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I. INTRODUCTION 
 

The exponential growth of online transaction 

systems—including digital banking, mobile wallets, 

e-commerce platforms, and real-time payment 

infrastructures—has significantly increased both the 

volume and velocity of financial transactions. While 

this digital transformation has improved accessibility 

and efficiency, it has also expanded the attack 

surface for sophisticated financial fraud. In particular, 

zero-day fraud attacks, characterized by previously 

unseen and rapidly evolving fraud patterns, pose a 

critical challenge to existing transaction risk 

management systems [1], [2]. 

 

Traditional fraud detection approaches 

predominantly rely on supervised machine learning 

models trained on historical transaction data. 

Techniques such as logistic regression, decision 

trees, gradient boosting, and deep neural networks 

have demonstrated strong performance in detecting 

known fraud patterns [3]. However, these models 

assume that future transactions follow similar 

statistical distributions as past data—an assumption 

that rarely holds in real-world adversarial 

environments. As fraudsters continuously adapt their 

strategies to bypass deployed systems, concept drift 

and data distribution shifts significantly degrade 

model performance over time [4]. 

 

 
 

As illustrated in Figure 1, conventional ML pipelines 

require periodic retraining using newly labeled data, 
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which introduces a substantial delay between the 

emergence of a new fraud pattern and its effective 

detection. During this adaptation gap, zero-day 

fraud campaigns can propagate unchecked, 

resulting in substantial financial losses and erosion 

of user trust. Moreover, the scarcity of labeled fraud 

samples during early attack stages further limits the 

effectiveness of retraining-based approaches [5]. 

 

Recent research in adversarial machine learning has 

highlighted the strategic behavior of fraudsters, who 

actively probe and manipulate transaction 

features—such as transaction amount, frequency, 

merchant category, and device identifiers—to evade 

detection systems [6]. This adversarial interaction 

creates a continuous arms race between attackers 

and defenders, where static or slowly adaptive 

models are inherently disadvantaged. Consequently, 

there is a growing need for fraud detection 

frameworks that can learn rapidly from limited data 

and adapt dynamically to emerging threats. 

 

Meta-learning, also known as learning to learn, has 

emerged as a promising paradigm to address these 

challenges. Unlike traditional machine learning, 

which focuses on optimizing performance for a 

single task, meta-learning trains models across a 

distribution of related tasks, enabling them to 

acquire transferable knowledge that facilitates rapid 

adaptation to new tasks using only a small number 

of samples [7]. This capability makes meta-learning 

particularly suitable for zero-day fraud detection, 

where early-stage attacks provide only a few labeled 

fraudulent transactions. 

  

 
 

As shown in Figure 2, conventional models require 

extensive retraining when exposed to new fraud 

types, whereas meta-learning–based models 

leverage prior task knowledge to perform few-shot 

adaptation, significantly reducing response time. 

Among various meta-learning techniques, Model-

Agnostic Meta-Learning (MAML) has gained 

prominence due to its flexibility and compatibility 

with diverse model architectures [8]. 

 

In this paper, we propose a meta-learning–based 

adaptive defense framework for rapid detection of 

zero-day fraud attacks in online transaction systems. 

The proposed framework formulates fraud detection 

as a collection of related tasks, each corresponding 

to a distinct fraud pattern, and trains a meta-model 

capable of fast adaptation using limited labeled data. 

The framework is evaluated under realistic zero-day 

scenarios generated through task-wise data 

partitioning and controlled concept drift injection. 

  

 
 

As depicted in Figure 3, the system consists of a 

meta-training phase, where the model learns 

transferable fraud representations, and a meta-

adaptation phase, where it rapidly adapts to 

emerging zero-day fraud patterns in real time. 

Experimental results demonstrate that the proposed 

approach significantly outperforms state-of-the-art 

machine learning baselines in terms of detection 

accuracy, adaptation speed, and robustness under 

adversarial conditions. 

 

The remainder of this paper is organized as follows. 

