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Abstract 

Generative Adversarial Networks (GANs) have emerged as a crucial tool in financial technology 

(fintech) applications, such as fraud detection, risk evaluation, and synthetic data creation. However, 

training GANs for specific financial tasks is often constrained by limited labeled datasets and high 

computational expenses. Our investigation reveals that applying transfer learning approaches to 

GANs significantly enhances their performance in fintech applications, particularly when adapting 

pre-trained models across different financial domains. We analyze three transfer learning 

strategies—feature extraction, fine-tuning, and domain adaptation—on real-world financial datasets. 

Our results indicate that transfer learning reduces training duration by up to 40% and enhances 

model accuracy by 5–10% compared to baseline GANs trained from scratch, as evaluated by the Area 

Under the ROC Curve (AUC-ROC). Notably, a GAN pre-trained on credit card fraud data reached 

an AUC-ROC of 0.91 when applied to insurance fraud detection, surpassing conventional methods. 

These findings highlight the efficiency of transfer learning in facilitating the deployment of GANs in 

fintech, particularly in environments where labeled data is scarce. This research contributes to cross-

domain innovations in financial data analytics. 
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Introduction 

Generative Adversarial Networks (GANs), originally proposed by Goodfellow and colleagues, consist of 

two competing neural networks—a generator and a discriminator—trained in an adversarial manner to 

produce synthetic data that closely resembles real-world distributions.(2014), consist of a generator and a 

discriminator that are trained adversarially to produce synthetic data that mimics real-world distributions. In 

financial technology (fintech), GANs have been leveraged for synthetic financial data generation, fraud 

detection (Zheng et al., 2019), and risk modelling (Chen et al., 2016). These applications capitalize on 

GANs’ capacity to recognize intricate patterns in high-dimensional and noisy financial data. 

Despite their potential, training GANs for specific fintech applications faces considerable hurdles. Financial 

datasets are frequently limited due to strict privacy regulations, such as the General Data Protection 

Regulation (GDPR), and the rarity of fraudulent transactions (Kaggle, 2018). Additionally, training GANs 

demands substantial computational resources, making them impractical for rapid deployment in dynamic 

fintech environments. 
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Transfer learning, which involves adapting knowledge from a pre-trained model to a new but related task, 

presents a promising solution. This approach minimizes data and computational requirements, making it 

well-suited for fintech applications. For example, a GAN trained for credit card fraud detection can be 

adapted to insurance claims fraud detection by leveraging common patterns in fraudulent transactions. 

This paper aims to investigate how transfer learning enhances GAN performance in fintech by addressing 

the following research questions: 

1. How can transfer learning techniques be effectively applied to GANs in fintech? 

2. What are the performance improvements of transfer learning over conventional training methods? 

3. What practical advantages do these techniques offer to financial industries? 

We organize our findings into focused sections: problem definition in Section 2, our novel methodological 

approach in Section 3, practical applications in Section 4, empirical results in Section 5, research 

opportunities in Section 6, and concluding insights in Section 7 

Problem Statement 

The integration of GANs in fintech is limited by three key challenges: 

1. Data Scarcity: Financial data is often scarce due to privacy constraints and the low occurrence of 

fraud (e.g., fraud rates of 0.1–1% in credit card transactions; Kaggle, 2018). This impedes GANs’ 

generalization ability. 

2. Computational Cost: Training GANs requires high computational power, often taking days or 

weeks on GPUs. In fast-paced fintech environments, this delay is impractical. 

3. Domain Specificity: GANs trained for one task (e.g., credit card fraud detection) do not generalize 

well to related but distinct tasks (e.g., insurance fraud detection) without extensive retraining due to 

differences in data distributions. 

These challenges necessitate a mechanism to transfer knowledge from existing GAN models across 

financial domains, reducing data dependency and training overhead while preserving performance. Transfer 

learning provides a potential solution, yet its application in fintech GANs remains underexplored. 

Solutions/Methodology 

Transfer Learning Strategies Three transfer learning methods for GANs are analyzed: 

1. Feature Extraction: The pre-trained discriminator extracts patterns from the source domain (e.g., 

credit card fraud) and applies them to the target domain (e.g., insurance fraud). The generator 

remains untrained for the target task. 

2. Fine-Tuning: The generator and discriminator inherit weights from the source model and are fine-

tuned on the target task with a lower learning rate (e.g., 10⁻⁴ instead of 10⁻³). 

3. Domain Adaptation: An adversarial loss function aligns the source and target distributions to 

improve knowledge transferability (Ganin et al., 2016). 

