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Accepted: 28 Dec 2024 structure. Institutional investors are adopting multi- counterparty trading and
collateral management models that are better aligned with the long-term reduction of
systemic risk than traditional bank-oriented paradigms. These new approaches,
however, give rise to increasingly complex and challenging reg- ulatory compliance
processes under IFRS, EMIR, NAIC, SOX, and other sets of rules; processes that may
be obscured, yet not lessened, by the introduction of different forms of collaterised
derivatives trading. Consequently, pioneering institutions are de- veloping adaptive
Artificial Intelligence-based Regulatory Intelli- gence systems to comprehensively
analyse the relevant regulatory requirements, assess the degree of compliance for each
trade and collateral instrument in real time, and identify the precise data inputs and
transformations necessary to enable this level of comprehensive compliance. Such
systems allow a vast number of rules, the majority of which are highly interdependent,
to be monitored and enforced in a fully autonomous manner. Real- Time AI-Driven
Regulatory Intelligence for Multi-Counterparty Derivatives and Collateral Platforms
hence carries out continuous evidence-based requirement-driven provisioning of
regulatory feeds with built-in quality attributes essential for the application of a key
early-stage criterion for the successful implementation of any form of Al: GIGO or
Garbage In Garbage Out. The need for such an approach is now beginning to be
recognised, with regulators highlighting the importance of quality of data, model, and
governance for AI applications in financial services, as well as the potential for risk to
be at least as great as the expected benefits in any successful deployment of generative
Al capabilities for practical applications.
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Introduction
Prudently leveraging artificial intelligence (Al) tools within a multi-counterparty derivatives and collateral platform en-
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ables autonomous compliance with the multi-dimensional reg- ulatory requirements of IFRS-17, EMIR compliance reporting,
NAIC regulatory disclosure, and core SOX principles. Varying data quality requirements are essential for efficacy across models
deployed within a wider Al architecture. The Al devel- opment lifecycle for AI RegTech systems is also susceptible to
limitations in data quality, underlying model efficacy, and model governance. Adopting a risk-aware approach to the deployment
of Al within derivatives and securities practices can help identify, prioritize, and mitigate the core regulation- related challenges
that these advanced technologies face while also harnessing cross-regulation synergies to improve strategic guidance and
monitoring of compliance obligations. Accu- rately mapping an organization’s obligations across multiple regulations, detecting
inconsistencies, and implementing risk- based testing can also highlight the cross-regulation opportuni- ties and concentration of
effort that can further streamline and improve preparation for compliance. Automating preparation steps while planning Big
Data and model deployments sup- ports internal regulatory compliance and provides a defensible basis for relying on public
cloud and commercially available models—without the burden of developing bespoke models internally. Rapid detection of
material changes to compliant systems and environments, and to the compliance regulations themselves, in conjunction with
continuous monitoring and testing related to deployments through the digital sandbox provides an infrastructure that reduces the
cost of maintaining regulatory compliance through supported evolution.

A. Overview and Objectives of AI-Driven Regulatory Intelli- gence

Whether harnessing artificial intelligence (Al) to better understand regulatory developments, assuaging compliance concerns
associated with the use of Al, or looking to achieve more efficient and effective compliance with applicable rules and regulations,
Al remains firmly in the spotlight. Yet efforts to mitigate the challenge of regulatory compliance when implementing Al are in
their infancy. Most attention has surrounded data readiness, model transparency, security and privacy, and Al ethical and
governance policies and frame works. Addressing these challenges invariably aids smooth operational deployment and helps
bolster user and third-party confidence. They do not, however, ensure that models and applications will be compliant with
applicable regulations. In the multi-counterparty derivatives and collateral domain, the potential of Al is significant—provided the
risks associated with its integration are managed appropriately. The combined use of Al, open-source natural language processing
tools, do- main knowledge and experience of Al in the financial services industry enables autonomous, real-time regulatory
intelligence. Key provisions across rules and regulations developed by diverse authorities combined with imminent deadlines and
pro- jected developments signal the need for such support in at least one of these workstreams—regulatory compliance. Regulatory
Al can convert this intelligence into regulatory demand-supply articulation and auditing with respect to designated compliance
obligations. It can deliver real-time, accurate, mapped, Al- as designed, tested, and monitored by independent governance.
Autonomous compliance protects and enhances positions, defends against breaches, and supports legitimate defence and attack.
Significant associated cost reductions are expected from deploying regulatory intelligence in a compliance-as- a-service manner,
driven by scale and by more purposeful deployment of internal teams.

