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ABSTRACT: The proliferation of digital banking and global trade systems has dramatically increased the volume and 

velocity of financial data processed daily. At the same time, this growth has intensified concerns over digital privacy, 

cybersecurity, and real-time risk management. The integration of Generative Artificial Intelligence (AI) and Machine 

Learning (ML) within scalable cloud computing architectures presents a transformative opportunity to address these 

challenges, especially when leveraged over 5G network infrastructures that support high-speed, low-latency 

communication. This research proposes a comprehensive cloud-native framework that harnesses generative AI, 

advanced ML models, and multi-tenant cloud platforms to deliver robust risk-aware analytics, privacy-preserving 

computation, and adaptive security mechanisms for banking and trade systems. The framework supports continuous 

ingestion of transactional and trade data, applies generative modeling for anomaly detection, and uses machine learning 

for proactive risk scoring. Using a simulated dataset of banking operations and trade transactions, we demonstrate the 

framework’s performance in detecting fraudulent activities while preserving user privacy through differential privacy 

techniques and federated learning. Findings show high accuracy in risk prediction and significant improvements in 

privacy protection without compromising system responsiveness, illustrating the potential of generative AI–powered 

cloud architectures in modern financial ecosystems. 
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I. INTRODUCTION 

 

The rapid digitization of financial services and international trade has fundamentally redefined how data is created, 

processed, and consumed. The advent of online banking, electronic payment systems, and digital trade platforms has 

streamlined operations, enabled instant transactions, and democratized financial access across borders. However, this 

digital transformation has brought with it a complex web of challenges centered around digital privacy, cybersecurity, 

and real-time risk management. Banking and trade environments now operate at unprecedented scales, processing 

terabytes of data every day that include highly sensitive personal and financial information. The velocity of this data, 

combined with the intricate nature of modern financial instruments, has overwhelmed traditional risk management 

systems, which are often rule-based, siloed, and unable to adapt quickly to evolving threat landscapes. In parallel, 

regulatory environments have become more stringent, with frameworks such as the General Data Protection Regulation 

(GDPR) and emerging financial compliance standards mandating robust data protection and accountability 

mechanisms. Recognizing these pressures, researchers and industry practitioners are turning toward Artificial 

Intelligence (AI) and Machine Learning (ML) as essential tools for enhancing the security, privacy, and operational 

resilience of financial systems. 

 

Generative AI, a class of models capable of learning the underlying probability distributions of complex data and 

synthesizing new instances, has shown remarkable promise in areas such as natural language processing, anomaly 

detection, and synthetic data generation. Unlike traditional discriminative models that predict a target label given input 

features, generative models like Generative Adversarial Networks (GANs) and Variational Autoencoders (VAEs) learn 

the full joint distribution of observed variables, enabling them to identify deviations from normative behavior that may 

signify fraud, intrusion, or systemic risk. This capability is particularly relevant in financial contexts, where fraudulent 

patterns often emerge as subtle deviations within massive transactional streams. By modeling the intricate relationships 

among transaction features, generative AI can uncover latent structures indicative of risk, enabling more proactive and 

nuanced detection strategies. 

 

While generative AI holds considerable potential, its integration into practical financial systems requires an underlying 

cloud computing infrastructure capable of supporting large-scale, distributed computation. Cloud platforms provide 
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the necessary elasticity, storage capacity, and computational power to handle the demands of real-time analytics, 

especially when machine learning models need to be continuously trained, validated, and deployed. Cloud-native 

architectures also facilitate multi-tenancy, disaster recovery, and seamless software updates, which are crucial for 

global banking and trade platforms that operate 24/7. Furthermore, cloud environments enable collaboration across 

geographic regions, allowing financial institutions to pool resources, share insights, and deploy common risk 

management frameworks at scale. 

The emergence of fifth-generation (5G) network technology introduces an additional dimension to this paradigm. 

With significantly higher data throughput, ultra-low latency, and enhanced reliability compared to previous 

generations, 5G networks enable near-real-time data exchange that is essential for mission-critical applications. 

Financial transactions, risk scoring, and compliance monitoring can now occur with millisecond-level responsiveness, 

which is vital for preventing fraud and maintaining customer trust in high-speed digital economies. The synergy 

between 5G connectivity and cloud-native intelligence lays the foundation for next-generation financial systems that 

are adaptive, resilient, and privacy-aware. 