Section 2 reviews related work on fraud detection 

and meta-learning. Section 3 presents the problem 

formulation and threat model. Section 4 details the 

proposed meta-learning framework. Section 5 

describes the experimental setup and datasets. 

Section 6 discusses the results and comparative 
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analysis. Finally, Section 7 concludes the paper and 

outlines future research directions. 

 

II. RELATED WORK 
 

Machine Learning–Based Fraud Detection 

Machine learning techniques have been widely 

adopted for online transaction fraud detection due 

to their ability to analyze high-dimensional 

transactional data and identify complex patterns. 

Classical supervised learning models such as logistic 

regression, decision trees, random forests, support 

vector machines, and gradient boosting have shown 

strong performance in detecting known fraud 

behaviors when trained on historical datasets [9], 

[10]. Deep learning models, including convolutional 

neural networks (CNNs) and recurrent neural 

networks (RNNs), have further improved detection 

accuracy by capturing spatial and temporal 

dependencies in transaction sequences [11], [12]. 

 

However, these models typically assume stable data 

distributions and require large volumes of labeled 

data for retraining. In real-world online transaction 

environments, fraud patterns evolve rapidly, leading 

to concept drift and severe class imbalance, which 

significantly reduce the effectiveness of static and 

batch-trained models [13]. 

 

Zero-Day Fraud and Adversarial Learning 

Challenges 

Zero-day fraud attacks involve novel fraud strategies 

that are not represented in historical training data. 

Such attacks exploit the delayed response of 

traditional detection systems, allowing fraudsters to 

evade detection during the early stages of 

deployment. Studies in adversarial machine learning 

have demonstrated that attackers can intentionally 

manipulate transaction attributes to bypass ML-

based classifiers while preserving legitimate-looking 

behavior [14]. 

 

To address these challenges, researchers have 

explored adversarial training, ensemble learning, and 

online learning strategies [15]. Although these 

approaches improve robustness to known attack 

variations, they often incur high computational costs 

and rely on continuous access to labeled data 

streams, limiting their practicality in large-scale, real-

time transaction systems. 

 

Few-Shot and Continual Learning Approaches 

Few-shot learning techniques aim to generalize from 

a small number of labeled samples and have been 

investigated as a solution to data scarcity in fraud 

detection [16]. Continual learning methods, which 

incrementally update models without catastrophic 

forgetting, have also been applied to evolving fraud 

scenarios [17]. These approaches enable partial 

adaptation to new fraud patterns; however, they are 

typically task-specific and lack mechanisms for 

effective knowledge transfer across diverse fraud 

types. 

 

Moreover, most existing few-shot and continual 

learning models are not designed to operate under 

adversarial conditions, limiting their ability to 

respond to strategically evolving zero-day fraud 

attacks. 

Meta-Learning for Adaptive Security Systems 

Meta-learning, or learning-to-learn, focuses on 

acquiring transferable knowledge across tasks, 

enabling rapid adaptation to new tasks with minimal 

labeled data [18]. Model-Agnostic Meta-Learning 

(MAML) and its variants have demonstrated strong 

performance in fast adaptation scenarios across 

computer vision, reinforcement learning, and 

cybersecurity domains [19]. 

 

Recent studies have explored meta-learning for 

malware detection and intrusion detection systems, 

showing improved responsiveness to unseen attack 

vectors [20]. Nevertheless, the application of meta-

learning to online transaction fraud detection—

particularly under zero-day and adversarial 

settings—remains limited. Existing works often rely 

on offline benchmarks and do not adequately 

consider real-time constraints, delayed labeling, and 

extreme class imbalance inherent in financial 

transaction data. 

 

Research Gap and Positioning of This Work 

The existing literature indicates that conventional ML 

and deep learning approaches are effective for 

detecting known fraud patterns but lack the 

adaptability required for zero-day fraud defense. 
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While adversarial, few-shot, and continual learning 

techniques partially address evolving threats, they 

remain constrained by retraining overheads and 

limited generalization. Meta-learning provides a 

promising framework for rapid adaptation; however, 

its integration into real-time transaction risk systems 

has not been sufficiently explored. 

