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1. Introduction

Financial institutions in 2024 face unprecedented pressure to balance the rapid advancement of
artificial intelligence (AI) with the simultaneous tightening of global privacy, security, and data
residency regulations. As the industry moves deeper into digital transformation, banks find
themselves at a critical crossroads: the demand for real-time analytics, predictive risk modeling, and
intelligent fraud detection continues to accelerate, yet the exposure of even minimal amounts of
sensitive customer data carries severe legal and reputational consequences. Industry-wide surveys
highlight this duality, revealing that more than 90% of financial leaders identify data security as the
primary barrier to scaling AI initiatives, even as those same initiatives are cited as essential for
competitive positioning, operational efficiency, and long-term profitability [1]. The resulting tension
between innovation and compliance has reshaped how banks architect their data ecosystems.

In response to these competing pressures, many financial institutions have embraced multi-cloud
strategies, distributing workloads across platforms such as public clouds, private clouds, sovereign-
cloud offerings, and region-specific financial cloud services. Multi-cloud adoption is motivated not
only by technical advantages-such as improved redundancy, performance optimization, and vendor
diversification-but also by strategic regulatory benefits. By localizing sensitive workloads within
specific jurisdictions, banks can more easily comply with region-specific data residency laws while still
leveraging global-scale cloud infrastructure for advanced analytics and AI model development.
However, this distributed approach complicates the traditional machine learning (ML) paradigm.
Centralized ML workflows, which depend on consolidating large volumes of training data into a single
environment, become increasingly infeasible. Transferring financial data across borders introduces
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prohibitive security risks, regulatory restrictions, and operational inefficiencies, including high
“backhaul” bandwidth costs and expanded attack surfaces.

Within this evolving landscape, Federated Learning (FL) has emerged as a foundational paradigm for
privacy-preserving Al in the financial sector. Originally conceptualized by Google researchers in 2016,
FL reverses the conventional flow of data and computation: rather than moving sensitive data into a
central location, the model itself is distributed to the environments where the data already resides.
Each participating cloud node-whether an on-premises data center, a private cloud, or an isolated
regional instance of a public cloud-trains the model locally on its proprietary dataset. Only encrypted
parameter updates, such as gradient adjustments or weight differentials, are returned to the
coordinating server for aggregation. This decentralized approach enables cross-institutional or cross-
regional learning without violating data residency constraints, making it particularly appealing in
highly regulated domains such as banking.

Yet despite the benefits of FL, local training updates themselves are not immune to privacy concerns.
Research in 2019—2023 demonstrated that model updates can be vulnerable to powerful
reconstruction techniques, such as gradient inversion and membership inference attacks, capable of
revealing sensitive attributes about individuals. This risk created an urgent need for an additional
layer of mathematical privacy protection-one capable of providing formal, auditable, and regulator-
friendly guarantees.

Differential Privacy (DP) supplies this layer. As a robust mathematical framework introduced in the
mid-2000s, DP ensures that the inclusion or exclusion of any single individual’s data has a provably
negligible impact on the output of the learning process. By injecting carefully calibrated noise into
model updates, DP guards against attempts to infer specific transaction patterns, identity attributes,
or high-risk financial behaviors from aggregated models. In 2024, regulatory expectations for banking
institutions increasingly favor DP-enhanced approaches, particularly within Europe, North America,
and Asia-Pacific markets where privacy enforcement has intensified. Financial regulators now view
DP not merely as a technical measure but as an essential accountability mechanism, enabling
institutions to document and audit the “privacy budget” consumed during training.

Together, Federated Learning and Differential Privacy form a comprehensive, defense-in-depth
approach that enables banks to pursue advanced Al capabilities while respecting the complex
patchwork of global privacy laws, including GDPR, CCPA, PIPL, and emerging national data-
sovereignty frameworks. Their combined use allows institutions to develop shared intelligence-
whether in fraud detection, anti-money laundering (AML), liquidity forecasting, or credit risk
analytics-without ever exchanging raw customer data or compromising jurisdictional restrictions.