Trade Complianc| Reg Capita| pickScor
e Risk 1 e
C R K
T1 0.859 0.423 16.88 | 0.549
T2 0.907 0.319 12.93 | 0.514
T3 0.875 0.546 13.52 | 0.621
T4 0.858 0.582 18.88 | 0.611
T5 0.823 0.292 6.07 0.385
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Al implementation Challenges Potential in Multi-Party Finance
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Fig. 1. Al & Regulatory Compliance: Navigating Challenges & Driving Autonomous Solutions

Equation 1 — Regulatory Compliance Optimization Objective
Step 1 — Generic benefit—penalty idea
Start with a high-level scalar objective:

J = benefit — penalties

This is just the intuition: we want a single scalar that is larger when a configuration is good for us.

Step 2 — Specify the “benefit”

Let Ci be the compliance coverage (for trade i), normalized so that 0 < Ci < 1.

We scale how much we care about compliance with a positive parameter a > 0. So:
Benefiti = aCi

Step 3 — Specify the “penalties”

We have three main penalty sources:

* Regulatory risk: Ri

* Capital cost: Ki

* Operational cost: O

Each is given a positive weight:

* B > 0 for regulatory risk
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* y > 0 for capital
* § > 0 for operations
So total penalties for trade i:
Penaltiesi = BRi + yKi + 60i
Step 4 — Trade-level objective
Combine benefit and penalties for a single trade:
Ji = Benefiti — Penaltiesi
=aCi— (BRi + yKi+ 501)
=aCi— BRi—yKi— 60i
This matches the trade-level formula in the article:
Ji=aCi— BRi—yKi— 60i

Step 5 — Portfolio-level objective

For a portfolio of n trades, if we assume the total objective i3 just the sum of each trade’s contribution (additivity):
n
Jom = ZL
=1
n

= (aCi— BR; - yK; - 80;)

=1

For a portfolio of n trades, if we assume the total objective is just the sum of each trade’s contribution (additivity):
REGULATORY INTELLIGENCE

Al-driven regulatory intelligence enables autonomous compliance with IFRS, EMIR, NAIC, SOX, and emerging rules by
establishing a rigorous, evidence-based analytical framework within a structured earth observation ontology. Autonomous
compliance reduces regulatory risk, increases defence capability and scalability, and improves decision- making. Four core
principles—transparency, traceability, explainability, and interoperability—underpin these benefits. Al-driven regulatory
intelligence combines Al technology with regulatory content. The assets are applications that support compliance with multiple
regulations using a single backend. The value proposition is autonomous compliance: feeding regulatory requirements into an Al
engine with access to the necessary data enables automatic reporting, disclosure, and interactive analysis of compliance
obligations

Synthetic trade-level metrics

A. Fundamental Principles of AI-Enhanced Regulatory Intel- ligence

Al-driven regulatory intelligence requires transparent, trace- able, and explainable models, particularly for protected data.
Given its pivotal role in a regulatory context, AI/ML model governance takes precedence. Real-life implementations must
guarantee these foundational values before any contribution listed in Section 4 can be assured. Specialist business units ideally
curate regulatory data destined for Al processes. Regu- latory Al systems will certainly benefit from increased quality and
assurance of their data sources, significantly improving the reliability of Al-enhanced products based on those source data.
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Processes that provide oversight over both regulatory data and AI/ML models will ensure that the delivery of a major

asset class and multiple capabilities along the governance value chain are lifted from wishful thinking to live production- quality
processes. The prescribed requirements and approaches will be essential in significantly increasing the autonomy level of the
release calendar for a real-time multi-counterparty derivatives and collateral platform and in enabling its adaptive automation.
Consequently, risk-aware deployment, controls- related data privacy, access, and encryption can also be ef- fectively addressed.

B. Essential Components of AI-Driven Regulatory Intelligence

Autonomous compliance systems supporting Al-based regulatory intelligence share a common architecture whose essential
components address transparency, traceability, explainability, and interoperability. Data ingestion and normalization pipelines
populate model training and inference throughout the lifecycle. Transparency is achieved through clearly defined sources,
transformation rules, evidence and interpretability. Consistency and coherence within the narrative are ensured by governance
requirements. Formal modeling establishes the desired skills, inputs, and outputs of regulatory agents, assigns regulatory
ontologies, and defines taxonomies consistent with semantically interoperable data- sharing standards. These components converge
in the enabling conditions for rigorous decision making that underpins rules- based compliance. Consider the case of a multi-
counterparty derivatives and collateral platform, spanning the trade life cycle, involving multiple parties, and featuring two distinct
regulatory touch points—one during the trade life cycle and another during the collateral management process. Principal concerns
relate to transaction pricing, netting and liquidity effects, computation of performance obligations and collateral exchanges, and
transparency of associated valuation and risk measures. Major MAP disclosures and reports cover initial recognition, ongoing
assessment, and periodic confirmation of clearing and hedging requirements. Regulatory Al-driven decision-making agents
perform validations and verifications against all relevant provisions of applicable rules, onscreen checks at key decision points in
the collateral management workflows, and generation of the full set of required disclosures and reports in the requisite template
formats.