 

This paper addresses this gap by proposing a meta-

learning–based adaptive fraud defense framework 

that enables rapid response to zero-day fraud 

attacks using minimal labeled data, while 

maintaining robustness in adversarial online 

transaction environments. 

 

III. PROBLEM FORMULATION 
 

Transaction Fraud Detection Setting 

Let an online transaction system generate a 

continuous stream of transactions 

X= {x1,x2,…,xt,…}, 

where each transaction  xt ϵ ℝd  is represented by a  

d-dimensional feature vector encoding transaction 

amount, temporal behaviour, device characteristics, 

geolocation patterns, and user interaction attributes. 

Each transaction is associated with a binary label 

γt ∈ {0,1}, 

where γt=1 denotes a fraudulent transaction and 

γt=0 denotes a legitimate transaction. Due to 

operational constraints, true labels are often delayed 

and sparsely available. The goal of a fraud detection 

model ƒθ(⋅), parameterized by  , is to estimate the 

probability 

Ŷt = fθ (xt), 

such that fraudulent transactions are identified in 

real time while minimizing false positives and 

operational costs. 

 

Zero-Day Fraud and Task Distribution 

We define a zero-day fraud attack as a fraud pattern 

whose underlying data distribution has not been 

observed during model training. Let 

 

𝒯 ={𝒯1 , 𝒯2 ,………,𝒯𝑁} 

denote a distribution of fraud-related tasks, where 

each task   corresponds to a distinct fraud pattern or 

attack strategy. Each task is characterized by a task-

specific data distribution Ƥi (x,y). 

 

During deployment, the model encounters a new 

task    ~   (x,y) that differs from all previously 

observed task distributions, representing a zero-day 

fraud scenario. Only a limited number of labeled 

samples  

 
are available for rapid adaptation. 

 

Limitations of Conventional Learning 

Approaches 

Conventional supervised learning aims to learn 

parameters   by minimizing an empirical risk over 

historical data: 

 
where L (⋅) denotes a classification loss function such 

as cross-entropy. However, under zero-day fraud 

conditions, the assumption that training and 

deployment data are identically distributed is 

violated, leading to performance degradation [13], 

[14]. 

 

Furthermore, periodic retraining requires 

accumulating sufficient labeled data, resulting in 

delayed response to emerging fraud patterns and 

increased financial exposure during the adaptation 

gap. 

 

Meta-Learning Objective for Rapid Adaptation 

To address these challenges, we formulate fraud 

detection as a meta-learning problem, where the 

objective is to learn an initialization   *) that enables 

fast adaptation to new fraud tasks with minimal 

labeled data. 

Formally, the meta-learning objective is defined as: 

  
where ϴi represents task-adapted parameters 

obtained via a small number of gradient update 

steps: 
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and α is the adaptation learning rate. 

This formulation enables the model to leverage 

knowledge from previously observed fraud tasks to 

rapidly adapt to unseen zero-day fraud attacks. 

 

Problem Statement 

Online transaction fraud detection systems operate 

in highly dynamic and adversarial environments 

where fraud patterns evolve rapidly. Traditional 

machine learning–based fraud detection models are 

primarily trained on historical data and assume 

relatively stable data distributions. As a result, these 

models perform effectively for known fraud patterns 

but fail to respond promptly to zero-day fraud 

attacks, which involve previously unseen strategies 

that exploit detection blind spots. The delayed 

availability of labeled data, combined with periodic 

retraining cycles, creates a significant adaptation gap 

during which fraudulent transactions may go 

undetected, leading to substantial financial losses. 

 

The core challenge is to design a fraud detection 

framework that can rapidly adapt to emerging zero-

day fraud patterns using minimal labeled data, while 

maintaining high detection accuracy, low false-

positive rates, and robustness against adversarial 

manipulation. The system must operate under real-

time constraints, severe class imbalance, and 

evolving transaction behaviors without requiring 

frequent full-scale retraining. 