Given the increasing reliance on multi-cloud architectures and the industry’s pivot toward
collaborative Al strategies, understanding how FL and DP interact within distributed financial
systems has become essential. This paper therefore examines the theoretical, architectural, and
practical dimensions of deploying Federated Learning combined with Differential Privacy in multi-
cloud banking ecosystems. Drawing on empirical research, regulatory trends, and documented
industry implementations up to 2024, it evaluates the performance, privacy guarantees, security
considerations, and strategic implications of FL-DP frameworks across the global financial sector.
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2. Background and Motivations

2.1 Rise of Multi-Cloud Banking Architectures

By 2024, global banks increasingly avoid single-cloud dependency, instead distributing their
infrastructure across public and private cloud platforms. Multi-cloud strategies serve several
objectives:

e Risk mitigation by avoiding vendor lock-in

e Compliance with geo-specific data residency policies

e Latency optimization for geographically distributed branches
e Cost balancing across compute and storage providers

e Improved resilience through workload portability

While multi-cloud adoption enables flexibility, it simultaneously creates data silos. Transaction logs,
AML monitoring datasets, risk evaluation archives, and customer analytics repositories often reside in
physically and legally separated cloud instances. Traditional ML, which centralizes data for training,
becomes impractical because:

1. Cross-border data transfer is often illegal or heavily restricted

2. “Backhaul” movement of banking data incurs excessive bandwidth cost

3. Security teams resist aggregation of high-value datasets in any single location
Federated Learning avoids these issues by sending models to the data, rather than data to the model.
2.2 Regulatory Drivers (2020—2024)
Governments and regulators have increasingly emphasized data sovereignty:

e GDPR (2018—present) mandates strict consent rules and restricts cross-border transfers.

e India’s DPDP Act (2023) imposes sector-specific storage controls.

e China’s PIPL (2021) enforces strong localization for financial data.

e U.S. state-level frameworks (post-2020) such as CCPA/CPRA extend consumer privacy rights.

e E.U. Digital Operational Resilience Act (DORA, effective) emphasizes multi-cloud resilience
and supervision of ICT providers.

These policies collectively incentivize banks to adopt privacy-preserving Al frameworks that respect
geographical boundaries while still enabling cross-institutional fraud analytics and risk modeling.

3. Federated Learning in Multi-Cloud Banking

Federated Learning is fundamentally a distributed training paradigm in which raw data remains
within its originating environment. In banking, FL is typically implemented in a eross-silo mode,
where training nodes correspond to branches, institutions, or regional cloud partitions instead of
millions of mobile devices as in cross-device setups.
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Figure 1: Multi-cloud Banking

Federated Learning is fundamentally a distributed training paradigm in which raw data remains
within its originating environment. In banking, FL is typically implemented in a cross-silo mode,
where training nodes correspond to branches, institutions, or regional cloud partitions instead of
millions of mobile devices as in cross-device setups.

3.1 Architectural Workflow
1. Model Distribution

The architectural workflow of FL in multi-cloud banking consists of several orchestrated
stages that collectively enable secure, privacy-preserving model training across geographically
and administratively separated data silos. The process begins with model distribution, in
which a centrally coordinated global model-typically an initial version of a fraud detection
classifier, credit risk predictor, or customer-behavior model-is transmitted to each
participating cloud node. These nodes may operate in different cloud environments, each
maintaining its own regulatory and operational constraints.

2. Local Training on Sensitive Data

Once the model arrives at a node, local training on sensitive data begins. This is where FL
diverges fundamentally from traditional centralized learning. Each node trains the shared
model exclusively on its local data assets, such as transaction histories, Know Your Customer
(KYC) records, behavioral patterns, loan performance archives, and AML signals. Crucially,
this data never leaves its jurisdiction; the model is exposed to the necessary insights without
any raw personal or transactional information being shared externally.

3. Secure Update Transmission

After each training cycle, nodes engage in secure update transmission. Rather than
transmitting data, they send encrypted model updates-such as gradient modifications or
parameter differentials-to a central aggregation server. These updates contain the
mathematical essence of what the model learned at each site but are transformed in a way that
protects the privacy of the underlying data. Banks often augment this stage with encryption
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protocols such as secure multi-party computation or homomorphic encryption to prevent
exposure of sensitive signals during transit.

4. Federated Averaging (FedAvg)

The central server then performs Federated Averaging (FedAvg), a method in which the
collected updates are combined into a single global model. FedAvg computes a weighted
average of the submitted parameters, effectively synthesizing the insights gained from each
distributed node. This aggregation allows the global model to benefit from diverse financial
datasets spanning multiple geographic regions and operational environments.

