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Abstract: Risk policies safeguard against system exposures, yet they can become obsolete owing to environmental change,
temporal drift, or adjustment errors. In multilayered regulatory environments, the legal-mosaic risk management landscape
poses additional difficulties. Formalization techniques form the foundation for automated synthesis. Adaptive policy
generation enables tailored, up-to-date policy formulation that draws upon contextual knowledge and experience.

Generative Al has been successfully harnessed for the development of software code, nuclear indices, wording for disclaimers,
disclaimers, and marketing material. Despite the unsettled state of generative Al, it remains a powerful tool for language-based
tasks and can logically and verbally reason at a high level with careful prompting. Irrespective of the generative Al model
architecture for ChatGPT-style applications, it is fundamentally an LLM and ML methods applicable for those models are
therefore valid. When cited for policy development, however, care has to be taken to ensure that internally developed policies
conform to the organisations standards for such content.

Generative Al—driven development of locally valid policies that comply with domain constraints can be achieved through
prompt engineering that influences the model in a top-down manner. Comprehension of the policy numbers, context, and
problem-influencing event elements are always accessible. The similarity of the style and intent of many Policies enables
grouping by shared feature components. Constraints on variables in the knowledge structures of Regulatory and Domain-
Integration Alignment Core can be encoded, and enforced in the synthesis process. The infrastructure has been built to support
the synthesis of data governance and compliance policies for a complex multi-jurisdictional data environment.

Keywords: Generative Al, Adaptive Policy Generation, Risk Management, Data Governance, Data Centres, Data Regulatory
Compliance, Generative Al, Adaptive Risk Policy Generation, Multi-Regulatory Compliance, Data Center Governance, Al-
Driven Risk Management, Regulatory Intelligence, Automated Policy Synthesis, Compliance Automation, Cybersecurity Risk
Assessment, Dynamic Policy Adaptation.

1. Introduction

Data centers provide digital infrastructures for a wide range of services and applications, often involving sensitive
data and complex infrastructures across multiple jurisdictions, each with its own set of compliance mandates. The
regulatory landscape that influences these infrastructures is inherently diverse and ever-changing, composed of
many regulatory texts and overseen by various authorities. Among the numerous types of policies concerned with
data centers across multiple jurisdictions, those concerning the governance of data flows are possibly the most
challenging to address. Effective management of data flows requires policies detailing the who, what, when, and
how of data handling. Generally, these policies take the form of data governance-related systems of records as
well as systems of audit, in that they not only record the handling of data flows but should also allow for verifying
their compliance with existing regulations before any dedicated audits take place.

A native risk policy management function provided by data centers or external risk policy management services is typically
considered. Nevertheless, risk policies are usually treated as static and up to date only for a limited period of time. The risk of
undergoing non-compliance at any given point in time may therefore never be lower than the risk of applying outdated risk
policies that do not reflect a change in an external regulation text.
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2. Background and Motivation

Data centers are vital to online services, yet their operations are governed by a patchwork regulatory landscape.
Risk policies help organizations manage exposure to information security, cybersecurity, data protection, and
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privacy. However, static policies are sometimes insufficiently specific and testable for effective operations. In
highly regulated environments with complex information flows involving sensitive information, an Al-assisted
capability that can generate detailed, mission-specific policies tailored to a particular service instance is of
significant value. Generative Al offers the potential to develop adaptation rules that allow rapid policy upgrades
in response to regulatory changes, ecosystem evolution, or changes in business operations.
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Adaptive Risk Policy Generation Workflow
Table 1: Core Components of Adaptive Risk Policy Generation

Regulatory Aspect Example Requirement Policy Adaptation Need
Data Residency Data stored within region Dynamic location-aware rules
Access Control Role-based permissions Attribute-driven policy generation
Data Retention Retention duration mandates Automated retention updates

Cross-Border Transfer Jurisdiction approvals Compliance-aware routing policies
Privacy Protection GDPR/HIPAA safeguards Adaptive privacy constraints
Audit Logging Activity traceability Continuous monitoring policies

3. Related Work
Generative Al Driven Policy Synthesis

Research on policy synthesis focuses on automating the generation of enabling and regulating policy documents.
Al approaches are increasingly employed in compliance analysis, auditing, and monitoring tasks. The application
of generative Al for risk policy generation, however, has only recently been proposed. Risk policies specify the
measures necessary to comply with a set of regulations within a particular organizational context. The absence of
a risk policy can lead to non-compliance and negligence. If policy silos exist but information is scattered across
them, it may not be possible, from a labor perspective, to develop a single risk policy that considers all regulations.
Generative Al can be employed to address this type of problem for risk policy generation.