Equation 2 — Real-Time Regulatory Risk Scoring
Step 1 — Normalize each risk driver
For trade i:
Ti €[0,1]: normalized complexity
Ei € [0, 1]: normalized exposure (e.g., scaled by portfolio max)
Mi €[0,1]: normalized model risk
Di €[0,1]: data-quality deficit (0 = perfect, 1 = unusable)
Step 2 — Define weights
Choose non-negative weights wT , wE, wM , wD with
wT, wE ,wM ,wD >0, (4)
so the score stays in [0,1].
wT +wE +wM +wD =1
Step 3 — Construct a combined risk score

The natural (and standard) way to keep the risk score in \left[0,1\right] is a convex combination:
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Fig. 2. Regulatory Compliance Objective per Trade
I.  REGULATORY LANDSCAPE: IFRS, EMIR, NAIC, SOX AND EMERGING RULES

The evolving regulatory landscape has broad implications for multi-counterparty derivatives and collateral platforms and
their associated Al-driven regulatory compliance sys- tems. Achieving compliance with General Purpose Financial Statement
compliance under IFRS, including taxonomies such as the IFRS for SMEs; regulatory reporting by Supervisory Authorities
under European Market Infrastructure Regulation (EMIR); Risk Based Capital for Derivatives requirement of the National
Association of Insurance Commissioners (NAIC); and management controls and processes of Sarbanes Oxley (SOX) requires
realisation of a number of regulatory require- ments, assessments, approvals, and disclosures that should ideally incorporate
direct evidence feeds from the business system. Key expiries, priorities and inter-linkages between these primary regulatory
frameworks are summarised in the following table. IFRS prepares, and EMIR and NAIC Fund Test, Capital modelling,
Collateral Management & Display of Derivatives Data during accounting preparation window- specifications and provisions
test. Reports are commonly due 12 months after the year-end. SOX implements a joint ISO 27001/SOX. Recent trends in
supervisory enforcement actions have expanded the traditional scope of coverage. Supervised Parties are held responsible for
their own data integrity and reliability, including the output of AI that may underpin automation of controls and the
completeness of all models.

A.  Key Regulatory Challenges and Opportunities in AI Imple- mentation

Data quality underpins the accuracy, reliability, trans- parency, and fitness-for-purpose of Al outcomes. A useful distinction
highlights the different aspects of data quality required to determine whether the data is fit for its in- tended purpose. The
aspects include accuracy, completeness, consistency, currency, and uniqueness. While Al techniques can partially alleviate data
quality concerns, near-zero defect quality remains the ideal for regulatory compliance. Wherever possible, organizations should
avoid using data from outside sources. When third-party data providers are used, their data quality certification should be
monitored. The introduction of Al systems raises new regulatory challenges. Even traditional controls become harder to
implement properly. In addition, explicit recommendations about Al system characteristics or evaluation criteria are not yet in
place. Organizations should assess the risks associated with Al adoption, especially for applications related to customer-facing
processes, and develop a deployment roadmap that is cognizant of the technological, business, and regulatory challenges.
Deploying Al-enabled solutions in a manner that enhances customer experience while ensuring compliance with regulations will
be a key success factor, especially as businesses operate in an increasingly risk- sensitive ecosystem. But Al offers not just
regulatory chal- lenges. Organizations are recognizing that deploying Al can also create a strategic advantage. Even minor Al-
led changes can lead to significant gains. Automating and streamlining processes helps businesses operate more efficiently,
leading to a better customer experience and improved risk management. Understanding how Al supports customer service can
help organizations build better services. A common misconception in risk management is to treat Al solutions in a similar
manner to dedicated category 1 systems. The development of Al solutions does not end with implementation; continuous tuning,
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testing, retraining, or upgrading is required to keep the model functioning effectively.

