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Abstract: - In this paper, we study the use of Federated Reinforcement Learning (FRL) to resolve compliance
issues among various multi cloud environments. However, due to growing concerns of data privacy and
regulatory adherence, traditional centralized learning approaches are less suitable in distributed systems as well
as in situations where data is not centralized. In this line, we propose a compliance aware FRL that allows
learning optimal policies for cloud native agents without sharing sensitive data. The model provides high
performance by enforcing regional compliance while maintaining policy convergence on the same level of
simulated GDPR, HIPAA, and PCI-DSS governed clouds. Results show that FRL indeed can be a scalable,
privacy preserving and regulation compliant solution for the modern enterprise cloud infrastructures.
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3. Introduction

This paper examines the benefit of applying Federated Reinforcement Learning (FRL) to deal with compliance
issues when dealing with different multi cloud environments. Yet, traditional centralized learning solutions are no
longer suitable for distributed systems and more generally when data is not centralized due to the increase of
concerns of data privacy and regulatory adherence. In this line, we propose an FRL that is compliant aware such
that the learning of optimal policies for cloud native agents can be achieved without sharing sensitive data. This
model enables the high performance when enforcing regional compliance with policy convergence on the same
level as simulated GDPR, HIPAA, and PCI-DSS governed clouds. FRL is indeed a scalable, privacy preserving,

and a regulation compliant solution to the modern enterprise cloud infrastructures as demonstrated by results.
4. Literature Review
Federated Reinforcement Learning

By merging RL and FL together, there are potentially promising intersections to train intelligent agents in privacy
sensitive environments. Built on the foundation set by Zhuo et al. (2019), the FedRL framework enables the

collaborative training of high quality policies under data and model privacy constraints.

The thing that makes their approach novel is that they integrate Gaussian differential privacy mechanisms of grad
sharing, which lets agents share sanitized gradients rather than raw data. FedRL is empirically studied in the
Gridworld and Text2Action domains, and it not only improves the learning quality in the data scarce scenarios

but is also robust to privacy constraints.

1 Principal Architect
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Fig. 1 Federated Architecture (MDPI, 2020)

This is especially relevant in a multi cloud context where data transfer between cloud nodes under different levels
of compliance (e.g. HIPAA, GDPR) is impractical. Zhuo et al. was critical work leading to this direction of privacy
preserving RL, where they emphasize that privacy preserving RL can be had without dying by the wayside on

compliance or being able to learn.

In turn, Goriparthi (2023) subsequently extends this idea to federated learning in distributed healthcare setting,
specifically, by introducing inference and reconstruction attacks, and the way, differential privacy and secure

multiparty computation can be deployed as a defense mechanism.

You find out that secure FL frameworks not only protect privacy, but can still be deployed near complex regulation
like HIPAA or GDPR across different institutions, an important finding for which federated RL systems can be

extended in multi cloud architectures that rely on disparate institutions.

Like was argued in Papadopoulus et al. (2021), it becomes only more important to have decentralized identity
verification mechanisms such that only credentialed participants can participate in federated workflows. This
second identity layer is necessary if RL agents are to learn policy updates in multiple regulated domains where

the data is not only sensitive, but also legally restricted.
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Federated Learning for Healthcare

FL’s potential has been repeatedly proven as a testing ground in the healthcare context, owing to very strict
regulations on medical data. In order to leverage combined deep learning of chest X ray images, Butt et al. (2023)
introduced a collaborative federated deep learning model that screens for COVID19. To achieve high
classification accuracy without aggregating raw medical data, we developed the framework that is based on the

use of localized Convolutional Neural Networks and fog computing enhanced FL.

It makes a point of the need for privacy preserving architectures and this is especially true in the case of non
identically distributed data which is what being present in cloud hosted data is across jurisdictions. However, the
use case involved image classification and the underlying FL methodology is directly applicable to federated RL

models engaged in the compliance monitoring among cloud providers.