Regulatory interoperability has been defined as the capability of achieving almost-complete compliance with two
or more rules or laws in a cross-domain context, such as data governance. An intelligent assistant for the
identification and validation of data governance regulatory interdependencies has been developed in a multi-
regulatory context. Data flows, their properties, related policies, compliance rules, and regulatory mapping
concepts defined in these works enable the automatic discovery of regulation mapping and interdependencies.
The identification of interdependencies can subsequently be used to evaluate regulatory regulatory silos and
validate regulatory compliance.
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Table 2: Multi-Regulatory Compliance Parameters
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Regulatory Example Policy Adaptation
Aspect Requirement Need
Data Residency | Data stored within Dynamic location-
region aware rules
Access Control Role-based Attribute-driven
permissions policy generation
Data Retention Retention duration Automated retention
mandates updates
Cross-Border Jurisdiction Compliance-aware
Transfer approvals routing policies
Privacy GDPR/HIPAA Adaptive privacy
Protection safeguards constraints
Audit Logging | Activity traceability Continuous
monitoring policies

4. Conceptual Framework

A comprehensive conceptual framework identifies different parties involved, delineates respective policies,
specifies constraints for governance processes, and establishes evaluative criteria for compliance operations. Five
types of entities are considered: data subjects, provisioners, brokers, clients, and jurisdictions, with each being
associated with particular data governance and compliance policies. These policies are further augmented by
jurisdictional constraints that impose requirements on the data subjects and data reservoirs within that jurisdiction.
Such jurisdictional rules can then be mapped to specific data flows—i.e., the transfer of data at rest or in transit
among organizational resources and across borders—within the data governance map of a multi-regulatory Data
Center environment.

The interaction of the aforementioned five entities with the environment leads to policy requirements concerning
the processing and handling of data. This set of rules constitutes the data governance and compliance policies. An
additional layer of jurisdictional constraints is then imposed on the data governance and compliance policies. Such
jurisdictional rules can be sourced from external documents (e.g., GRPR, HIPAA, etc.) that specify conditions
required to be satisfied by data subjects and/or data reservoirs in order to transfer data across territorial borders.
The absence of jurisdictional constraints when operating wholly within a Data Center jurisdiction (e.g., United
Kingdom) serves to further simplify the process. The above analysis leads to the definition of an Adaptive Risk
Policy Generation Workflow, referred to as ARPGW, an integrated process for the automatic generation of risk
policies in response to external stimuli.

Generative Artificial Intelligence (Al) technologies provide opportunities for the synthesis of policies that meet
specific requirements set by the user, thereby presenting the prospect of adapting risk policies to changing
situations. Consequently, a Natural Language Processing approach leveraging the generative capabilities of Large
Language Models is employed. Generative models such as Text-Davinci 003 and Claude 2 support different high-
performance Natural Language Processing (NLP) tasks. Nonetheless, constraints and conditions that should
strictly govern the generated outcome are typically absent; hence, re-formulating the prompt in such a way as to
pro-actively incorporate those conditions is essential. The signaling capabilities of external prompts, augmentation
through reinforcement-learning from human feedback, and a range of prompting strategies (e.g., zero-shot, one-
shot) provide ample opportunities to discover a suitable prompting strategy that enforces policy- and governance-
specific constraints. The proposed Adaptive Risk Policy Generation Workflow (ARPGW) thus benefits from the
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synthesis capabilities of Generative Al while incrementally constraining the outcome with a series of supporting

mechanisms.
Mathematical Formulas:
1. Policy Adaptation Score
C.+U,
PAS = ———
Ry
2. Regulatory Compliance Accuracy

Fe
RCA = —x 100
Py

3. Al-Driven Risk Prediction

n
Rp = ZWL X Fi
i=1

AGF=G+C+A

4. Adaptive Governance Function

5. Policy Drift Detection

PD =|P,— P, |
6. Compliance Confidence Metric
T,
CCM ==
T
7.  Multi-Jurisdiction Mapping Index
m
MM = Z G
=1
8. Data Governance Efficiency
D
DGE ==
D,
9. Risk Mitigation Effectiveness
Rb - Ra
RME =

b

10. AI Policy Synthesis Function
APS = f(R,C,D,]))

11. Constraint Enforcement Ratio

Ce
CER = —
Ce
12. Dynamic Compliance Update Rate
Ue
DCU = —
At
13. Information Flow Security Index
Sc+A4,
IFS = >

14. Regulatory Alignment Score

n
RAS = Z ay Ry
k=1
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15. Automated Audit Accuracy

4y
AAA =-—=x100
A

Table 3: Stakeholders and Governance Roles

Entity Type Governance Policy Dependency
Responsibility
Data Subjects Consent and privacy Privacy policy
rights generation
Data Data submission Access and integrity
Provisioners management rules
Data Brokers Controlled data exchange Transfer compliance
policies
Clients Authorized data Usage restriction
consumption policies
Jurisdictions Regulatory enforcement Legal constraint
encoding