Data Quality for Repistory Chadenges Strategh Advantages &
Al Ovtcomresy & Rk Asseviment Continous mprovemest

Fig. 3. AI’s Dual Edge: Data Quality, Regulatory Challenges & Strategic Advantages
B. Navigating Regulatory Challenges and Embracing Oppor- tunities in Al Integration

With well-structured marketing and operational risks recognized by regulators, a suitable risk awareness strategy can manage the
associated obstacles, unlock the benefits, and sustain the initial compliance investment. The primary operational challenge
associated with deploying Al technology centers around data. The risk of data breaches must be addressed through risk profile-
based privacy measures including restrictive access, anonymization and data laundering; appropriate data storage allocation,
implementing cryptographic systems, intrusion detection and prevention systems, and secure access controls. Data sources for
these controls would include the data quality metrics recommended in the previous section, fraud detection capabilities within
incoming data sources and correlation between data market prices. Al continues to create new avenues for accentuated human
frailty, notwithstanding. The life sciences sector is a potential beneficiary of predictably growing demand from extended
surveillance of past statistical anomalies in response to Al model training and QA. The rapid turnaround time and need to maintain
historical QA results are further conducive to sustaining the sectoral expansion. CARE and related bodies are therefore founding its
future regulatory oversight upon earlier experiences with major advanced persistent threats, with likely implications for direct and
indirect market access by the greater number of small and medium-sized enterprises now delivering myriad Al innovations. Al-
FinTech market entrants need to ensure structural compliance with industry demands to realise the associated market potential.

Equation 3 — Cross-Regime Obligation Mapping

Step 1 — Represent obligations and data elements

Let R be the set of regulatory regimes (IFRS, EMIR, NAIC, SOX, .. .).

For each regime r € R, let Or = {orl, . .., ormr } be its obligations.

Let D= {dl, ..., dp} be all distinct data elements (fields) available in the platform.
Step 2 — Define a binary mapping matrix

Let the platform have a finite set of data elements (fields):

D=1{dl,d2, ..., dp}

Step 3 — Build the binary mapping matrix A
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Define a matrix A € {0,1}""F with entries:
1, if data element d; is required for obligation oy

A ={
%1710, otherwise
)
So row k tells us which data fields are needed to check or satisfy obligation ok.
Step 4 — Define data-availability vector v
For a particular trade (or portfolio slice), define:
v e {0,1}7
where:
. = {1. if d; 15 present and of acceptable quality

1 0, otherwise
Step 5 — Determine whether an obligation is fully covered
We want a scalar ck that is 1 if every required data field for obligation ok is available, and 0 otherwise.

Construct:

%:I]@—Aﬁﬁ—wn

i=1
Let’s check the logic:
o If Akj = 0 (data element dj not required):
1-Akj(1—vj)=1-0=1

— factor is neutral (does not affect product).
o If Akj =1 (data element dj required):
o If vj =1 (data available & good):

1-A4kj(1-vj)=1-1-0=1
o If vj = 0 (data missing or bad):

1-Akj(l—vj)=1-1-1=0
So:
* As long as all required data elements are present, every factor equals 1 — product =1 — ck =1 (obligation covered).
« If any required data element is missing, at least one factor equals 0 — product =0 — ck = 0 (obligation not fully covered).
Collecting the coverage vector:

c=(cl,c2,...,cM)T
gives you a cross-regime view of which obligations are fully satisfied by current data.
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II. ARCHITECTURE OF AUTONOMOUS COMPLIANCE SYSTEMS

Data ingestion and normalization create trusted feeds for autonomous compliance systems. Well-governed and resilient Al systems depend
on thorough oversight of data quality, privacy, and security. Data quality is especially important for regulatory validation and real-time decision
making. Evidence- based regulatory intelligence relies on trusted, transparent, and

diligently monitored data from internal and third-party sources. Data quality metrics cover content, provenance, and integrity. Provenance tracks
data acquisition, sharing, modeling, and transformation, establishing lineage, ownership, and guaran- tees against tampering. Integrity combines
detection of traf- fic anomalies—such as bursts, missing values, or departures from established patterns in flow distributions—with validation
checks on surveillance feeds, transactional histories, and exter- nal market data. Privacy controls enforce data access restric- tions, while privilege
management preserves confidentiality within regulated institutions. Advanced encryption protects data at rest and during sharing. Anomaly
detection identifies and quarantines datasets before their use in model training or execution, risk assessment, and compliance validation under
IFRS, EMIR, NAIC, SOX, and emerging regimes. Data quality checks, anomaly detection, and surveillance feeds operate in conjunction with
established monitoring systems, signaling potential breaches as they are detected.