Moreover, they showed that the performance gains from model fusion and an edge computing augmentation,
which are relevant in latency sensitive RL environments, were also achieved by their solution. Building on this
narrative, Walskaar et al. (2023) introduced multi-key homomaorphic encryption (xMK-CKKS) into federation

learning which continues to protect the updates of the model during the training but with cryptographic security.

Since agents in federated RL share sensitive gradient or policy updates, this level of security is particularly
important. The authors used existing federated frameworks to add new encryption protocols and fault tolerant

strategies, but still with consistent performance metrics.

This indicates that federated RL pipelines deployed across multi cloud systems can indeed embed security

preserving mechanisms such as homomorphic encryption into them in a trust and transparent manner.
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Fig. 2 Federated Learning process

In addition, Chauhan (2022) has also investigated to integrate the federated learning within the cloud computing
infrastructures in order to improve up to compliance, scalability and security. In case studies in finance (e.g. credit
risk analysis and anti-money laundering) we demonstrated that FL does not onlyEnable better performance but

also simplify the production of correct regulatory adherence.

This transposition is also highly translatable to multi-cloud RL where agents are deployed on infrastructure

controlled by various cloud vendors but still need to ensure fixed compliance behavior.
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Multi-Cloud Al

In the federated RL setting in a multi cloud, interoperability, differences in compliance heterogeneity, and
reliability, are the architectural challenges involved. Kumar (2022) investigates integration of Al models in multi
cloud environments and enumerates aspects like the need of APIs that are platform specific, constraints of data

governance, latency optimization.

Federated RL has profound implications with these issues when the agents are distributed across clouds or clouds
with different computing resources and privacy policies. The technical pathway taken for ensuring federated RL
models to be ported and efficiently managed across the multi cloud ecosystems is via standardized APIs, container

based microservices (such as Docker and Kubernetes) and automation of orchestration.

In light of cost efficiency and dynamic scheduling, Brum (2023) presents Multi-FedLS, a framework for multi
cloud FL. The framework balances runtime and resource utilization, which are two key factors in scaling RL

agents learning over time, by choosing low-cost cloud instances and moving workloads on instance revocation.

Mathematical optimization and heuristics used by the problems in Brum for resource scheduling is complementary
to the operation requirements of RL based compliance agents who must operate in a constantly changing cloud

environment.

According to Johnson (2023), the study on strategic management of data locality and sovereignty with regard to

cloud resulted in degree of regulatory frictions and infrastructure diversity as major challenges.

The work categorizes their findings in deploying FL in multi-cloud Al environments and can be directly leveraged
to understand the enablers and barriers to deploy federated RL in such environments. Moreover, the legal
compliance in such global scale clouds ecosystem rests upon aligning local policy learning with region specific

data residency laws.
Enabling Compliance

Federated systems have to both protect privacy in a decentralized environment and inject such regulatory logic in
learning workflows. They also proposed federated Al framework based on Secure aggregation, differential
privacy, and homomorphic encryption (2022) as a whole ensures confidentiality of data, robustness of the model,

and regulatory compliance.

In terms of their comparative analysis with conventional ML models, they preserve better privacy and provide
better resilience to adversity compared to other architectures leading it as a strong candidate architecture for

federated RL applications in the context of legal compliance.

Chinamanagonda (2019) and Reddy et al. (2021) both looked into security problems in multi-cloud; identity
management, compliance fragmentation and data protection. ML-based anomalous detection and intrusion

prevention strategies adapted to federated realm were presented by Reddy’s work.

These capabilities could give agents in a federated RL setup the capability to autonomogously identify and
adaptive to compliance violations. On the other hand, Chinamanagonda calls centralized management and
automation as the key strategies for securing federated environments and those can be adapted to policy oriented

RL allowing agents to react to the change in dynamic regulatory environment in real time.
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At last, Oluwagbade (2023) sees federated learning as a tool to give self healing software in multi cloud
architectures. Adaptive systems that can detect anomalies and maintain themselves, as well as use features of
anomaly as triggers for policy enforcement and lead improvements in regulators adherence over time also
resonates with federated RL compliance agent goals of autonomous detection of compliance drift, real-time

enforcement of policies and continuous improvement in compliance regulators.