 

Therefore, the problem addressed in this research is 

to develop a meta-learning–based adaptive fraud 

detection model that can learn transferable 

knowledge from historical fraud tasks and quickly 

personalize to novel zero-day fraud attacks, enabling 

timely and effective transaction risk mitigation in 

online financial systems. 

 

IV. PROPOSED META-LEARNING 

FRAMEWORK 
 

This section presents the proposed meta-learning–

based adaptive fraud detection framework for rapid 

defense against zero-day fraud attacks in online 

transaction systems. The framework is designed to 

overcome the limitations of static machine learning 

models by enabling fast adaptation to emerging 

fraud patterns using limited labeled data. 

 

 Framework Overview 

The proposed approach formulates fraud detection 

as a meta-learning problem, where each fraud 

pattern or attack strategy is treated as a separate 

learning task. Instead of training a single static 

classifier, the system learns a meta-model that 

captures transferable knowledge across multiple 

fraud tasks and can quickly adapt to unseen fraud 

behaviors. 

 

 
Figure 4 illustrates the overall architecture of the 

proposed framework. 

 

Figure 4. Overview of the proposed meta-learning–

based adaptive fraud defense framework. 

The architecture consists of three main stages: (i) 

meta-training on historical fraud tasks, (ii) meta-

adaptation for zero-day fraud detection, and (iii) 

real-time transaction risk scoring. This design 

enables rapid learning while maintaining robustness 

under evolving transaction patterns. 

 

Meta-Training Phase 

During the meta-training phase, the model is trained 

across a distribution of historical fraud tasks to learn 

an optimal parameter initialization that supports fast 

adaptation. 

Let 

  
denote a set of fraud-related tasks, where each task 

represents a distinct fraud pattern such as card-not-

present fraud, account takeover, or transaction 

velocity abuse. 
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Each task dataset is split into: 

 Support Set: few labeled samples for 

adaptation 

 Query Set: samples for meta-optimization 

 

Table 1. Meta-Training Task Construction 

Component Description 

Task Ti One fraud type or attack strategy 

Support Set Few-shot labeled transactions (k = 

5–20) 

Query Set Validation transactions 

Loss 

Function 

Cost-sensitive cross-entropy 

Objective Learn transferable initialization 

 

Meta-Learning Algorithm 

The framework adopts Model-Agnostic Meta-

Learning (MAML) due to its flexibility and 

compatibility with different neural architectures. 

 

Inner-Loop Task Adaptation 

For each task  Ti, the model parameters are updated 

using the support set: 

  
where α is the task-level learning rate and   denotes 

the task-specific loss function. 

 

 Outer-Loop Meta-Optimization 

The meta-parameters are updated by minimizing the 

loss over all query sets: 

  
where β is the meta-learning rate. 

This process enables the model to learn 

generalizable representations across diverse fraud 

patterns. 

 

Meta-Adaptation to Zero-Day Fraud Attacks 

When a zero-day fraud attack emerges, only a small 

number of labeled transactions are available: 

 
Using the learned meta-parameters ( \theta^* ), the 

model performs rapid adaptation: 

  

Figure 5 illustrates the meta-adaptation process for 

zero-day fraud. 

 

 
Figure 5. Meta-Adaptation Process for Zero-Day 

Fraud. 

 

The figure depicts the emergence of a new fraud 

pattern, selection of few-shot labeled samples, fast 

gradient-based adaptation, and immediate 

deployment of the adapted model. 

 

Real-Time Fraud Detection and Risk Scoring 

After adaptation, the model is deployed for real-time 

transaction monitoring. For each incoming 

transaction  xt 

  

Based on the predicted fraud probability, 

transactions are categorized into risk levels: 

 Low Risk: Transaction approved 

 Medium Risk: Step-up authentication 

 High Risk: Transaction blocked or flagged 

 

Table 2. Risk Scoring and Decision Strategy 

Risk 

Level 

Fraud 

Probability 

System Action 

Low < 0.3 Auto-approve 

Medium 0.3 – 0.7 Additional 

verification 

High > 0.7 Block / Manual 

review 

 

Advantages of the Proposed Framework 

Table 3 compares the proposed framework with 

conventional learning paradigms. 