5. Iteration
Finally, the entire process progresses through multiple rounds of iteration. The updated
global model is redistributed to all participating nodes, where it undergoes further local
refinement, followed again by secure update transmission and aggregation. Iterations
continue until convergence is reached-when improvements stabilize or performance metrics
meet institutional thresholds.

Empirical research, including findings summarized in the influential 2021 survey by Kairouz et al. and
subsequent studies from 2022—2024, consistently demonstrates that FL can retain up to 95% of the
predictive accuracy of centralized training methods for structured financial datasets [2].

3.2 Performance Advantages Noted in 2024 Banking Trials
Recent financial-sector benchmarks indicate:
e ~05% accuracy retention compared to centralized training
e Up to 87% reduction in cross-cloud data transfer cost
e 43% faster overall training efficiency when optimized with multi-cloud parallelism

e Higher fraud detection accuracy (=30% improvement) when collaborating across institutions
rather than isolated training [3]

These results derive from multi-institution collaborations in Europe, North America, and Asia,
reported in peer-reviewed financial engineering journals between 2021-2024.

3.3 Challenges in FL Deployment
Despite its benefits, FL remains non-trivial to deploy:
e Heterogeneous Data Distributions: Banks’ data differ substantially across regions.
e Non-IID Problems: Transaction behaviors vary across demographic and economic contexts.
e Communication Bottlenecks: Training depends on iterative update exchanges.
e Model Poisoning Attacks: Malicious nodes could inject harmful updates.
e Gradient Leakage: Advanced inversion attacks may reveal private information.

These limitations motivate the integration of Differential Privacy as an additional safeguard.
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4. Differential Privacy as a Mathematical Privacy Layer

Third-party

Figure 2: Differential Privacy (DP)

Differential Privacy (DP), formalized by Dwork et al. (2006), introduces a mathematically rigorous
framework that quantifies privacy loss. DP is particularly relevant in 2024 banking contexts because
inference attacks on ML models have become more sophisticated.

4.1 DP Definition and Principles

A mechanism (M) satisfies e-differential privacy if for any datasets (D, D.) differing in one individual
entry and any output set (S):

PriM(D)eS]<ePr[M(D,)€S]
This guarantees that participation of any single customer cannot be inferred from the model output.
4.2 The Role of “Epsilon” in Banking
The privacy parameter € determines the strength of DP:

e Low e (< 1): Strong privacy, preferred by regulators

¢ High £ (> 5): Weaker privacy, allows more accuracy
Banks, facing regulatory scrutiny, tend to enforce € < 1, especially in AML or credit-risk scenarios.
4.3 Why DP Is Essential for Federated Learning

FL ensures that raw data stays local, but model updates can still leak information. Gradient inversion
attacks (Zhu & Han, 2019; Geiping et al., 2020) have shown that adversaries can reconstruct sensitive
attributes from gradients.

DP mitigates leakage by:
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e Adding noise to gradients or model weights before they leave each cloud node

e Limiting the cumulative privacy loss across multiple training rounds

e Guaranteeing that even adversarial aggregators cannot pinpoint customer-level insights
4.4 Trade-Offs Between Privacy and Utility

The introduction of noise leads to inevitable accuracy trade-offs. However, modern DP-FL research
(2021—-2024) demonstrates that:

e Noise-aware optimization algorithms (e.g., DP-SGD variants)
e Adaptive clipping
e Per-round privacy accounting

significantly reduce performance degradation. For structured financial data, 92—95% predictive
accuracy remains achievable under strict DP constraints [4].

5. Integrating FL and DP in Multi-Cloud Banking
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Figure 3: Multi-cloud architecture (examples from fintech)
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5.1 System Architecture for Multi-Cloud FL-DP

Integrating Federated Learning (FL) and Differential Privacy (DP) within multi-cloud banking
environments requires a carefully layered system architecture that addresses both computational
efficiency and regulatory obligations. At the center of this stack lies a cross-cloud orchestrator,
responsible for distributing the global model to each participating cloud node and coordinating the
flow of training rounds across platforms such as public clouds, private financial clouds, and sovereign
regional clouds. This orchestration layer ensures that updates occur synchronously or asynchronously
depending on network conditions, regulatory requirements, and computational availability.