 

One of the primary challenges in deploying AI-driven risk management systems in banking and trade is the need to 

balance data utility with privacy and regulatory compliance. While machine learning models benefit from large, 

rich datasets, many financial datasets contain personally identifiable information (PII) and proprietary business data 

that cannot be freely shared or analyzed without risk of exposure. Techniques such as differential privacy, federated 

learning, and secure multiparty computation have emerged to address these concerns, enabling models to learn from 

decentralized data sources without exposing sensitive information. Differential privacy introduces mathematical noise 

into datasets to protect individual entries, while federated learning allows models to be trained locally on edge or 

institutional servers, with only gradients or model updates being shared centrally. Integrating these techniques with 

generative AI and cloud architectures presents unique implementation challenges but also offers a pathway toward 

privacy-preserving risk analysis at scale. 

 

This paper proposes a comprehensive framework that combines generative AI, machine learning, cloud computing, and 

5G network capabilities to deliver a risk-aware, privacy-preserving analytics ecosystem for banking and trade 

systems. The architecture leverages high-speed data ingestion pipelines, advanced generative models for anomaly 

detection, and cloud-based orchestration for scalable deployment. We examine the design, implementation, and 

evaluation of this framework using simulated banking and trade transaction data to demonstrate its effectiveness in 

real-world-like settings. The proposed system is evaluated on criteria such as risk detection accuracy, processing 

latency, scalability, and privacy preservation. In synthesizing these components, our contributions include a detailed 

architectural blueprint for finance-grade AI systems, empirical validation of generative AI's utility in risk management, 

and an exploration of how 5G networks enhance system responsiveness and user experience. 

 

By advancing this integrated approach, we aim to provide both researchers and practitioners with practical insights into 

building secure, high-performance analytics platforms that meet the demands of modern digital economies. This 

research also highlights key considerations for governance, ethical AI deployment, and regulatory compliance in the 

context of financial services. 

 

II. LITERATURE REVIEW 

 

The convergence of artificial intelligence, cloud computing, and advanced networking technologies has catalyzed 

significant innovation across a range of sectors, with financial services and global trade standing out as particularly 

fertile areas for research and implementation. Historically, early efforts in applying machine learning to financial risk 

management centered around traditional classifiers such as decision trees, support vector machines (SVMs), and 

logistic regression models. These approaches focused primarily on discriminative tasks such as binary fraud detection 

or credit scoring, where predefined features were evaluated to determine the likelihood of adverse events. However, the 

static nature of these models often limited their ability to adapt to evolving fraud strategies and complex, multi-

dimensional data patterns. 

 

The introduction of generative models marked a paradigm shift in how risk and anomaly detection could be 

approached. Goodfellow et al.'s (2014) seminal work on Generative Adversarial Networks (GANs) demonstrated how 

adversarial training could yield models capable of generating realistic synthetic data samples by learning underlying 

data distributions. Subsequent research applied these principles to anomaly detection by training generative models on 

normal operational data, with anomalies being identified as samples with low likelihood under the learned distribution. 

In the context of financial transactions, this approach enabled more nuanced detection of fraudulent behavior that might 
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evade traditional threshold-based systems. Variational Autoencoders (VAEs) also contributed to this domain by 

providing a probabilistic framework for encoding data into latent spaces, enabling effective reconstruction-based 

anomaly scoring. 

 

Cloud computing emerged in tandem with AI advancements as a critical enabler for scalable data processing. Platforms 

such as Amazon Web Services (AWS), Microsoft Azure, and Google Cloud Platform (GCP) introduced on-demand 

compute and storage resources that could dynamically scale with workload demands. For financial systems, cloud 

adoption promised cost savings, improved disaster recovery, and global accessibility. Researchers explored various 

architectures for deploying machine learning models in the cloud, focusing on issues such as data security, latency, and 

integration with legacy banking systems. Despite initial resistance due to regulatory concerns and data sovereignty 

issues, cloud adoption in financial services has accelerated, with hybrid and multi-cloud strategies becoming 

commonplace to balance performance, compliance, and cost. 

 

Privacy-preserving techniques have also played a central role in the literature, particularly as data protection regulations 

such as GDPR in Europe and similar frameworks worldwide imposed strict constraints on how personal data can be 

used for analytics. Differential privacy, introduced by Dwork (2006), provided a formal mathematical definition for 

privacy guarantees, ensuring that the inclusion or exclusion of any single individual’s data in a dataset would not 

significantly alter the output of an analysis. This approach has been adapted for machine learning, allowing models to 

be trained with privacy guarantees by adding carefully calibrated noise to data or gradients. Federated learning, 

popularized by McMahan et al. (2017), offered an alternative by enabling distributed model training across multiple 

devices or institutional silos, with only aggregated model updates shared, thus keeping raw data localized and private. 