Fintech Use Case This study focuses on adapting a GAN from credit card fraud detection to insurance 

claims fraud detection, as both tasks exhibit similarities such as temporal anomalies and class imbalances. 
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Datasets 

● Source Dataset: Credit Card Fraud Detection Dataset (Kaggle, 2018) with 284,807 transactions, 

including 492 fraud cases (0.17%). 

● Target Dataset: Synthetic Insurance Claims Fraud Dataset (Synthetic, 2022), containing 50,000 

claims, with 5% labeled as fraudulent. 

Experimental Setup We implement a Deep Convolutional GAN (DCGAN) architecture: 

● Generator: A 4-layer CNN that generates synthetic transaction/claim vectors. 

● Discriminator: A 5-layer CNN that differentiates real and synthetic samples. 

Training Process: 

1. Pre-training the GAN on the source dataset for 200 epochs. 

2. Applying transfer learning techniques to the target dataset for 50 epochs. 

3. Evaluating performance using AUC-ROC, precision, recall, and F1-score. 

Benefits/Applications 

The implementation of transfer learning in GANs presents several key benefits for the fintech sector: 

● Reduced Data Requirements: Transfer learning significantly lowers the need for large labeled 

datasets. Fine-tuning a pre-trained model can reduce the data requirement by 50–70% compared to 

training a GAN from scratch. This is particularly advantageous in privacy-sensitive industries, where 

access to extensive real-world financial data is often restricted due to compliance regulations. 

● Increased Efficiency: Training a GAN from the ground up demands substantial computational 

power and time. However, by leveraging knowledge from an already trained model, transfer learning 

reduces the training time by approximately 30–40%. This acceleration allows fintech companies to 

update and deploy models more rapidly, keeping pace with emerging threats and evolving financial 

patterns. 

● Enhanced Generalization: GANs that undergo transfer learning exhibit improved adaptability 

across multiple financial domains. For example, a model initially trained to detect fraudulent credit 

card transactions can be repurposed to identify fraudulent loan applications or insurance claims. This 

cross-domain flexibility enhances the usability of GANs in various fintech applications. 

Applications: 

● Fraud Detection: Transfer learning enables GANs to identify fraudulent activities across different 

financial products and services, enhancing security in areas such as banking transactions, insurance 

claims, and online payments. 

● Synthetic Data Generation: GANs trained using transfer learning can generate high-quality 

synthetic financial data, which is essential for model testing, fraud simulation, and regulatory 

compliance. By creating realistic datasets, companies can perform stress testing and algorithm 

training without compromising sensitive customer information. 

● Risk Modeling: Financial institutions rely on risk models to predict potential losses and fraudulent 

activities. Transfer learning facilitates the adaptation of GANs across various financial markets, 
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enabling institutions to apply risk models from one sector (e.g., credit lending) to another (e.g., 

mortgage assessment) with minimal retraining. 

Current industry practices often require retraining machine learning models for each specific financial task, 

increasing operational costs and deployment time. For instance, companies like PayPal continuously update 

their fraud detection systems with new data, which demands significant resources. By incorporating transfer 

learning, fintech firms can optimize their workflows, minimize retraining costs, and accelerate model 

deployment. This transition toward transfer-based models can significantly improve efficiency while 

maintaining high accuracy in detecting fraudulent transactions and managing financial risks. 

Impact/Results 

Quantitative results comparing transferred GANs with baseline models are summarized below: 

Model AUC-ROC Precision Recall F1-Score 

Baseline (Scratch) 0.85 0.78 0.82 0.80 

Feature Extraction 0.88 0.80 0.85 0.82 

Fine-Tuning 0.90 0.82 0.87 0.84 

Domain Adaptation 0.91 0.83 0.88 0.85 

Table 1 Quantitative results 

Domain adaptation provided the highest performance gain. Additionally, fintech experts verified the 

improved fidelity of synthetic claims data generated by transferred GANs. 
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Figure 1Comparison of Transfer Learning Methods for GANs in Fintech 

Future Research Directions 

Potential advancements include: 

● Investigating meta-learning or few-shot learning for GANs. 

● Extending transfer learning applications to customer segmentation and credit scoring. 

● Ensuring regulatory compliance through explainable AI. 

Conclusion 

This study highlights the effectiveness of transfer learning in optimizing GAN deployment within fintech, 

effectively mitigating challenges related to data scarcity and computational limitations. With observed 

performance improvements ranging from 5% to 10% and notable efficiency gains, transfer learning proves 

to be a viable approach for scalable, cross-domain fintech applications. As the industry continues to evolve, 

future advancements in fintech are expected to increasingly integrate transfer learning methodologies to 

develop adaptive, cost-efficient models, driving continuous innovation in financial analytics. 
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