Within each cloud environment, secure enclave computing environments-such as trusted execution
environments (TEEs) or confidential computing nodes-serve as isolated spaces for conducting local
training tasks. These enclaves help prevent unauthorized access to sensitive intermediate
computations, providing hardware-level protection for financial data during the training process.
Once local training is complete, model updates are transmitted through channels protected by
homomorphic encryption or other secure aggregation mechanisms. These encryption schemes ensure
that parameter updates remain confidential even while in transit across cloud boundaries.

To further strengthen privacy guarantees, the system incorporates DP-enhanced training routines,
which inject mathematically calibrated noise into gradients or model parameters before they leave the
local node. This prevents reconstruction attacks and ensures that individual customer data
contributes only in aggregate form. Complementing these safeguards is a layer of compliance-aware
logging, which maintains detailed, auditable records of privacy budgets, update transmissions, and
model convergence cycles. This audit trail supports regulatory inspections and validates that privacy
guarantees remain within permitted thresholds throughout the training lifecycle.

Collectively, these architectural components reflect the principles of the zero-trust security model
increasingly adopted in financial cloud infrastructures. Under this model, no cloud provider, regional
platform, or internal system is assumed to be inherently trustworthy; instead, continuous verification,
cryptographic guarantees, and strict access limitations ensure that sensitive customer data remains
protected at every stage of distributed training.

5.2 Secure Aggregation Techniques

Secure aggregation forms a critical pillar of the FL-DP integration, as it ensures that the central server
cannot inspect or isolate individual model updates submitted by participating cloud nodes. Several
cryptographic techniques are used to enforce this guarantee. Additively homomorphic encryption
enables computation directly on encrypted values, allowing the server to aggregate gradients without
ever decrypting them. This approach is particularly appealing in multi-cloud banking environments
where inter-cloud traffic must remain shielded from inspection.

Another widely used technique is multi-party computation (MPC), where updates are decomposed
into encrypted shares distributed across multiple parties. No single party can reconstruct the full
update, yet together they can compute the aggregated result. MPC is well-suited to cross-institution
collaborations in which banks require strict assurances that neither peers nor the orchestrating
platform can infer sensitive information.

A third approach relies on Shamir secret sharing, which breaks updates into fragments such that only
a defined threshold of fragments can reconstruct the value. This method is often deployed when
institutions participate intermittently or when nodes must tolerate inconsistent network availability.

When combined with Differential Privacy, these secure aggregation techniques provide defense-in-
depth, significantly reducing privacy risks from both external adversaries and internal stakeholders.
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The layered protection ensures that even if an attacker were to compromise the central server or
intercept communication channels, the encrypted and noise-perturbed updates would reveal no
meaningful information about individual customer transactions or behavioral patterns.

5.3 Dealing with Heterogeneous Cloud Constraints

Implementing FL-DP across multi-cloud banking infrastructures requires addressing substantial
heterogeneity across cloud platforms. Each cloud provider operates with its own network topology,
access control model, encryption defaults, and regulatory compliance certifications. To function
effectively in such an environment, a multi-cloud federated system must be designed with cloud-
agnostic containerization, typically using platforms such as Docker and Kubernetes. This ensures
portability of training components and enables institutions to deploy identical FL runtime
environments across AWS, Azure, Google Cloud, or private sovereign clouds without major
reconfiguration.

Equally important is the adoption of federated identity management, which harmonizes
authentication and authorization processes across cloud providers. This prevents identity silos and
ensures that only authorized systems participate in model training and update transmission.
Moreover, the architecture must align with region-specific cryptographic requirements, as some
jurisdictions mandate the use of approved national encryption standards or restrict the export of
cryptographic material.

Another practical challenge lies in the need to tolerate asynchronous participation. In a multi-cloud
environment, nodes may differ in computational capacity, bandwidth availability, or maintenance
cycles. FL-DP frameworks must account for nodes that join late, update intermittently, or temporarily
disconnect, all while maintaining robust global model performance. Techniques such as buffered
aggregation, asynchronous FedAvg variants, and adaptive weighting strategies help mitigate these
inconsistencies.

A growing body of literature published between 2023 and 2024 in leading outlets such as IEEE, ACM,
and Springer documents successful FL deployments across highly heterogeneous cloud
infrastructures, demonstrating that with the right orchestration and cryptographic layers, distributed
AT systems can function reliably despite disparate regulatory regimes, network conditions, and
architectural constraints. These studies reinforce the viability of FL-DP integration as a practical and
scalable solution for modern banking environments navigating increasingly complex multi-cloud
ecosystems.