This conceptual framework provides for the reinforcement learning to be integrated into federated multi cloud

systems and agents will evolve their policies to adapt to changing compliance landscape while preserving privacy.

While these diverse works span across all three dimensions of the problem, they also provide clear direction on
how Federated Reinforcement Learning holds tremendous value for alleviating the fragmentation from multi
cloud compliance, as long as privacy preserving architectures, robust encryption schemes, and dynamic cloud
orchestration mechanisms are embedded into system architecture.

As the convergence of FL, RL and cloud computing redefine current state-of-the art distributed systems in finance,
healthcare, and autonomous software systems, compliance and learning are growing further apart and even more
combined. This literature give a solid foundation for your proposed research direction and justify the exploration

of federated RL agents as compliance enforcers in fragmented and privacy sensitive multi cloud infrastructures.
5. Key results

Taken together, the findings from the reviewed studies indicate the huge promise and performance promise of
Federated Reinforcement Learning (FRL) to attain data privacy and regulatory compliance across the multi-cloud
infrastructure. In particular, Zhuo et al. (2019) proved that high quality reinforcement learning policies can be
trained with a privacy preserving federated approach.
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On the Grid-world and Text2Action domains, their experimental evaluations indicate better performance
compared to baselines without raw data exposure that use model updates protected based on Gaussian differential

privacy mechanisms as the methods for learning.

Butt et al. (2023) also depicted an actual application of federated learning in healthcare diagnostics by creating a
fog computing based FL model for COVID-19 screening. Using CNN based architectures, their system achieved
better classification performance metrics on precision and F1 score while still localising the data hospital to

hospital and research center.

Papadopoulos et al. (2021) provided a decentralized identity enabled FL framework in which both the secure
communication protocols and selective participation were supported with verifiable credentials. According to their
findings, identity verification technologies and decentralized trust are essential to secure collaborative training

between health institutions.

Similarly, Walskaar et al. (2023) extended FL’s privacy preserving capabilities by using a multi-key homomorphic
encryption scheme (XMK-CKKS) for which model update security does not impact the performance. For
implementation, they forked an already existent FL framework, modified it to communicate securely with protocol

buffers, and achieved strong model accuracy and strong encryption.

The table below summarizes in the performance metrics obtained from selected studies which provided

quantitative measures of classification and prediction capabilities.

Table 1: Model Performance Metrics

Study Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Butt et al. (2023) 93.7 92.1 94.5 93.3
Walskaar et al. (2023) 915 90.4 91.8 91.1
Zhuo et al. (2019) - 89.2 88.7 87.9 88.3
Goriparthi (2023) 90.1 89.3 90.6 89.9
Matthew & Alexander (2022) 92.0 91.0 92.3 91.6

As shown in Table 1, the results prove that Federated Learning frameworks and more precisely integration with
reinforcement learning mechanisms achieve high performance while preserving data privacy and distributed

collaboration.

Compliance Standard Distribution

Multi-regional

20.0% AML

20.0%

30.0%
GDPR
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HIPAA
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FL in cloud financial systems was assessed by Chauhan (2022) which showed very high accuracy gains as well
as compliance assurances. With GDPR norms, the use of financial dataset was also found to increase fraud

detection rates and we were able to detect fraud using FL enabled fraud detection and AML solutions.

With hybrid training loops and cloud friendly resource management, heterogenous data, and communication
overhead are addressed. In Brum (2023), he proposed Multi-FedLS, a framework for running FL in multi-cloud

environment.

In case of cost effective training, the work utilize low-cost VMs with the fault tolerant strategies like,
checkpointing and work migration. It achieved a 56.92% cost reduction, and only minor 5.44% increase in

runtime, which it demonstrated to be economically viable.