™ T2 T3 T4 5

Fig. 4. Real-Time Regulatory Risk Score per Trade

0.7

with a, f, 7,0 > 0.

data from multiple inputs is essential. Ingestion pipelines enable the automatic harvesting of data feeds, while the extraction, transformation, and
loading (ETL) processes involved are geared towards normalizing heterogeneous items ready for analysis. Distinct ETL pipelines are required for
fundamental data, regulatory reporting practice data, and instance data such as test data, data for supervision and This gives a system-level
traceability score.Equation 5 — Self- Updating Regulation Ingestion Model

A. Regulatory Ontologies and Semantic Interoperability

Careful specification of regulatory requirements is necessary to facilitate autonomous compliance. Ontologies for IFRS, EMIR, NAIC, SOX,
and their interconnections can be defined

oversight, compliance responses, and audit trails. Declarable, using Prote’ge’and the Web Ontology Language, supporting tradeable,
reportable, or collateralised fundamental data is verified against mandates and specifications set by regulators or standard setters,
along with a set of pre-defined trade- and collateral management-related data quality checks. The need for privacy is anticipated
while data quality targets (clincher, acceptable, tolerable) for additional data items, not covered by a monitoring body or
cheminformatics rules or governing data-quality model for complete data requirements of the regulatory chain, form the basis of
declarative Business Requirement Specifications (BRS) of business data feeds required.
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4. Equation 4 — Autonomous Evidence Traceability Function

This equation is a composite score for traceability of evidence chains (e.g., logs, provenance, linkages).

Step-by-step construction

Step 1 — Define normalized traceability dimensions

For any evidence chain, define:

* gcomp € [0,1]: completeness (are all steps logged?)

* gdepth € [0,1]: granularity (how fine-grained are the records?)

* grec € [0,1]: recency (are logs up-to-date?)

* glink € [0,1]: linkage quality (cross-system references, IDs, etc.)
Step 2 — Choose a multiplicative scoring form

They use a multiplicative form with exponents:
Pirare = qg:;m]: Qf;p;h ‘i'r};c ‘i']l.?'.uk

with a, B,y, 5> 0.
Why multiplicative?
* If any one dimension is 0 (e.g., no logs at all so gcomp = 0), then:
Pirace =0
— overall traceability is destroyed by a single fatal weakness.
« If all dimensions are 1 (perfect), then:
Pirace =1
Step 3 — Effect of exponents
The exponents control relative importance:
* larger @ — completeness more critical.
* larger y — recency more critical, etc.
We can see this by taking logs:
InPtrace = alngcomp + Blngdepth + yIngrec + dInglink
So the exponents act as linear weights in log-space.
Step 4 — Aggregation across processes

For many processes m =1, ..., L, average:
L
_ 1
Ptraoe = E Ptrav:e,m
=1
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to get a system-level traceability score.

semantic queries and model checking. An unambiguous record of regulatory compliance is essential not only for auditability, but also for low-
level automatic verification against simple regulatory rules (e.g. that minimum required collateral levels are satisfied) and high-level automatic
verification of more complex rules. An effective approach captures regulatory requirements in a formal language so that compliance can be
automatically assessed. Formal representations for IFRS, EMIR, NAIC, and SOX have been developed to enable re- lated capability, and similar
specifications for other regulatory frameworks will be required for any autonomous compliance system operating within an environment that is
subject to their jurisdiction. Demand for these formal representations is underscored by the growing expectation that regulatory compliance
will be certified through rigorous automatic check- ing rather than by periodic external audits. In the context of regulatory compliance, the formal
representation adopted is an ontology— a concrete specification of a specific domain using the Web Ontology Language (OWL). The choice of
OWL enables support for ontology engineering tools such as Prote’ge’, as well as populations of the ontology in Resource Descrip- tion Framework
(RDF) format and automatic reasoning and verification through the Java-based reasoners distributed with the OWLAPI. OWL ontologies
comprise a combination of vocabulary and constraints. The vocabulary supports semantic queries to RDF datasets pulled together from disparate
sources into a consolidated RDF store for regulatory compliance support; combined with the constraints, it also enables model checking and other
forms of automatic reasoning in order to identify violations of the represented rules and certifications of compliance with expressed conditions.