 

Table 3. Comparison of Learning Paradigms 

Approach Adaptation 

Speed 

Zero-

Day 

Handling 

Data 

Requirement 

Traditional 

ML 

Slow Poor Large 
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Online 

Learning 

Moderate Limited Medium 

Few-Shot 

Learning 

Fast Moderate Small 

Proposed 

Meta-

Learning 

Very Fast High Very Small 

 

V. EXPERIMENTAL SETUP 
 

This section describes the datasets, experimental 

design, baseline models, evaluation metrics, and 

implementation details used to validate the 

effectiveness of the proposed meta-learning–based 

adaptive fraud detection framework under zero-day 

attack scenarios. 

 

Dataset Description 

To simulate realistic fraud detection and zero-day 

attack conditions, multiple benchmark and synthetic 

datasets were utilized. 

 

Datasets Used 

 Credit Card Fraud Dataset (European 

cardholders) 

 Synthetic Zero-Day Fraud Dataset (generated 

using distribution shift techniques) 

 Transaction Stream Dataset (for online 

adaptation evaluation) 

 

Each dataset contains transactional features such as: 

 Transaction amount 

 Time interval 

 Merchant category 

 Device and location features 

 Behavioral statistics 

 

Table 4. Dataset Characteristics 

    

Dataset 

Name 

No. of 

Samples 

No. of 

Features 

Fraud 

Ratio 

(%) 

Zero-Day 

Simulation 

Credit Card 

Fraud 

284,807 30 0.17 No 

Synthetic 

Zero-Day 

100,000 35 1.2 Yes 

Transaction 

Stream 

50,000 28 0.9 Yes 

 

 

Baseline Models for Comparison 

The proposed framework was evaluated against 

the following baseline approaches: 

 Traditional ML Models 

 Logistic Regression (LR) 

 Random Forest (RF) 

 XGBoost (XGB) 

 Adaptive Learning Models 

 Online Learning (SGD-based) 

 Few-Shot Learning (ProtoNet) 

 Transfer Learning (Fine-tuned DNN) 

 Proposed Model 

 Meta-Learning (MAML-based Adaptive 

Framework) 

 

Experimental Scenarios 

To assess robustness and adaptability, experiments 

were conducted under three scenarios: 

1. Static Fraud Patterns 

2. Concept Drift 

3. Zero-Day Fraud Attacks 

 

Each model was evaluated on its ability to: 

 Detect unseen fraud patterns 

 Adapt with minimal labeled samples 

 Maintain low false-positive rates 

 

Evaluation Metrics 

The performance of each model was measured using 

standard fraud detection metrics: 

 Accuracy 

 Precision 

 Recall 

 F1-score 

 Area Under ROC Curve (AUC) 

 Adaptation Time (seconds) 

 

Table 5. Evaluation Metrics Definition 

 

Metric Description 

Accuracy Overall classification correctness 

Precision Correct fraud predictions 

Recall Fraud detection sensitivity 

F1-score Harmonic mean of precision & 

recall 

AUC Discrimination capability 

Adaptation 

Time 

Time to adapt to new fraud 

patterns 
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Implementation Details 

 Programming Framework: Python, PyTorch 

 Meta-Learning Algorithm: Model-Agnostic 

Meta-Learning (MAML) 

 Optimizer: Adam 

 Learning Rate: 0.001 

 Meta-Batch Size: 32 tasks 

 Hardware: NVIDIA GPU (12 GB VRAM) 

 

 Performance Comparison Graphs 

Figure 6. Fraud Detection Accuracy Comparison 

 

 
A line graph comparing detection accuracy under 

concept drift. 

 

Observation: 

The proposed meta-learning model maintains 

consistently higher accuracy compared to traditional 

and online learning approaches when exposed to 

evolving fraud patterns. 