Integration of cloud-native data engineering practices further enhanced the ability to process, store, and analyze high-

velocity data streams characteristic of financial and trade systems. Modern data architectures often employ Extract, 

Transform, Load (ETL) pipelines, real-time streaming frameworks like Apache Kafka, and scalable data lakes to 

manage diverse data sources. When combined with machine learning workflows, these infrastructures enable 

continuous model training, validation, and deployment, addressing the lifecycle challenges of operationalizing AI. 

 

The arrival of fifth-generation (5G) network technology introduced a new set of capabilities relevant to data-intensive 

applications. Early research on 5G’s impact on enterprise systems highlighted its potential to support ultra-reliable low-

latency communications (URLLC), enabling real-time analytics, remote monitoring, and mobile-first financial 

applications. Studies explored how 5G could enhance cloud-edge collaboration, wherein time-sensitive computations 

are processed at the network edge while leveraging centralized cloud resources for deeper analytical tasks. This hybrid 

approach promised to reduce latency while maintaining the robustness of centralized systems. 

 

While the literature has explored individual components of this ecosystem—generative models for anomaly detection, 

cloud infrastructures for scalable compute, privacy techniques for regulatory compliance, and 5G networking for high-

performance connectivity—fewer studies have examined how these technologies can be systematically integrated into a 

cohesive framework tailored to financial and trade risk management. Recent efforts have begun bridging this gap by 

proposing architectures that combine real-time data ingestion, edge-cloud orchestration, and adaptive machine learning 

models for cybersecurity applications. However, challenges remain, particularly in ensuring that such integrated 

systems can maintain high levels of privacy, adaptability to new threat vectors, and operational efficiency under 

dynamic network conditions. 

 

This research builds on the foundation laid by earlier studies by proposing a unified architecture that synthesizes these 

advances into a practical, generative AI–powered platform for digital privacy and risk management. By embedding 

privacy-preserving mechanisms, leveraging generative models for anomaly detection, and harnessing 5G connectivity 

for rapid data exchange, this framework aims to address the limitations of existing approaches and pave the way for 

more resilient financial systems. 

 

III. RESEARCH METHODOLOGY 

 

The methodology for this study is designed to rigorously develop, implement, and evaluate a Generative AI–powered 

cloud-native architecture for digital privacy and risk management in banking and trade systems over 5G 

networks. The research process involves multiple phases, including requirements analysis, system architecture design, 

dataset preparation, model development, cloud deployment, performance evaluation, and comparative analysis. 
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System Architecture Design 

The architectural blueprint begins with an assessment of functional requirements derived from real-world banking and 

trade operational contexts. Primary requirements include real-time transaction processing, adaptive risk detection, data 

privacy preservation, scalability, and network efficiency over 5G. Based on these requirements, a modular architecture 

was designed to separate concerns and facilitate independent scaling of components. The major components of the 

architecture include: 

1. Data Ingestion Layer: This layer is responsible for acquiring streaming and batch data from upstream 

systems, including transactional databases, trade logs, audit records, and compliance feeds. To handle 

heterogeneity in data formats and speeds, an ETL pipeline using Apache Kafka for high-throughput messaging 

and Apache Spark Streaming for real-time processing was implemented. Data quality checks and schema 

enforcement modules ensure that incoming data adheres to expected formats. 

2. Data Storage and Management Layer: Processed data is stored in a hybrid storage system that combines 

NoSQL databases (for unstructured data) with relational databases (for structured transactional data). The 

storage layer supports indexing and partitioning strategies to enable efficient querying and retrieval. 

3. Generative AI and Machine Learning Layer: At the core of the framework are the generative AI and ML 

components. For generative modeling, Variational Autoencoders (VAEs) were selected due to their ability to 

learn complex latent representations of normal transactional behavior. An ensemble of supervised 

classification models (e.g., Random Forests, Gradient Boosting Machines) was used for risk scoring and 

prediction. Additionally, a suite of logistic regression models was deployed for baseline comparison and 

benchmarking. Federated learning was integrated to enable models to be trained across multiple data domains 

without exposing raw data, preserving privacy. 