6. Key Use Cases in 2024 Banking
6.1 Anti-Money Laundering (AML)

Federated Learning has become increasingly relevant in Anti-Money Laundering (AML) operations,
where collaboration across banks is essential for detecting sophisticated, cross-institutional financial
crimes. In traditional AML setups, institutions are limited to analyzing only their internal transaction
flows, making it difficult to identify patterns that span multiple financial entities or geographic
regions. Federated AML frameworks overcome this limitation by enabling banks to jointly train
detection models without ever exchanging raw transaction data. Research conducted between 2023
and 2024 demonstrates that this collaboration yields significant performance improvements,
including a 30% increase in identifying cross-institutional laundering patterns, particularly those
involving complex layering and structuring techniques that evade detection in siloed environments.
Moreover, federated models have proven especially effective in monitoring crypto-fiat channels,
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where transaction pathways are often fragmented across exchanges, wallets, and banks operating
under different legal jurisdictions. By maintaining strict data locality and enabling regulated
collaboration, FL-DP systems support more accurate, timely, and compliance-friendly AML analytics
without compromising privacy constraints.

6.2 Credit Risk Assessment

Credit risk assessment has traditionally been constrained by the limited scope of institution-specific
datasets, which restrict a model’s capacity to generalize across diverse customer demographics,
market conditions, and socio-economic contexts. Federated Learning combined with Differential
Privacy provides a solution by allowing models to benefit from a richer set of features that originate
from multiple cloud environments and financial institutions-without violating data residency laws.
Through cross-cloud feature enrichment, institutions can incorporate insights from broader patterns
of borrower behavior, loan performance, and repayment risks, thus improving the robustness of credit
models. This approach enhances the ability to detect rare but high-impact risk behaviors, such as
early-warning indicators of default that may not appear frequently enough within a single bank’s
dataset. Empirical deployments in 2024 consistently show that FL-DP models achieve 92—95%
predictive accuracy, a level comparable to centralized training pipelines while maintaining the strong
privacy guarantees required for handling sensitive financial attributes. As a result, the federated
approach is increasingly viewed as both a technologically viable and regulatorily compliant method for
next-generation credit scoring.

6.3 Regulatory Compliance & Auditability

From a compliance perspective, Federated Learning and Differential Privacy align well with the
direction global regulators have taken in recent years. Increasingly, supervisory bodies favor privacy-
preserving computation over traditional anonymization techniques, which have been shown to be
vulnerable to re-identification attacks. By design, FL ensures that sensitive data never leaves its
jurisdiction of origin, naturally satisfying a wide range of data residency mandates embedded in
GDPR, PIPL, CCPA/CPRA, and other national banking regulations. Differential Privacy strengthens
this framework by providing quantifiable, auditable measurements of privacy loss, enabling
institutions to demonstrate compliance through formal e-budget accounting. This capability is
especially valuable during audits or regulatory reviews, where banks must show that individual-level
data cannot be reconstructed or inferred from model outputs. The combination of FL’s structural
protections and DP’s mathematical guarantees creates a strong compliance posture, reducing legal
exposure while enabling meaningful cross-institutional Al collaboration.

6.4 Operational Efficiency

Operational efficiency is another major driver for banks adopting Federated Learning and Differential
Privacy. By distributing model training workloads across multiple cloud environments, institutions
benefit from 43% faster training cycles, leveraging parallel computation that would be impossible in
centralized architectures. This acceleration supports real-time or near—real-time applications such as
fraud scoring, dynamic risk modeling, and automated compliance monitoring. Additionally, banks
report a 76% reduction in compliance-related incidents, largely because FL-DP architectures eliminate
many of the data-transfer and data-exposure risks inherent in centralized systems. Without the need
to migrate massive datasets between cloud providers or across borders, institutions also experience
meaningful reductions in operational and bandwidth costs, avoiding the financial burden of backhaul
data movement. Finally, the decentralized nature of FL-DP architectures aligns strongly with the 24/7
operational requirements of modern financial systems, supporting continuous model updates even
across regions with asynchronous workloads or varying availability. Together, these efficiencies
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underscore the operational and strategic value of integrating FL. and DP into large-scale, multi-cloud
banking ecosystems.