 

Figure 7. ROC Curve Comparison 

 

 
A ROC curve illustrating classification performance 

across models. 

 

Observation: 

The proposed framework achieves the highest AUC, 

indicating superior discrimination between 

fraudulent and legitimate transactions. 

 

Table 6. Overall Performance Comparison 

Model Accura

cy (%) 

Reca

ll 

(%) 

F1-

scor

e 

AU

C 

Adaptati

on Time 

(s) 

Logistic 

Regressi

on 

94.2 71.4 0.7

6 

0.8

8 

40 

Random 

Forest 

96.1 78.6 0.8

2 

0.9

1 

38 

Online 

Learning 

95.4 81.2 0.8

4 

0.9

2 

25 

Few-

Shot 

Learning 

96.8 85.9 0.8

8 

0.9

5 

15 

Propose

d Meta-

Learning 

98.3 91.7 0.9

3 

0.9

8 

10 

 

VI. RESULTS AND DISCUSSION 
 

This section presents a detailed analysis of the 

experimental results obtained using the proposed 

meta-learning–based adaptive fraud defense 

framework. Quantitative results are supported 

through tables and graphical illustrations to 

demonstrate the framework’s effectiveness under 

concept drift and zero-day fraud scenarios. 

 

Overall Performance Comparison 

The overall performance of the proposed framework 

is compared with baseline models in Table 3. The 

results indicate that the proposed meta-learning 

approach achieves the highest accuracy, recall, F1-

score, and AUC among all evaluated methods. 

 

Table 7. Overall Performance Comparison 

 

Model Accuracy 

(%) 

Recall 

(%) 

F1-

score 

AUC 

Logistic 

Regression 

94.2 71.4 0.76 0.88 

Random 

Forest 

96.1 78.6 0.82 0.91 

Online 

Learning 

95.4 81.2 0.84 0.92 
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Few-Shot 

Learning 

96.8 85.9 0.88 0.95 

Proposed 

Meta-

Learning 

98.3 91.7 0.93 0.98 

The high recall value confirms the framework’s ability 

to identify a greater proportion of fraudulent 

transactions, which is crucial for minimizing financial 

losses in real-world systems. 

 

Performance Under Concept Drift 

Figure 8 illustrates the fraud detection accuracy of 

different models under concept drift conditions, 

where transaction patterns gradually change over 

time. 

 
Traditional models such as Logistic Regression and 

Random Forest exhibit a steady decline in accuracy 

as concept drift intensifies. Online learning methods 

partially mitigate this issue but still suffer from 

gradual degradation. In contrast, the proposed 

meta-learning framework maintains consistently 

high accuracy, remaining above 95%, demonstrating 

its ability to generalize across evolving fraud 

patterns. 

 

Zero-Day Fraud Detection Effectiveness 

The ability of the models to detect previously unseen 

fraud patterns is evaluated using ROC analysis. 

Figure 9 presents the ROC curves for all models. 

 

The proposed framework achieves the largest area 

under the curve (AUC), indicating superior 

discrimination between fraudulent and legitimate 

transactions in zero-day attack scenarios. This 

highlights the effectiveness of meta-learned 

representations in capturing transferable fraud 

characteristics. 

 

Adaptation Time Analysis 

Rapid adaptation is critical for real-time fraud 

mitigation. Figure 10 (Adaptation Time Comparison 

– Bar Chart) compares the time required by different 

models to adapt to emerging fraud patterns. 

 
  

The proposed meta-learning model adapts 

approximately 3× faster than traditional retraining-

based approaches and significantly faster than 

online learning methods. This reduction in 

adaptation time directly minimizes the exposure 

window during which zero-day fraud attacks may 

succeed. 

 

Discussion of Results 

The experimental results clearly demonstrate that: 

 Meta-learning enables rapid response to zero-

day fraud attacks with minimal labeled data. 

 The framework maintains robust performance 

under concept drift, outperforming static and 

incremental learning models. 

 Faster adaptation enhances real-time 

deployment feasibility for high-volume 

transaction systems. 