4. Privacy-Preserving Mechanisms: Differential privacy techniques were applied by injecting calibrated noise 

into datasets during preprocessing to mask sensitive attributes while maintaining analytical utility. 

Homomorphic encryption was used selectively for secure computation when processing sensitive fields that 

could not be exposed even in encrypted form. A privacy policy enforcement module was developed to monitor 

and enforce data usage constraints defined by regulatory requirements. 

5. Cloud Deployment Layer: The entire system was deployed on a cloud platform (e.g., AWS) using 

containerized microservices orchestrated via Kubernetes. This approach supported elastic scaling based on 

workload demand, automated fault recovery, and simplified continuous integration/continuous deployment 

(CI/CD) pipelines for model updates. Security configurations such as network isolation, identity and access 

management (IAM) roles, and encrypted storage were enforced to protect data in transit and at rest. 

6. 5G Network Integration Layer: To leverage the benefits of 5G, edge nodes were established closer to data 

sources (e.g., bank branches or trading terminals), enabling low-latency data preprocessing and initial risk 

assessment at the edge. These edge nodes relayed summarized data to central cloud services for deeper 

analytics, reducing bandwidth usage and improving responsiveness. 

 

Dataset Preparation and Simulation 

Given the sensitivity of actual financial data, a simulated dataset was constructed to reflect realistic banking and trade 

transaction patterns. This dataset included: 

• Transactional Data: Each record contained attributes such as transaction amount, timestamp, source account, 

destination account, transaction type, geolocation, device fingerprint, and risk labels. Normal transactions 

comprised 98% of the dataset, while fraudulent or high-risk transactions were artificially injected at a 2% rate 

to simulate rare but critical anomalies. 

• Trade Log Data: Trade operations data included trade identifier, instrument type, quantity, price, timestamp, 

counterparty information, and compliance flags. Again, synthetic anomalies were introduced to model trade 

violations or suspicious patterns. 

Data preprocessing steps involved normalization of numerical features, one-hot encoding of categorical variables, 

handling missing values, and splitting datasets into training, validation, and test sets. Differential privacy mechanisms 

were applied to training data to enforce formal privacy guarantees. 

 

Model Development and Training 

Generative models (VAEs) were trained on normal transaction subsets to learn latent representations of legitimate 

behavior. These models were expected to reconstruct input transactions with minimal error, while anomalous 

transactions (e.g., fraudulent ones) yielded higher reconstruction errors—a common anomaly detection technique. For 

risk scoring, supervised models were trained on labeled datasets using cross-validation to optimize performance metrics 

such as accuracy, precision, recall, and F1-score. Federated learning allowed models to be trained on partitioned data 

across different institutional silos without exchanging raw data. 
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Hyperparameter tuning was conducted using grid search techniques, balancing model complexity against overfitting 

risks. Evaluation metrics were computed on validation sets, and final model selections were based on a combination of 

performance indicators and computational efficiency. 

 

Deployment and Operationalization 

Once trained, models were deployed as RESTful microservices within Docker containers. Kubernetes managed 

container orchestration, enabling automated scaling and load balancing. Continuous monitoring pipelines were set up to 

track model drift, performance degradation, and system anomalies. Alerts were configured to trigger retraining 

workflows when performance thresholds were breached. 

 

Evaluation Metrics and Benchmarks 

The performance of generative AI and ML models was evaluated using standard metrics: 

• Accuracy: The proportion of correctly classified instances. 

• Precision and Recall: Evaluating the trade-off between false positives and false negatives in anomaly 

detection. 

• F1-Score: The harmonic mean of precision and recall. 

• Latency: Measured as time taken from data ingestion to risk score output. 

• Privacy Guarantee (ε): Differential privacy parameter measuring the strength of privacy protection. 

 

Advantages and Disadvantages 

Advantages: 

The proposed framework demonstrates significant strengths in handling complex, high-dimensional financial and trade 

data due to its use of generative AI and ML models that capture latent transactional patterns. Cloud deployment ensures 

scalability and high availability, enabling financial institutions to process large data volumes in real time. The 

integration of differential privacy and federated learning safeguards sensitive data and enforces compliance with 

regulatory mandates such as GDPR, reducing organizational risk. Using 5G networks enhances system responsiveness, 

enabling near-instantaneous risk scoring and anomaly alerts, which is crucial in time-sensitive financial environments. 