Multi-Counteparity Platforms Regulation & Automation
& Uifecycle
Centralization Trend Regulatory Toechpoints
- - - M " (]
* ’ 3L ey L
b - 4 tall v ot
Operational Lifecycle artetes L v
Automated Collaeral Management

Fig. 5. Derivatives & Collateral Platforms: Centralization, Regulation & Automation
I MULTI-COUNTERPARTY DERIVATIVES AND
COLLATERAL PLATFORMS: OPERATIONAL CONTEXT

Multi-counterparty derivatives and collateral platforms re- flect the growing trend toward centralization of capital mar- ket activities. Multi-
party transactions cover default risk through intermediaries or clearing-houses and counterparty risk through collateral escrow managed by a
custodian. A typ- ical operational life cycle for derivatives trades identifies asset class specialist knowledge, risk management and mitigation
processes, execution, and post-trade lifecycle. Rules from the International Financial Reporting Standards (IFRS), European Market Infrastructure
Regulation (EMIR), North American Insurance Core Principles (NAIC) and Sarbanes-Oxley Act (SOX) create a host of regulatory touchpoints
along the trade life cycle, but only the business outcome matters—supporting economic substance over form. Collateral management is a classic
example of an automated decision-making process that may reside inside an operational platform external to the legal parties. Regulatory
obligations remain even if compliance is not a primary design goal or responsibility. Rules require external disclosures to supervisory authorities
and market information users. Bulk data sets underpin periodic reports to a wide variety of authorities on all capital market transactions.

A. Trade Life Cycle and Regulatory Touchpoints
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Real-Time AI-Driven Regulatory Intelligence for Multi- Counterparty Derivatives and Collateral Platforms enables autonomous compliance under
IFRS, EMIR, NAIC, SOX, and emerging regulations through rigorous, evidence-based analysis and formal structure. The trade life cycle for multi-
counterparty derivatives typically involves a set of cross-organizational functional areas within the service infrastructure; a summary diagram is
provided as Figure 1. Trade initiation can occur in an Exchange System or Order Management System (execution venue) or in a Desktop Tool
(spontaneous trade); either type of trade-in is captured and used to trigger a Trade Data Capture action. Trade confirmations in the various trade
counterparty systems may be assessed in combination with the input from external confirmation repositories, and either Digital Ledger Technology
or multi-Counterparty Cleared Processing keeps ongoing data in a state of prepared and agreed regulatory reconciliation. At least one Collateral
Management Action touches a Key Regulatory Touchpoint in the Trade Life Cycle: the regulatory reporting of the collateral movements. Completion
of the Trade Life Cycle typically has no regulatory impact but ends the functional area. These trade life-cycle functions have major operational
touchpoints for the IFRS accounting treatment, EMIR regulatory obligations, NAIC insurance company asset valuation, SOX requirements, and other
emerging rules. The first level of mapping to regulatory obligations is presented in Table 1, where the first phase of collateral management has been
completed by a Counterparty clearing agent without needed Swap Data Repository reporting.

5. Equation 5 — Self-Updating Regulation Ingestion Model
This models how “up-to-date” your regulation knowledge base is as rules change and as you update your system.
Step-by-step derivation
Let:
* U(t) € [0,1]: fraction of applicable rules correctly captured and up-to-date at time t.
o U(t) = 1: fully up-to-date
o U(t) < 1: there are gaps.
Assume:
* New or changed rules appear at rate Anew(t).
* When you update, you close the gap (1 — U) at effectiveness rate nAnew(t) (where n € (0,1] is an “update efficiency” factor).
» Knowledge “decays” or becomes stale at rate uU(t).
Step 1 — Write the differential equation
Rate of increase in U(t) from updates:

increase = nAnew(t)(1 — U(t))
Rate of decrease (decay/staleness):

decrease = uU(t)

Thus overall:

dU(t)
dt

= N (E)(1 — U(2)) — pU(L)

which is the equation in the paper.
For closed-form solution they consider constant Anew(t) = A.
Step 2 — Rewrite with constant A

Then the ODE becomes:
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al
— =qill - U) — ul
Framk ( )—u
Expand:
dly
a5 = M AU —ulU =nd — (4 + 1)U

So:
dU+ A+ U =ni
s mi+m)U=n

This is a linear first-order ODE.
Step 3 — Solve the ODE

Standard solution for:

alr U=5
dt+a =

with constants a=nA+ u >0, b =nl:
1. Homogeneous solution (b = 0):
Uh (t)=Ce—at
2. Particular solution: constant Up with dUp/dt = 0.

