scenarios where computational budgets may be

constrained from those that ultimately reach comparable accuracy only after extensive optimization.

In practice, this composite formulation enabled direct comparison across adaptation strategies by revealing

trade offs that would be obscured by accuracy alone. For instance, a method that achieves high final accuracy

but exhibits low adaptation velocity may be unsuitable for applications requiring real time adaptation, whereas

a method with marginally lower asymptotic accuracy but substantially faster convergence may be preferable

for deployment. The F1-score further refined this comparison by penalizing strategies that achieved high

accuracy through biased predictions, ensuring that reported performance reflected balanced classification

across all digit classes.

3.5 Comparative Interpretation of Learning Strategies

The comparative evaluation of the three adaptation paradigms Baseline Fine Tuning, Prototypical Networks,

and Model Agnostic Meta Learning revealed distinct behavioral profiles with important implications for few-

shot font adaptation tasks. Baseline Fine Tuning, while straightforward to implement, exhibited the poorest

data efficiency and slowest convergence, particularly in the 1-shot setting where overfitting to the limited

support set was evident. This behavior reflects the inherent difficulty of updating a high capacity model from

sparse data without explicit inductive biases tailored for rapid adaptation.

Prototypical Networks demonstrated a notable advantage in the extreme few-shot regime, achieving strong

initial accuracy by leveraging a non-parametric classification mechanism that obviates the need for extensive

parameter updates. However, this approach exhibited a performance plateau beyond the 5-shot setting,

suggesting that its representational capacity is constrained by the fixed embedding space learned during

pretraining. In contrast, MAML consistently outperformed both alternatives across all support sizes and

convergence metrics. By explicitly optimizing for rapid adaptation during meta training, MAML learned initial

parameters that lie in a region of parameter space well suited for fast gradient based refinement. This enabled

the model to achieve both the highest asymptotic accuracy and the steepest adaptation velocity, effectively

balancing the competing demands of data efficiency, convergence speed, and final performance.
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Collectively, these comparative insights indicate that meta learning strategies, and MAML in particular, are

best suited for font adaptation tasks where novel styles must be assimilated from minimal exemplars without

sacrificing previously acquired discriminative capabilities. The integration of meta learning with domain

adaptation principles yields a robust framework that preserves source domain integrity while achieving rapid

and substantial gains on target domains.

3.6 Quantitative Performance Comparison

To evaluate the effectiveness of different adaptation strategies, we compare Baseline CNN Fine Tuning,

Prototypical Networks (ProtoNet), and Model Agnostic Meta Learning (MAML) under varying few-shot settings

(1-shot, 5-shot, and 10-shot). Performance is reported as mean classification accuracy ± standard deviation

across multiple leave one font out splits. (Table 1).

Model

CNN
 (Fine-Tuning)

ProtoNet

MAML

1-shot
Accuracy
(%)

45.3 ± 2.8

48.6 ± 2.2

50.9 ± 2.0

  5-shot
Accuracy
(%)

   50.7 ± 2.4

   55.8 ± 1.9

   58.3 ± 1.7

 10-shot
Accuracy (%)

54.9 ± 2.1

 59.7 ± 1.6

 62.5 ± 1.5

The results demonstrate that meta-learning approaches consistently outperform conventional fine-tuning
methods. MAML achieves the highest accuracy across all shot settings, highlighting its ability to rapidly adapt
to unseen font styles with minimal data. ProtoNet also performs competitively, benefiting from its metric-
based embedding space, while the CNN baseline shows comparatively slower improvement.

Table 1. Model Performance Across Few-Shot Settings

Figure 1. Few-Shot Learning Performance Comparison

Description: Figure 1 presents learning curves comparing three adaptation strategies—Baseline Fine-Tuning,

Prototypical Networks (Metric-Based Learning), and Model-Agnostic Meta-Learning (MAML)—under few-

shot conditions. The x-axis represents the number of gradient steps during adaptation, while the y-axis shows

classification accuracy on the target font. Separate curves are plotted for 1-shot, 5-shot, and 10-shot support

sets.
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Interpretation: MAML consistently achieves the highest accuracy across all shot levels and converges rapidly

within the first few gradient steps. In contrast, Baseline Fine-Tuning exhibits slower convergence and lower

final accuracy, particularly in the 1-shot setting, where overfitting is pronounced. Prototypical Networks

perform at an intermediate level, demonstrating strong initial performance but plateauing earlier than MAML.