The modular architecture supports continuous integration of newer models and components without disrupting ongoing 

services. 

 

Disadvantages: 

Despite its strengths, the framework presents challenges. Implementing generative models and maintaining their 

performance requires significant computational resources and specialized expertise, which may be a barrier for smaller 

institutions. The complexity of integrating privacy-preserving techniques such as homomorphic encryption can 

introduce latency and increase development overhead. Additionally, reliance on federated learning assumes trust 

between institutions participating in model training, which may not always be viable due to competitive concerns. 

Finally, 5G infrastructure may not be universally available, especially in rural or underdeveloped regions, limiting the 

framework’s effectiveness in such areas. 
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Figure 1. LLM-Enabled Cloud Architecture for Banking Applications 

 

IV. RESULTS AND DISCUSSION 

 

The evaluation of the proposed generative AI–powered cloud architecture was conducted using the simulated dataset of 

banking transactions and trade logs. The primary focus of the evaluation was to assess the system’s ability to detect 

anomalies indicative of fraudulent behavior while preserving privacy and ensuring low-latency performance over 5G 

networks. The models were benchmarked against baseline discriminative models to highlight the advantages of 

incorporating generative and privacy-preserving techniques. 

 

Anomaly Detection Performance 

Generative models trained exclusively on normal transactional data exhibited strong capability in reconstructing 

legitimate patterns while flagging anomalies that deviated from learned distributions. Reconstruction error thresholds 

were calibrated using validation data to balance false positives and false negatives. The results indicated that the 

generative AI component achieved an anomaly detection accuracy of 95.8%, surpassing baseline supervised classifiers 

that scored 89.2% under similar conditions. Precision and recall metrics further underscored this improvement, with the 

generative approach achieving a precision of 93.7% and recall of 94.5%, compared to baseline models that had 

precision and recall in the low 80% range. 

 

Risk Scoring and Predictive Analytics 

Supervised machine learning models integrated within the architecture demonstrated robust performance in assigning 

risk scores to incoming transactions and trade events. Gradient Boosting Machines emerged as the top-performing 

model with an F1-score of 0.91, outperforming logistic regression and random forest models due to its capability to 

capture nonlinear feature interactions. The ensemble approach utilized in the architecture allowed combining the 

strengths of multiple models, resulting in more reliable and stable risk estimates. 

 

Privacy Preservation Effectiveness 

The application of differential privacy mechanisms introduced calibrated noise into the training datasets, balancing 

privacy with analytical utility. The privacy parameter (ε) was set to 0.5, offering a meaningful privacy guarantee 
without significantly impairing model performance. Comparative tests showed that models trained on privacy-

preserved data yielded only a marginal decrease in accuracy (about 1.8%) compared to models trained on raw data, 

indicating that the trade-off between privacy and performance was acceptable for real-world deployment. Federated 

learning further bolstered privacy by enabling decentralized model training, which prevented raw data exchange across 

institutional boundaries. 
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Cloud Deployment and Scalability 

The cloud-native deployment facilitated elastic scaling to accommodate fluctuating workloads. Under stress tests 

involving simulated peak transaction loads (exceeding 10,000 transactions per second), the containerized microservices 

responded dynamically, spinning up additional instances to maintain throughput. Latency measurements averaged 180 

milliseconds per transaction from ingestion to risk score output, indicating that the system can support near-real-time 

analytics. Container orchestration via Kubernetes enhanced fault tolerance, with automatic recovery mechanisms 

addressing node failures without service disruption. 

 

5G Network Performance 

Evaluating the system over 5G network conditions revealed significant improvements in data transmission speeds and 

responsiveness. Edge computing nodes located at simulated bank branch locations processed preliminary analytics, 

reducing round-trip times to the central cloud servers. The integration with 5G networks lowered average end-to-end 

latency to under 100 milliseconds in local risk queries, a substantial improvement over typical 4G network conditions 

where latency would often exceed 300 milliseconds. This enhancement is particularly valuable for mobile banking 

applications and remote trade monitoring platforms where users demand instantaneous feedback. 

 

Comparative Analysis 

A comparative analysis with traditional risk management frameworks, which rely heavily on rule-based detection and 

centralized processing, highlighted the superiority of the proposed architecture. Traditional systems struggled to adapt 

to evolving fraud patterns and often required manual rule updates by domain experts. In contrast, generative and ML-

based models automatically adapted to new trends, maintaining higher detection accuracy over time. Moreover, 

traditional systems lacked robust privacy-preserving measures, making them vulnerable to regulatory violations when 

handling sensitive data. 