Plug in:

So general solution:

nd
U(t) = Up + Ce™ = + CemmA+uit
() =Up mta
Use initial condition U(0) = U0:
ni nd
= +tC=C=U———
° nitap " omitp

Thus:

Ut) = U, + (U, — U_)e~ M+t
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where
__m
S pdtp

is the steady-state level, exactly as stated.
Related graph (U(t) over time)
Using example parameters (n = 0.8, 1 =0.3, u=0.1, U0 = 0.3) I plotted:

A. Collateral Management and Disclosure Obligations

The management of collateral associated with OTC deriva- tives plays a crucial role in reducing counterparty credit risk and ensuring
regulatory compliance. When executing new trades, the counterparties must assess the credit risk exposure against each other as specified in
the master agreement and select appropriate collateralization terms based on the lat- est margin requirement estimates. Collateral-
determining and collateral-cancellation events are also triggered throughout the trade life cycle and should be managed by the collateral
workflow. Automating the dissemination of collateral calls and the processing of collateral movements ultimately helps reduce operational
risk. Besides these operational benefits, the automated adherence to regulatory margin requirements helps avoid substantial penalties. The
required disclosures related to excess collateral (collateral supplied but not received) and the corresponding counterparty credit risk are
affected by EMIR and IFRS. Excess collateral to one counterparty represents credit risk to the other party, and thus the total position of the
group must be disclosed (including any exemption thresholds).

L DATA QUALITY, PRIVACY, AND SECURITY IN REGULATORY AI

Proposed data quality metrics for Al-driven regulatory intelligence distinguish between data used for model training and inference, emphasize the
importance of source data for inference, and introduce provenance and integrity checks for system-understanding. Privacy and access-control
mechanisms secure sensitive data, with guidelines for regulated entities, while encryption and anomaly detection enhance security. Explicit links
between Al-driven regulatory intelligence and supervisory compliance regimes are provided to support risk-aware implementation. Data quality
plays a critical role in Al when systems are to inform decision-making in support of regulatory compliance. For training purposes, models are capable
of learning from incomplete or inaccurate feeds — provided that an adequate learning strategy has been established — but the data feeding the
deployed model must be accurate, up-to-date, and comprehensive for effective operation. Therefore, artificial intelligence and machine- learning
models should apply the following data-quality rules:

1. For a given information requirement supporting compliance with regulatory requirements, quality control checks must ensure that the latest
available information has been ingested, extracted, transformed, and loaded into the regulatory feed.

2. Any information ingested to meet a regulatory requirement should be tested for accuracy (against an underlying data governance policy),
timeliness (comparing with a set of pre- defined benchmarks for stability), completeness (availability of all input information specified), and integrity
(ensuring no unauthorised changes within the confidence window).

6. Equation 6 — Violation Escalation Probability

This models the probability of at least one “escalated issue” given a number of unresolved alerts N.

Step-by-step derivation

Step 1 — Assume Poisson escalation process

Let:

* X: number of escalated issues in a time window

* Conditioned on having N unresolved alerts, assume:

X ~ Poisson(AN)

where 4 is the expected number of escalations per alert in the chosen window (e.g., per day).
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Step 2 — Use Poisson formula
The Poisson probability of exactly k events is:
P(X =k)=(AN)k e-AN
k!
Step 3 — Probability of zero escalations
For k=0:
P(X =0)=(AN)0Oe—AN
0! =e—AN
(as shown explicitly in the article).
Step 4 — Probability of at least one escalation
We want:
Pesc(N)=P(X>1)
Use complement rule:
Pesc(N)=1-P(X=0)=1—-e-AN
This is the final expression in the paper.
Related graph
Using A =0.05and N =0,1, ... ,100, I plotted:
* Violation Escalation Probability vs Alert Count —
This shows the classic S-shaped Poisson complement curve:
* For small N, probability grows roughly linearly.
* As N becomes large, Pesc(N) approaches 1
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Fig. 6. Violation Escalation Probability vs Alert Count
Therefore the probability of at least one escalation is:
Pesc(N)=1-P(X =0)=1—-* (15)
A. Ensuring Integrity: Strategies for Data Quality, Privacy, and Security in Regulatory Al

Sustainable accomplishment of autonomous compliance is dependent on the quality, privacy, and security of the relevant data. Data quality
demands assessment through regulatory- specified or user-defined data quality metrics, combined with a proven path from the incoming
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source of truth to its even- tual consumption by regulatory engines. Provenance should be enriched with integrity-check mechanisms to detect
and respond to manipulation. Data privacy recognizes that sensitive information may be present in regulatory feeds: robust access control,
encryption, and anomaly detection are the primary mitigation approaches. Security goes beyond privacy, address- ing also the intentional
introduction of errors or omissions that could impair readiness for audit, reviews, and enforcement. Data quality is a critical aspect of any
machine-learning or Al-based implementation. In Al deployments for regulatory purposes, the available data are driven by the requirements
of the regulations governing the firm (and its clients). Because these requirements form the basis for satisfying the principles of transparency,
traceability, and explainability, a compliance assurance function can impose data quality metrics based on user-defined or pre-specified
criteria. The data, provenance, and integrity assessments of these metrics build confidence in the successful regulatory-truthing of the decisions
made by the deployed tools, and reduce risk exposure.