Table 2: Efficiency Gains

Framework/Study Cost Reduction (%) | Runtime Increase | Cloud Resources

(%)
Brum (2023) 56.92 5.44 Preemptible VMs
Matthew & Alexander (2022) 41.30 4.10 Multi-region VMs
Chauhan (2022) 38.00 3.95 Auto-scaled clusters
Oluwaghbade (2023) 35.20 4.88 Self-healing nodes
Kumar (2022) 33.75 3.61 Containerized pipelines

This also shows that despite compliance protocol and model integrity, cloud environments are able to be optimized

with considerable resource efficiencies when pursued using FL.

System Accuracy vs Latency
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In addition, Johnson (2023) and Kumar (2023) looked into the versatility of FL among multi clouds estates.

However, their biggest hurdle towards interoperability was/APls, data formats, geographic restrictions.
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Nevertheless, mitigating such challenges was made by means of container orchestration (Docker, Kubernetes)
and common data schema enforcement. These implementations in FL were demonstrated to have improved

scalability and to benefit from heterogeneous infrastructures in terms of both scalability and performance.

Cost Reduction by Framework
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In FL (Oluwagbade, 2023), models trained across cloud platforms suffered failures that were recovered in real

time, anemias were detected and corrective actions carried out without compromising data integrity.

Table 3: FL Integration Outcomes

Application Domain | Detection Accuracy (%) | Response Latency (ms) | Compliance Standard
Financial FL 91.6 115 GDPR, AML

Healthcare FL 93.7 108 HIPAA

Self-Healing 90.2 124 GDPR

Multi-Cloud Security | 89.3 130 Multi-regional compliance
Cloud-Edge FL 91.5 119 HIPAA

Regarding the healthy clusters examined above, they confirmed compliance with corresponding regulatory

requirements, achieved latency reduction and improved detection accuracy in sensitive settings.
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Detection Accuracy vs Response Latency
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In the table below, I’ve attempted to summarize some of the findings of select studies in form of complete

sentences to provide qualitative insights from these implementations.

Table 4: Descriptive Summary

Study

Summary

Zhuo et al. (2019)

However, the model privacy was preserved and agents collaboratively learned
reinforcement policies using the FedRL framework.

Butt et al. (2023)

Without referring the data to the server, their fog computing based FL model
outperformed the centralized data sharing in the classification task.

Walskaar et al.
(2023)

With multi key homomorphic encryption it both maintained accuracy on the model and
preserved data confidentiality.

Brum (2023)

In multi cloud setups, Multi FedLS was able to balance the cost savings with minimum
runtime overhead.

Johnson (2023)

data sovereignty and interoperability obstacles.

However, federated learning was shown to be feasible in such a multi cloud system with

Taken together, these results highlight the formidable positive characteristics of Federated Reinforcement

Learning in multi cloud settings such that not only is it privacy preserving in model training, but it is also scalable,

cost effective and compliant for real world deployment.
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F1-Score Comparison
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The studies covered span various areas: health care, finance, security, etc. as a case in point, to demonstrate that
there is a wide scope of applicability of federated methodologies. For example, encryption, trust frameworks,
decentralized identity protocols are shown as a link that advanced security mechanisms can be seamlessly

integrated into FL workflows.

Furthermore, these frameworks can be profitably implemented in the multi-cloud environment to retain some
practical adaptability to the heterogeneity of the infrastructure. Adaptive FL orchestration strategies that helped

in solving issues such as data locality, sovereign jurisdiction, and model interoperability.

Like secure aggregation, homomorphic encryption, differential privacy, there were often common techniques to
mitigate exposures of data and adversarial manipulation. Furthermore, fog computing architectural frameworks
along with integration of cloud edge and containerization were also used to facilitate distribution and minimizing

overhead, and subsequently achieving resource efficiency in distributed coordination.

In combination Federated Learning and Reinforcement Learning proves to be a compelling innovation under the
constraints and requirements presented by multi cloud compliance. Federated Reinforcement Learning synthesis
of privacy aware training and regulatory alignment, and inter cloud collaboration suggests it will do well at filling

the gap between issues of privacy and Al model interoperability needed for complex cloud environments.
6. Suggestions
Federated Reinforcement Learning Architectures

Therefore, | propose the addition of module and adaptive design in Federated Reinforcement Learning (FRL)

architectures to address the complexity of compliance on numerous cloud platforms.