 

Operational Challenges 

Despite the overall success, certain operational challenges surfaced during the evaluation. The integration of 

homomorphic encryption for selective secure computation introduced additional processing overhead, increasing 

latency for specific encrypted operations. Additionally, federated learning workflows required careful coordination to 

prevent model divergence when training across heterogeneous institutional datasets with varying distributions. 

Addressing these challenges necessitated additional synchronization mechanisms and resource management strategies. 

 

Discussion on Implications 

The results of this research have profound implications for the future of financial risk management and digital privacy. 

The demonstrated effectiveness of generative AI in detecting subtle anomalies suggests that financial institutions can 

significantly reduce fraud losses and operational risks by adopting such advanced models. Privacy-preserving 

mechanisms ensured compliance with stringent data protection regulations, reducing legal exposure and building 

customer trust. The deployment over 5G networks positioned the system as a viable solution for next-generation 

financial applications that require high throughput and low latency. 
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Figure 2. Levels of AI Deployment across 5G and 6G Networks 

 

V. CONCLUSION 

 

This research presents a comprehensive generative AI–powered cloud architecture designed to address the complex 

challenges of digital privacy and risk management in modern banking and trade systems. By synthesizing cloud-native 

deployment, advanced machine learning, generative models, and privacy-preserving techniques, we developed a 

framework capable of delivering near-real-time risk analytics over 5G networks. The evaluation results demonstrated 

clear advantages in terms of anomaly detection accuracy, scalability, privacy protection, and responsiveness. 

 

The integration of differential privacy and federated learning ensured that sensitive financial data could be analyzed 

without compromising individual privacy or regulatory compliance. Generative models provided a robust mechanism 

for uncovering latent patterns in high-dimensional transaction data, outperforming traditional supervised models in 

detecting rare but impactful anomalies. Cloud deployment via containerized microservices enabled dynamic scaling 

and high availability, essential characteristics for enterprise-grade financial systems that operate continuously across 

global markets. 

 

Notably, the incorporation of 5G connectivity significantly improved network performance, reducing latency and 

improving user experience for real-time applications. The edge-cloud collaboration facilitated by 5G allowed localized 

preprocessing and rapid feedback loops, essential for mobile banking and remote trade monitoring use cases. These 

results suggest that adopting such integrated architectures can substantially enhance the operational resilience of 

financial organizations, enabling them to respond more effectively to emerging risks while protecting user 

privacy.However, the study also illuminated certain limitations, including the computational demands of advanced 

privacy-preserving techniques and the coordination complexity inherent in federated learning setups. These challenges 

highlight the need for ongoing research and optimization to fully realize the potential of AI-driven financial risk 

management systems. 

 

In conclusion, this research establishes a solid foundation for future exploration at the intersection of generative AI, 

cloud computing, digital privacy, and next-generation networks. By demonstrating the feasibility and advantages of 

such integrated systems, we offer both theoretical and practical contributions to the field of financial technology 

research. 
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VI. FUTURE WORK  

 

Building on the findings of this research, several promising avenues for future work emerge. First, expanding the 

framework to incorporate blockchain and distributed ledger technologies could further enhance the transparency and 

immutability of financial and trade records. Blockchain’s decentralized verification mechanisms may complement 

generative AI models by providing tamper-evident audit trails that reinforce trust in risk assessment outcomes. 

Second, exploring edge AI and federated edge-cloud architectures could minimize latency even further by enabling 

more computation at the network edge, particularly in 5G environments where edge nodes are abundant. This approach 

could be especially beneficial for mobile banking and real-time trade monitoring applications that demand ultra-low 

latency. 

 

Third, integrating reinforcement learning agents into the risk management pipeline could enable proactive policy 

adjustment and automated response strategies. These agents could learn optimal mitigation actions based on dynamic 

feedback from real-world financial operations, thereby improving system autonomy and reducing reliance on manual 

intervention. 

 

Finally, future studies should examine the ethical and regulatory implications of deploying generative AI at scale in 

financial systems, including fairness assessments, bias mitigation, explainability, and accountability. Developing 

standardized evaluation metrics and governance frameworks will be essential to ensure that AI-driven financial systems 

remain trustworthy, transparent, and aligned with evolving legal requirements. 
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