These advantages stem from learning a task-

agnostic initialization that captures common fraud 

patterns, allowing efficient fine-tuning when new 

attack strategies emerge. 
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Practical Implications 

The findings suggest that the proposed framework 

is well suited for deployment in: 

 Online payment gateways 

 Digital banking platforms 

 E-commerce fraud monitoring systems 

By reducing reliance on frequent full retraining, the 

framework lowers operational costs while improving 

fraud detection effectiveness. 

 

VII. PRACTICAL IMPLICATIONS 
 

The experimental results and comparative analysis 

demonstrate that the proposed meta-learning–

based adaptive fraud defense framework offers 

several practical advantages for real-world online 

transaction systems. These implications are 

particularly significant in environments characterized 

by rapidly evolving fraud patterns, high transaction 

volumes, and zero-day attack risks. 

 

Rapid Response to Emerging Fraud 

 By leveraging task-agnostic initialization and 

few-shot adaptation, the framework allows for 

near-immediate deployment against newly 

emerging fraud patterns. 

 The adaptation time (~10 seconds, Figure 7) is 

significantly faster than traditional retraining-

based methods, reducing the vulnerability 

window during which zero-day attacks can 

succeed. 

 This rapid response capability ensures that 

financial institutions can protect customer 

transactions without introducing delays or 

service interruptions. 

 

High Detection Accuracy Under Concept Drift 

 Online transaction environments are subject to 

concept drift, where user behavior and 

transaction patterns evolve over time. 

 The meta-learning framework maintains stable 

accuracy (>95%, Figure 5) under these 

conditions, unlike conventional models that 

degrade over time. 

 This robustness reduces the need for frequent 

retraining, lowering operational costs while 

maintaining high-quality fraud detection. 

 

 Reduced Dependence on Large Labeled Datasets 

 Traditional ML approaches require extensive 

labeled datasets to achieve high accuracy, which 

may be impractical for zero-day fraud. 

 Meta-learning enables effective adaptation with 

minimal labeled samples (few-shot learning), 

reducing the labeling burden and accelerating 

deployment in real-world systems. 

 This characteristic is especially beneficial for 

smaller institutions or fintech startups that may 

have limited historical fraud data. 

 

Real-Time Decision Support 

 The framework outputs risk scores for individual 

transactions in real time, enabling adaptive 

decision-making: 

 Low Risk: Approve automatically 

 Medium Risk: Require additional authentication 

 High Risk: Block transaction or flag for manual 

review 

 Real-time risk scoring ensures immediate 

mitigation of fraudulent transactions, improving 

customer trust and regulatory compliance. 

 

Scalability and Deployment Feasibility 

 The lightweight neural network architectures 

and meta-learning optimization enable 

scalability to high-volume transaction streams. 

 Periodic meta-updates allow continuous 

learning without full retraining, making the 

framework suitable for cloud-based deployment 

or edge computing environments where low 

latency is critical. 

 

Integration with Existing Systems 

 The framework can be integrated with existing 

fraud monitoring pipelines or payment gateway 

platforms as an additional adaptive layer. 

 Combined with conventional ML models, it 

provides layered defense: static detection for 

known fraud patterns and meta-learning–based 

rapid adaptation for emerging threats. 

 

VIII. LIMITATIONS AND FUTURE WORK 
 

While the proposed meta-learning–based adaptive 

fraud detection framework demonstrates significant 

improvements over conventional and adaptive 
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models, certain limitations must be acknowledged. 

Addressing these limitations will guide future 

research toward more robust and practical solutions 

for online transaction risk management. 

 

Limitations 

1. Dependence on Task Diversity 

 The framework relies on a sufficiently diverse set 

of historical fraud tasks during meta-training to 

learn transferable representations. 

 In scenarios with highly homogeneous fraud 

data, the ability to generalize to unseen zero-day 

attacks may be reduced. 

 

2. Limited Feature Interpretability 

 Neural network–based meta-learning models 

provide high predictive accuracy but offer 

limited interpretability, which may pose 

challenges in regulatory compliance and 

decision explanation in financial institutions. 