Jurisdictions * Fegulatory Rulex * Data Flen Mupping # Complianes Constraints = Aduptive Policy Rules

Multi-Regulatory Compliance Flow
4.1. Generative Al in Policy Synthesis

Generative Al architectures—including GPT-4 and similar LLMs—offer a valuable source of information and a
new mechanism for policy synthesis. They can also be guided to produce useful results in specific areas of
governance, risk management, and compliance through appropriate prompting strategies, data preparation, and
constraint encoding. Gaps in explainability, interpretability, and controllability that are often cited as barriers to
LLM use for policy synthesis can be bridged through carefully designed prompting strategies and supporting
procedures.

Architectures can be treated as contextual risk-assessment subject-matter experts generating outputs within areas
defined by the governing entities' domain and operational constraints. The governing entities map their operational
domain into the model space through defining features and constraints linked to the specific instance of policy
synthesis, while a suitable prompting strategy creates an interpretability layer. The regulatory or compliance
requirements represent domain constraints that need to be satisfied to preserve alignment of the generated policies
with the authoritative requirements. By reflecting these constraints in the requirements document, it is possible to
channel the synthesis in a way that helps keep the resulting set of policies on the path of compliance.

Al capabilities have improved steadily over the past year Z EPOCHAI
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5. Methodology

The methodology combines generative Al and a development-oriented adaptivity framework to enable the
automated generation of risk and compliance rules in environments governed by multiple overlapping
jurisdictions. The development of the approach extends a real-world risk governance implementation mapping
data governance and compliance aspects of a data center environment receiving regulatory oversight from multiple
jurisdictions to policy concepts formalizing the practical requirements that need to be enforced within the
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environment—including data flow ownership, data access controls, data retention periods, jurisdictional
objectives, and function-specified investor-type-related concerns.

This mapping is subsequently applied in the development of an end-to-end generative Al-driven adaptive policy
generation capability capable of synthesizing an appropriate set of risk and compliance rules directly from the
mapping expression of the environment. The developmental perspective of the mapping provides a foundation for
the automated abstraction of necessary input features, including environment definitions, the columns accessible
to users of functions controlling access to feature sets, appropriate jurisdictional rules for data access/output, a
full description of the environment in natural language, and appropriate risk/adaptive constraints for the
generative-ai-driven policy synthesis. The generated adaptive constraints provide an important safeguard ensuring
alignment between the generated policies and the policies imposed by the seven-mosaic-rules underpinning the
adaptivity framework.

Data Subjects L Dala Assels L Access Roles L Rebention Rules L Gavernance Policy
Data Center Governance Flow

Table 4: Adaptive Policy Workflow Stages

Workflow Stage Input Output
Data Governance Data flow Structured governance
Mapping metadata summaries
Regulatory Analysis Jurisdiction rules Compliance constraints
Prompt Engineering Governance Al-ready prompts
context
Policy Synthesis Al-generated Adaptive risk policies
drafts
Validation & Audit Generated Compliance-approved
policies policies
Continuous Regulatory Policy re-synthesis triggers
Monitoring changes

5.1. Data Governance and Compliance Mapping

The data governance mapping phase produces the information needed to support policy generation for data
management in New Zealand and European regulatory environments. The methodology enables the systematic
and reproducible encoding of data flows together with associated data governance details into structured
summaries suitable for use in adaptive policy generation. The analysis—illustrated here via the generation of data
governance details for the University of Waikato data analytics platform—examines the data governance aspects
commonly captured in data access, location-specific storage, and compliance zones of data protection impact
assessments.

By mapping all stored data assets, their owners, permitted access rights, retention periods, and jurisdictions to be
sourced from the Institution's record of processing activities, an automated summary can be produced. This
provides an abstraction of the data governance model at a high feature level. A second layer of detail specifies
flow specifics for features identified as applicable for sensitive data classification in the first layer. It extends the
coverage of permitted access rights by including user-attribute-based access controls (e.g., restricted to grant
holders only) and jurisdictional rules from data governance zones specific to compliance requirements such as
GDPR Data Minimization and GDPR Transfer. Finally, requirements for compliance with different data
protection jurisdictions can be gathered directly from the records of processing activities.
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6. Adaptive Policy Generation Workflow

The proposed adaptive policy generation workflow is detailed in Figure 2. The end-to-end process adapts to
various possible changes in the mapping information needed to synthesize risk policies for multilayered data
centers maintained by multiple organizations governed by conflicting regulatory frameworks. It receives as input
information mapping the flow of data over the infrastructure, including such aspects as data owners, access control
roles, retention periods, applicable jurisdictional rules, and compliance requirements associated with each data
flow. An adequately structured mapping, preferably formalized in one of the specification formalisms available
for regulatory information processing and management, serves as input to a corresponding Al generative model.
The output of this component is a set of risk policies specifically addressing the identified conformance issues.
Policy generation can also be triggered by an audit of the data flows.