These results highlight the advantage of meta-learning in optimizing for rapid adaptation, as it enables the

model to leverage structural priors from diverse source fonts more effectively than standard fine-tuning or

non-parametric metric-based approaches.

3.7 Adaptation Efficiency and Learning Dynamics

Learning curves (Figure 1) reveal that:

MAML exhibits the fastest convergence, achieving high accuracy within fewer gradient steps, ProtoNet shows

stable and consistent improvement, with lower variance across runs. and CNN fine-tuning requires more steps

and exhibits higher variability, especially in the 1-shot setting.

The adaptation velocity () is defined as the slope of the accuracy curve as follows:

This confirms that meta-learned initialization significantly improves adaptation speed.

3.8 Variability and Stability Analysis

Standard deviation values provide insight into model robustness:

CNN: Higher variance (±2.8 in 1-shot) indicates instability due to overfitting on limited samples

 ProtoNet: Reduced variance due to structured embedding space

 MAML: Lowest variance across all settings, demonstrating consistent generalization

This suggests that meta-learning not only improves accuracy but also enhances reliability across different

target fonts.

4. Feature Representation Analysis

Figure 2A and 2B. Pre-and Post Adaptation t-SNE Visualization
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Description: Figure 2A shows a t-SNE projection of feature embeddings extracted from the pretrained CNN

before any adaptation to the target font. Points are color-coded by digit class (0–9), with target font samples

highlighted using distinct markers. The visualization illustrates the initial clustering structure in the embedding

space.

Interpretation: Prior to adaptation, the target font samples (highlighted) are scattered across the embedding

space with no clear alignment to the digit-class clusters formed by source fonts. Many target samples lie near

cluster boundaries or in regions dominated by unrelated classes, indicating a substantial domain shift between

source and target fonts. This dispersion explains the low pre-adaptation accuracy of 44.92% and underscores

the necessity of adaptation to align target features with the learned class structure.

Description: Figure 2B presents the t-SNE projection of feature embeddings after adaptation using the MAML

strategy with a 10-shot support set. As in Figure 2B, points are color-coded by digit class, with target font

samples distinctly marked.

Interpretation: Following adaptation, target font samples are substantially better aligned with their respective

digit-class clusters. The previously scattered target points now form compact groupings near or within source-

class clusters, reflecting successful domain alignment. This improved feature alignment is consistent with the

observed accuracy gain from 44.92% to 52.62% and suggests that the adaptation process refined the feature

extractor to map the novel font into a shared, class discriminative embedding space without catastrophic

forgetting of source domain knowledge.

t-SNE visualizations (Figure 2) highlight clear differences in learned representations:

 CNN (Pre-adaptation): Scattered clusters with significant overlap

 ProtoNet: Moderately compact clusters due to prototype based learning

 MAML (Post-adaptation): Highly separable and dense clusters

This indicates that MAML learns more transferable and discriminative features, facilitating rapid alignment

between source and target domains.

4.1 Error Analysis Using Confusion Matrices

Figure 3. Pre-Adaptation Confusion Matrix
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Description: Figure 3 displays the confusion matrix for model predictions on the target font test set prior to

adaptation. Rows represent true digit classes, columns represent predicted classes, and color intensity indicates

prediction frequency. The matrix reveals the classification patterns of the pretrained model when confronted

with the unseen font.

Interpretation: The pre-adaptation confusion matrix shows high prediction entropy, with substantial off-

diagonal mass indicating systematic misclassifications. Errors are particularly pronounced among structurally

similar digit pairs, such as 1 vs 7 and 5 vs 6. Predictions are concentrated in a few dominant classes, reflecting

the model’s inability to discriminate between digits in the novel font style. This pattern confirms the presence

of a domain gap and establishes a baseline against which adaptation improvements can be measured.