 

3. Resource Requirements for Meta-Training 

 Although adaptation is fast, the initial meta-

training phase requires substantial 

computational resources, including GPU-based 

training and memory for multiple tasks. 

 This may limit deployment feasibility for smaller 

organizations without access to high-

performance computing infrastructure. 

 

4. Handling Extremely Imbalanced Data 

 Fraud detection datasets typically exhibit 

extreme class imbalance, often less than 1% 

fraudulent transactions. 

 While cost-sensitive loss functions mitigate this 

issue, performance may degrade in scenarios 

with ultra-low fraud prevalence. 

 

5. Dynamic Feature Drift 

 Rapid changes in transaction behavior or new 

payment technologies may introduce feature 

drift, potentially requiring frequent meta-

updates to maintain performance. 

 

 Future Research Directions 

1. Hybrid Meta-Learning Models 

 Integrating explainable AI (XAI) techniques with 

meta-learning can improve interpretability 

without sacrificing accuracy. 

 Hybrid architectures could combine rule-based 

systems and adaptive meta-models for 

transparent fraud detection. 

 

2. Continual Meta-Learning 

 Implementing continual or lifelong meta-

learning can allow the system to incrementally 

learn from new tasks without catastrophic 

forgetting, improving adaptation to evolving 

fraud patterns over time. 

 

3. Adversarial Robustness 

 Future research could explore adversarial 

training and defensive techniques within the 

meta-learning framework to mitigate fraudster 

attempts to manipulate input features. 

 

4. Edge Deployment and Federated Learning 

 For privacy-preserving applications, integrating 

federated meta-learning could allow financial 

institutions to collaboratively train meta-models 

across distributed environments without sharing 

sensitive transaction data. 

 

5. Multi-Modal Fraud Detection 

 Combining transaction data with user behavioral 

patterns, device fingerprints, and social network 

information can enhance detection accuracy, 

especially for sophisticated zero-day attacks. 

 

6. Automated Meta-Parameter Optimization 

 Future work can investigate neural architecture 

search (NAS) or automated hyperparameter 

optimization to further improve adaptation 

speed and detection performance. 

 

IX. CONCLUSION 
 

This paper presents a meta-learning–based adaptive 

fraud detection framework designed to rapidly 

detect and mitigate zero-day fraud attacks in online 

transaction systems. Traditional machine learning 

models are limited by their reliance on historical data 

and slow adaptation to emerging fraud patterns. In 

contrast, the proposed framework leverages task-
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agnostic meta-learning, enabling fast adaptation 

with minimal labeled data, while maintaining high 

detection accuracy and robustness under concept 

drift. 

 

The experimental results demonstrate that the 

proposed framework: 

 Achieves superior performance across key 

metrics, including accuracy (98.3%), recall 

(91.7%), F1-score (0.93), and AUC (0.98), 

compared to traditional, online, and few-shot 

learning methods. 

 Maintains stable detection performance under 

dynamic transaction environments and concept 

drift, addressing one of the major limitations of 

static fraud detection systems. 

 Reduces adaptation time by approximately 3× 

relative to conventional retraining-based 

methods, enabling real-time detection and 

response to zero-day attacks. 

 Demonstrates practical applicability for high-

volume online payment systems, digital banking 

platforms, and e-commerce environments, 

where rapid and accurate fraud detection is 

critical. 

The comparative analysis and experimental 

evaluation confirm that meta-learning provides a 

robust and scalable approach to adaptive fraud 

detection. By learning transferable knowledge across 

multiple historical fraud tasks, the system can 

generalize to unseen attack patterns, thereby 

bridging the gap between academic research and 

practical deployment. 

 

Future research directions include integrating 

explainable AI techniques, continual meta-learning, 

federated deployment, and multi-modal data 

sources to enhance interpretability, scalability, and 

robustness. Overall, the proposed framework 

represents a significant advancement in adaptive 

adversarial defense for online transaction risk 

management. 
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