DpICanted  ——>  POmpLEwgnesring  ——»  LUAProcessig  ——|  PoligyDraft  ——  Yaldatibn  ——  Final Policy

Audit-Driven Policy Update

The process includes an audit trail component. Whenever a mapping input constitutes a formal specification,
policy synthesis is performed based on it. Should the AI output be expressed in the same formalism, the resulting
machine-readable policies are stored automatically. The storage facility keeps the synthesized policies
conditionally associated with the mapping and also generates logic rules to signal, and periodically check for,
possible discrepancies with the mapping information. Such signals show the need to resynthesize the policies.
Such changes may derive from normal updates to the mapping, from decisions by specific regulatory bodies, or
from the emergence of new jurisdictions or regulations that impose new restrictions on the data flows.

Table 5: Al Prompt Engineering Strategies

Prompting Strategy Purpose Expected Outcome
Zero-Shot Prompting Generate policies Fast policy generation
directly
One-Shot Prompting Provide example Improved structure
policies consistency
Constraint-Augmented Inject compliance Higher regulatory
Prompting rules alignment
Contextual Prompting Include operational Environment-specific
metadata policies
Reinforcement Feedback Iterative optimization Reduced hallucination
Prompting risk

6.1. Input Abstraction and Constraint Encoding

Facilitation of Adaptive Policy Generation relies on abstraction of input data and encoding of constraints, both of
which significantly reduce decision space and prevent excessive deviation from established policy norms.
Synthesis is conducted at either a high or low level of abstraction depending on the granularity of the semantic
information flow model governing data movement. During high-level input abstractions, information flow
descriptions are replaced with high-level categorisations (e.g. Communications, Application Data, Regulator
Interaction) containing corresponding risk governance and mitigation requirements. Consequently, the range of
data flows generated during low-level Abstraction is greatly curtailed and the decision-making task significantly
simplified. Synthesis of low-level data coding and storage policies draws on a detailed model representing specific
data characteristics as defined in the Information Flow Model and Controller. Such representations specify data
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owner access rights, jurisdictional data residency requirements, regulatory retention demands, and secondary
usage constraints imposed by data related legislation or regulation.

Insertion of Abstraction-level-specific rules into the prompting process helps ensure that Al-generated internal
coding policies remain consistent with the prevailing organisation position on data transformation. Input
information remains visible to the generative Al system and thus forms no part of the prompt used during
synthesis. High-level input abstractions construction of coding and storage policies considers an information flow
semantic model at a lower level of detail specificity than the preservation of policy characteristics governing a
data flow’s relation with other system functional components or processes.

DataFlaw —»  JuriscictionRule ——»  Access Constraint  —— Al Policy Generation  ——%  Compliant Acticn

Constraint-Aware Policy Control
7. Conclusion

With an increasing number of academic data centers producing a multitude of valuable datasets, as well as growing
philanthropic and governmental interest in opening data for public use, the challenges associated with socio-legal
oversight at scale need accordingly urgent attention. Supporting the development of information policies—
particularly those ensuring compliance with local data protection regulations—is vital in these multi-jurisdictional
contexts. A response emerges through the formulation of a generative Al-driven process delivering multi-
jurisdictional, adaptive data governance policies for data center environments under multiple regulatory mandates.
Academic data centers are thus enabled to manage sensitive information flows while preventing social harms
associated with inappropriate disclosure and facilitating the positive impact of data use.

Despite widespread recognition of these needs, the socio-technical systems required to support academic
institutions in developing regulatory-agnostic, adaptive information-policy landscapes that offer compliant
protection for sensitive information and data release processes at scale are not yet in place. A structured framework
for the development of such systems is presented, accounting for the inherent complexities of the academic data
center environment and adopting a policy-centric approach. The research demonstrates the utility of a generative
Al agent in coordinating the inputs of both internal stakeholders and external external regulatory sources toward
the production of bespoke yet compliant information policies.

Table 6: Data Governance Mapping Attributes

Governance Description Example
Attribute
Data Owner Responsible entity University department
Access Rights Authorized access Grant holders only
groups
Retention Period Storage duration 7 years
Jurisdiction Zone Regulatory region EU / New Zealand
Compliance Applicable regulation GDPR Data
Requirement Minimization
Data Classification Sensitivity level Confidential
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