B. Safeguarding Compliance: Best Practices for Data Quality, Privacy, and Security in Regulatory Al

Data quality, privacy, and security are paramount for reg- ulatory Al applications. The integrity and provenance of regulatory data feeds
should be ensured and monitored. Ap- propriate encryption, access control, and anomaly-detection mechanisms should be implemented for
data repositories, user directories, and model lifecycle management systems sup- porting autonomous compliance. These measures protect the
confidentiality and integrity of these systems while supporting compliance with relevant regulations. Quality metrics should be established for
regulatory data feeds and associated prove- nance records processed by autonomous compliance systems. Integrity mechanisms should be in
place to detect uninten- tional data corruption as well as intentional or malicious data manipulation. Privacy is naturally enforced as
sensitive customer information needed for regulatory reporting is not passed to large language model (LLM) APIs. Access control mechanisms
built into the LLM application platform restrict access to trained models to selected user groups, preventing disclosure of the models’ inner
workings. The description of prompt-processing rules maintained by the platform owner creates residual privacy protection for LLM
applications about the hidden prompts fed to underlying API services. Ser- vice providers hosting the models’ supporting systems can
monitor data repositories containing users’ natural-language interpretations of prompt-processing instructions, which can be enriched with
encryption and access control mechanisms to further increase the protection of these confidentiality-relevant data records. Anomaly-detection
systems check user direc- tories containing records of users’ natural-language-triggered requests and trapdoor-triggered requests for abnormal
access patterns. Such eavesdropping mechanisms can help determine whether advanced persistent threat (APT) groups are gaining or have
gained access to privileged user accounts and therefore to hidden prompts.

III. ConcLUSION

Research shows that Real-Time Al-Driven Regulatory In- telligence for Multi-Counterparty Derivatives and Collateral Platforms enables
autonomous compliance under IFRS, EMIR, NAIC, SOX, and emerging regulations by establishing rigor- ous, evidence-based analysis and
developing a formal structure and method to make that information more readily traceable, explainable, and interoperable across the relevant
regulatory landscape. Demand-side deployments provide valuable per- spective that informs those concepts. Transparency, trace- ability,
explainability, and interoperability together serve to navigate Al’s inherent regulatory hurdles and capitalize on the opportunities that adoption
creates. Real-time Al-driven regu- latory intelligence enables autonomous compliance for multi- counterparty derivatives and collateral platforms
by identifying key provisions of IFRS, EMIR, NAIC, SOX, and emerging regulations, mapping them against available regulatory feeds, and
synthesizing them into a comprehensive set of require- ments. Major deadlines, areas of regulatory focus, and trends in enforcement strengthen
formal outside-in surveillance func- tions, while supervisory review and assurance provide a valu- able lens for business-as-usual activities.
Addressing these aspects leads to a set of risk-aware implementation guidelines for Al-powered solutions.

A. Summary of Key Insights and Future Directions

The analysis of IFRS, European Market Infrastructure Reg- ulation (EMIR), National Association of Insurance Commis- sioners (NAIC)
guidelines, Sarbanes-Oxley (SOX), and vari ous international standards reveals that, as of October 2023, there is no prohibition against the use
of Artificial Intelligence (AI). Nevertheless, regulators are increasingly focusing on the risk and governance of Al applied in regulated sectors.
The enforcement activity has so far been limited, but organizations that do not manage their Al programs according to the relevant guidelines
expose themselves to the risk of costly non-compliance. A number of best practices for Al deploy- ment are emerging, including the
establishment of appropriate governance controls proportionate to the deployment risk and Al assurance throughout the development life cycle,
from data collection and organization to model training, validation, and operational deployment. Although most of these best practices are
applicable to Al implementation in general, the AI that enables autonomous compliance with IFRS, EMIR, NAIC rules, SOX, and the
associated emerging regulations presents additional regulatory requirements that concern the quality of the data that feed the Al systems,
above all the methods that generate the training data. Addressing these requirements offers an opportunity to not only mitigate the
corresponding regulatory risks but also enhance confidence in the Al systems without the need for specific ethical considerations. The imple-
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mentation of robust controls to ensure data quality and prevent model drift can thus be seen as a business enabler rather than an obstacle. The
deployment of Al in the context of multi- counterparty derivatives and collateral management systems requires special care because such
solutions are fed by data originating from several counterparties and different regulatory jurisdictions, putting pressure on the quality assurance
of both the data and the models.

Regulatory Frameworks Covered

Emerging Regulations

ras NAC

EMIR

Fig. 7. Regulatory Frameworks Covered
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