Figure 4. Post-Adaptation Confusion Matrix

Description: Figure 4 shows the confusion matrix for model predictions on the target font test set after adap-

tation using MAML with a 10-shot support set. The format follows that of Figure 4, enabling direct comparison

of classification performance before and after adaptation.

Interpretation: Following adaptation, the confusion matrix becomes visibly more diagonal, with a marked

reduction in off-diagonal mass. Misclassifications persist primarily for ambiguous digit pairs but are signifi-
cantly attenuated compared to the pre-adaptation state. The concentration of predictions in a few dominant
classes is eliminated, replaced by a more balanced distribution across true digit classes. This improvement
corroborates the t-SNE visualizations and the quantitative accuracy gain, demonstrating that adaptation
enhances class separability for the target font while preserving the model’s underlying digit-class structure.

The confusion matrix (Figures 4 and 5) reveals:

 Strong diagonal dominance for all models after adaptation

 CNN exhibits higher confusion between visually similar digits (e.g., ‘1’ vs. ‘7’)

 ProtoNet reduces inter-class confusion due to distance-based classification

 MAML achieves the cleanest matrix, with minimal off-diagonal errors

Residual misclassifications are primarily driven by structural similarity among digit shapes, particularly in
the 1-shot scenario.
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4.2 Catastrophic Forgetting and Knowledge Retention Analysis

An essential requirement of effective few-shot adaptation is the ability to incorporate novel information

without degrading previously acquired knowledge. This phenomenon, commonly referred to as Catastrophic

Forgetting, was systematically evaluated by measuring the change in source-domain performance before and

after adaptation.

The forgetting measure, defined as the difference between pre-adaptation and post-adaptation accuracy on

source fonts, provides a quantitative estimate of representational stability. Models exhibiting large negative

shifts indicate substantial overwriting of previously learned features, whereas near-zero or positive shifts

suggest preservation of generalizable representations.

Empirical observations reveal clear distinctions among the evaluated paradigms. The baseline CNN fine-

tuning approach demonstrates the highest degree of forgetting, characterized by noticeable declines in source-

domain accuracy following adaptation. This behavior arises from unconstrained parameter updates, where

optimization on limited target samples leads to overfitting and disruption of globally useful features.

Consequently, while fine-tuning may improve target performance, it does so at the expense of previously

learned discriminative structure.

In contrast, Prototypical Networks exhibit minimal forgetting due to their reliance on a fixed embedding

space and non-parametric classification mechanism. Since adaptation primarily involves recomputing class

prototypes rather than updating model parameters extensively, the underlying feature extractor remains

largely stable. However, this stability comes at the cost of limited flexibility when adapting to substantial

domain shifts, as the embedding space itself is not explicitly optimized during adaptation.

The Model-Agnostic Meta-Learning (MAML) framework achieves the most favorable balance between

adaptation and retention. By optimizing for parameter initializations that are inherently robust to task-specific

updates, MAML enables rapid adaptation with minimal interference to previously acquired knowledge. The

observed near-zero forgetting measure indicates that the model refines its representations in a task-consistent

manner, preserving shared structure across source and target domains. This property is particularly critical

in real-world deployment scenarios, where continual adaptation to new font styles must not compromise

performance on previously encountered distributions.

Overall, these findings confirm that meta-learning not only enhances adaptation efficiency but also serves as

an implicit regularization mechanism against catastrophic forgetting, thereby ensuring long-term stability

and robustness of the learned representations.

4.3 Integrated Discussion of Adaptation Dynamics and Key Trends

The comprehensive evaluation of few shot font adaptation reveals several consistent and theoretically mea-

ningful trends that characterise the behaviour of modern learning paradigms under data constrained cond-

itions.