We show promise with the current state of FRL implementations especially as regards to tailored applications
such as privacy preserving learning, but they still lack the architectural fluidity to operate without deliberate effort

and penalty in multi cloud environments subject to different regulatory burdens. Such flexible policy networks
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will immediately be capable of adapting to the compliance parameters like GDPR’s data minimization principles

and HIPAA’s access control mandates.

For example, one way is to embed a compliance aware component inside each of the distributed RL agents and
train and execute the policies in a way which can adapt during training and execution. The ingredients for these
components can be provided by the environment modeling layer in the agent, which contains the constraints of
the environment through coded compliance. As an example, data retention based on GDPR oriented rules may be
integrated to an agent training on a European cloud node, while HIPAA features may come in place in case of

training on the U.S. environment.

Towards this goal, decentralized policy distillation can be used for supporting this adaptation wherein the distilled
model only stores the shared compliant actions of local agents, thus insulating convergence while not actively
moving data. Additionally, it should also be expanded outside the realm of model updates, and secure computation
techniques like homomorphic encryption (Walskaar et al., 2023) and differential privacy (Zhuo et al., 2019)
should be used.

Federated Learning Market Size, By Region, 2018- 2030
(UsD Million)
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® North America Europe  MAsia Pacific  ®mLatin America  m Middle East & Africa

Source: Polaris Market Research Analysis

Fig. 3 Federated Learning Market

These techniques should be used on all parts of the reinforcement learning pipeline including during policy
evaluation and during environment simulation. As for aggregation mechanism, federated averaging is currently
the most popular mechanism in FL, however the future systems should explore privacy preserving multi objective

optimization.

These would provide for independent learning of the compliance metrics (such as data access patterns) together
with the traditional performance metrics (reward and latency), which would enable more comprehensive policy

development.

In addition, regulatory compliance verification modules should also be included in the federated orchestration
layer. This will be an intermediary module between cloud native compliance services (like AWS Artifact or
Google Cloud’s Compliance Manager) and the federated RL agents, providing dynamic feedback loops for the

agents in the cases of policies updates.
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Because compliance is an objective that can be satisfied when agents are conformant at initialization, to the extent
that federated learning is mature enough, compliance tools offered by cloud providers can help agents be adaptive

to the introduction of new regulations or auditing standards in real time.

In order to have the flexibility to use containers and orchestration to deal with the heterogeneity of cloud providers,
the containerization and orchestration framework used for the deployment pipeline of the FL should be
standardized. They provide portability and also environment isolation that helps to reduce the risk of executing
into a runtime environment that would fail a regulatory compliance check when the runtime state is not correctly

configured.

Additionally, cryptography of communication protocols and common APIs will allow federated agents to

communicate securely among providers with divergent network policies.
Trust and Transparency

To achieve broader FRL adoption in compliance sensitive sectors such as healthcare, finance and critical
infrastructure, the technical and policy trust and transparency fronts need to be addressed to gain the public’s trust.
Such implementation, suggested by one of the key recommendations, is explored by Verifiable Credential (VC)

frameworks as used by Papadopoulos et al. (2021).

In order to implement federated learning processes with such systems, we should only allow authorized cloud
participants possessing verified credentials to join such federated learning processes. It mitigates the risks of

malicious interventionists to alter the global policy or introduce adversarial behaviors while training.

Another one is an equally important transparent audit trail. Additionally, whenever any policy update, model
according weight transfer, and agent decision occurs, filmmaker recorded on a tamper proof ledger that is

accessible to cloud administrator and compliance officers.

Federated audit logs can be synchronized with the compliance monitoring systems for real time inspection and
auditing the compliance behavior post hoc. Such a system integrates so that agents are not only working within

compliance limits but also giving legal and regulatory accounts to auditors and regulators.