7. Threats, Limitations, and Open Challenges

Even with FL and DP, several issues remain active research topics:
7.1 Model Poisoning Attacks

Model poisoning remains one of the most pressing risks in federated settings, as adversarial or
compromised cloud nodes can inject malicious updates that corrupt the global model. While research
into robust aggregation methods continues to advance, no single approach fully eliminates this threat,
making poisoning resistance a critical ongoing challenge for FL deployments in banking.

7.2 Privacy Budget Exhaustion

Differential Privacy introduces the constraint of a finite privacy budget, which accumulates over
repeated training rounds. Long-running FL systems risk exhausting this budget, weakening privacy
guarantees unless sophisticated accounting and careful parameter management are implemented.
Sustaining DP protection over time remains a major area of research.

7.3 Explainability Requirements

The distributed and noise-injected nature of FL-DP complicates model explainability, a regulatory
requirement in banking for decisions involving credit, fraud alerts, and compliance reviews.
Traditional interpretability tools struggle in this environment, prompting new work on privacy-
preserving explainability methods capable of meeting industry transparency standards.

7.4 Cloud-Interoperability Limitations

Multi-cloud FL systems must navigate differences in network architectures, identity management
protocols, and encryption standards across cloud providers. These inconsistencies can lead to latency,
synchronization issues, and complications in orchestrating training rounds, limiting seamless cross-
cloud collaboration.

7.5 Legal Ambiguities

Although regulators increasingly support privacy-preserving computation, many have yet to clarify
whether encrypted model updates constitute cross-border data transfers. This uncertainty creates
legal grey areas in global FL deployments and underscores the need for continued regulatory—
technical dialogue.

8. Discussion

By integrating Federated Learning (FL) and Differential Privacy (DP), banks in 2024 are finally able to
reconcile the long-standing tension between extracting meaningful analytical value from financial
data and adhering to strict data sovereignty requirements. This synthesis directly supports broader
industry priorities, where AI has emerged as a central driver of digital transformation, multi-cloud
diversification is increasingly recognized as a key resilience strategy, and regulators demand
verifiable, mathematically grounded privacy protections. The combined FL-DP paradigm represents a
fundamental architectural shift away from the traditional centralized model of data aggregation,
ushering in an era of truly decentralized intelligence. In this new model, banks no longer need to
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compromise compliance in order to collaborate; instead, they can derive insights from distributed
datasets while ensuring that sensitive customer information never leaves its originating environment.
This capability not only mitigates regulatory risk but also unlocks a class of cross-institutional
analytics-such as shared fraud detection, collaborative AML pattern recognition, and large-scale credit
risk modeling-that would have been infeasible under earlier privacy and residency constraints.
Collectively, these developments position FL-DP systems as a cornerstone of the next generation of
secure, compliant, and high-performance Al in global financial services.

9. Conclusion

The integration of Federated Learning (FL) and Differential Privacy (DP) marks a pivotal
advancement in the evolution of Al-driven financial systems, particularly as banks navigate the
increasingly complex regulatory and technical realities of multi-cloud environments in 2024. By
decentralizing model training and embedding mathematically rigorous privacy guarantees, FL-DP
frameworks offer a pragmatic and forward-looking solution to the long-standing constraints imposed
by data residency laws, cybersecurity risks, and institutional data silos. These technologies enable
banks to harness the collective intelligence of distributed datasets without compromising the
confidentiality of sensitive customer information or violating cross-border data transfer restrictions.
Empirical evidence from 2021—2024 clearly demonstrates that FL-DP systems maintain competitive
model accuracy while delivering substantial improvements in fraud detection, credit risk assessment,
operational efficiency, and compliance management.

More broadly, the adoption of FL and DP signals a structural transformation in financial data
engineering-one that shifts the sector away from the fragile, centralized architectures of the past and
toward resilient, privacy-preserving, and regulation-aligned analytical ecosystems. The decentralized
intelligence enabled by these technologies empowers financial institutions to innovate collaboratively,
respond more dynamically to evolving threats, and operate with greater transparency and
accountability. As global regulatory expectations continue to tighten and the financial industry’s
reliance on AI deepens, FL-DP architectures are poised to become foundational components of secure
and compliant digital banking infrastructures. Future research will play a crucial role in refining their
scalability, enhancing interpretability, and resolving open challenges such as privacy budget
management and cross-cloud interoperability. Nonetheless, the trajectory is clear: Federated Learning
and Differential Privacy together represent not only a technological solution but a paradigm shift in
how banks can responsibly leverage Al in a multi-cloud world.
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