A primary observation concerns sample efficiency: all models exhibit substantial performance gains when

transitioning from 1 shot to 5 shot settings, with diminishing returns beyond the 10 shot regime. This pattern

reflects the nonlinear relationship between data availability and representational refinement, in which initial
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samples provide the most significant information for class separation, while additional samples yield progres-

sively smaller improvements. Such behavior aligns with theoretical expectations in low data learning, where

early examples define the coarse structure of the decision boundary.

A clear hierarchy of model performance emerges across all evaluation metrics. Conventional CNN fine-tuning

consistently underperforms due to its reliance on large data regimes and susceptibility to overfitting in sparse

settings. Prototypical Networks provide a strong and stable baseline, benefiting from their metric-based

inductive bias that promotes structured embedding spaces and low variance predictions. However, their

performance saturates earlier, indicating limited adaptability when the target domain deviates significantly

from the source distribution. In contrast, the Model-Agnostic Meta Learning framework achieves superior

results by explicitly optimizing for rapid adaptation, thereby dominating both in terms of convergence speed

and asymptotic accuracy.

The analysis further highlights important trade offs between flexibility, stability, and computational complexity.

Fine tuning offers simplicity and ease of implementation but suffers from instability and poor generalization.

Metric based approaches, such as Prototypical Networks, ensure robustness and consistency but lack the

capacity for deep adaptation of feature representations. Meta learning methods, while computationally more

demanding due to nested optimization procedures, provide the most balanced solution by enabling both fast

convergence and strong generalization across domains.

Importantly, the integration of results from learning curves, t-SNE visualizations, and confusion matrices

reveals a coherent picture of feature space evolution during adaptation. Prior to adaptation, target samples

are poorly aligned with source clusters, leading to high classification uncertainty. Post-adaptation, particularly

under MAML, the feature space becomes more structured, with improved cluster compactness and inter-

class separability. This transformation directly translates into increased classification accuracy and reduced

confusion among structurally similar digit classes.

Finally, the collective findings reinforce the broader conclusion that few shot adaptation is both feasible and

effective for font transfer tasks, provided that appropriate learning strategies are employed. Meta-learning, in

particular, emerges as a principled framework that unifies rapid adaptation, data efficiency, and knowledge

retention. By leveraging prior experience across diverse tasks, it enables models to generalize beyond the

limitations of conventional training paradigms, making it highly suitable for real world applications involving

continuous exposure to novel visual styles.

5. Conclusion

This study systematically investigated the effectiveness of deep learning paradigms for few-shot adaptation to

unseen font styles, addressing a critical challenge in low-data visual recognition. The experimental analysis

demonstrates that meaningful generalization can be achieved even under highly constrained settings, where

only a handful of labeled samples are available for adaptation. Across all evaluations, a consistent trend

emerges: performance improves significantly from 1-shot to 5-shot scenarios, then diminishes as additional

samples are added, highlighting the importance of sample efficiency in few shot learning.

A comparative assessment of learning strategies reveals clear distinctions in their adaptation behavior.
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Conventional CNN-based fine-tuning, while simple to implement, suffers from instability, slower convergence,

and susceptibility to overfitting, particularly in extremely low data regimes. Metric based approaches, such as

Prototypical Networks, offer improved stability and strong initial performance by leveraging structured

embedding spaces, yet their adaptability is limited when confronted with substantial domain shifts. In contrast,

Model-Agnostic Meta Learning (MAML) consistently achieves superior performance by explicitly optimizing

for rapid adaptation, enabling both faster convergence and higher asymptotic accuracy.

Beyond accuracy, the analysis underscores the importance of a holistic evaluation that considers adaptation

velocity, feature representation alignment, and robustness measures. Visualization techniques, including t-

SNE projections and confusion matrices, confirm that effective adaptation leads to improved cluster

separability and reduced inter class confusion. Furthermore, assessments of catastrophic forgetting indicate

that meta-learning frameworks preserve prior knowledge more effectively than conventional methods, ensuring

stability alongside adaptability.

In summary, the findings establish that integrating meta-learning with domain adaptation principles provides

a robust and scalable solution for few-shot font recognition. This approach not only enhances data efficiency

and generalization but also ensures reliable performance in dynamic environments where new styles

continuously emerge.
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