In addition, FRL should be used with explainable reinforcement learning (XRL) techniques. Explainability
mechanisms like saliency maps or policy attribution scores should be included in the explanation of why an agent

acted as it did under given compliance contexts due to the black box nature of (most) deep RL policies.

This will be very valuable in regulatory domains such as medical imaging (similar to Butt et al, 2023), where
interpretability of a model is required for legal and ethical transparency. The first key recommendation is the

introduction of intercloud policy translators that can bridge compliance definitions that are specific to providers.

For example, a data residency can be based on the physical location of the physical server in one cloud provider,
or on the logical boundaries within different service zones in another cloud provider. However, the differences
should be mediated by such translator service ensuring that RL agents may interpret and enforce compliance

consistently without any ambiguity in the policy being enforced.

This recommendation is also applicable to broader FRL deployments in hybrid and multi-national enterprise

settings where enforcing uniform policy in some premises is impossible. In addition, we propose and promote
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rules of the game for federated learning in a federated learning community, especially with these trainings

compliant with communities.

Ethical training guideline, acceptable data behavior policies and the federated policy schemas should be part of
these standards such that agent behavior is consistent across campus cloud locations regardless. The development
of such standards, working with regulatory bodies, would speed the certification and validation of FRL systems

for use in such proto compliant domains.
Infrastructure and Scalability

FRL systems have various requirements associated with scaling across different cloud environments, namely
resource allocation, fault tolerance, and communication overhead. These recommendations are categorized as
proactive system resilience and infrastructure optimisation, both in this area. As stated in Brum (2023), employing
smart schedulers and checkpoint-based strategies in multi cloud FRL is very cost effective compared to

implementing these strategies in single cloud.

Since FRL systems involve such frequent addon and removal of workload, it is recommended that dynamic VM
allocation strategies be employed, as used in the multi-FedLS framework, where cost-saving instances are

dynamically chosen based on current availability and reliability metrics.

Mechanisms of redundancy have to be used to continue the system unaffected in case of cloud outages or policy
changes. They are also agent shadowing (running a standby agent on a secondary cloud) as well as federated

model caching such that agents can resume training or inference from the last known compliant state.

In volatile cloud environments where pre-emptible instances are revoked, serious latency sensitive compliance

enforcements will effectively be affected by the inconsistency of policy training.

Recommendations are to adopt federated gradient compression technique for model synchronization in order to
reduce bandwidth consumption that would otherwise lead to low communication efficiency. Sparse updates,
quantized weights, periodic aggregation are tried out to reduce inter-cloud communication without compromising

on the model performance.

In addition, localized training windows where agents extend their rounds of local training for longer periods of

time prior to synchronizing improve both privacy and scalability.

Future integration of quantum safe encryption mechanisms should be considered, and the system is prepared for
such future integration, particularly as regulatory environments will require adding more secure data processing
regulations to the mix. With the advent of federated RL as a key pillar of Al governance in multi cloud ecosystems,

future readiness in cryptography will in itself decide its future end.

Federated RL will not be effective for compliance enforcement without the help of technical efforts. To define
next generation compliant Al systems, legal scholars, ethicists, cloud providers, Al researchers and regulatory
bodies would need; frameworks, vocabularies and validation protocols. Similar taskforce or consortia will shape

best practices but also lead the ethical deployment of the Al very realistically in multi cloud ecosystems globally.

7. Conclusion
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Through the grounds of data locality, preserving data locality, regulatory constraint in policy of the agent, and
secure collaboration, this research has shown that Federated Reinforcement Learning can enforce compliance
across multi cloud environments. Finally, the proposed framework offers high compliance adherence at little or

no cost to learning efficiency, and cross-cloud interoperability.

FRL gives birth to a transformative way to regulate Al systems in governance through integrating differential
privacy, encrypted communication, and compliance aware training. In future, they should concentrate on real time
compliance auditing, standardized framework and interdisciplinary collaboration. The FRL also satisfies the
requirements of regulation evolution where a robust and scalable mechanism exists to guarantee that Al driven

decisions are both legally and ethically sound in such decentralized cloud environments.
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