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ABSTRACT 

Global manufacturing enterprises often negotiate and manage numerous derivative and collateral agreements 

with several counterparties. However, there has been limited consideration of AI-supported systems for 

orchestrating these transactions across parties in public cloud environments. The research objective is to 

demonstrate constitutive elements of an enterprise-wide cloud-native orchestration system for derivatives and 

collateral across multiple counterparties, supported by a federated network of AI-assisted financial audit 

engines, within a specified research framework. Derivatives- and collateral-related data are identified and 

classified, enabling the definition of the data lineage, schema, and standards required by the orchestration 

system. Expression of data semantics and content for counterparties is addressed with reference to web services 

and cloud-based data lakes. In parallel, an automated risk-scoring AI engine capable of detecting patterns and 

anomalous derivatives structures configures legitimate regions of the derivatives parameters space, which are 

adopted as input to the final engine performing pattern-matching and knowledge-assisted risk-scoring and/or 

decision-support assessments for bank partnering and hedge-derivative counterparties. Effective cloud-native 

centre-periphery interactive orchestration is achieved among cloud-based AI assistants managing derivatives–

collateral business across multiple manufacturing enterprises and their financial-contracting supply-chain 

counterparties. The proposed design is a first step toward addressing multisided market systems in the 

manufacturing enterprise sector. 
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1. INTRODUCTION

Research on derivatives usage has expanded to include banks and other financial institutions 

as demand-side participants in multi-counterparty, multi-jurisdictional contracts, for which payoff 

structures greatly differ from those of simpler, risk management-oriented swaps. Besides actual 

payoffs, minimisation of all-in transaction costs over the life of the contract is identified as the second 

key optimisation objective; it includes minimisation of the costs of supporting secondary collateral, 

particularly swap collateral exchange, lending, and borrowing. These two minimisation frameworks 

must be implemented simultaneously to determine the final set of payoffs, the net present values of all 

four or five parties concerned, and the actual collateral outflows, as well as the impact of a fixed 

negative credit charge. 

 

Considerable momentum has been directed towards machine learning-based methods of 

financial structuring, including derivatives pricing, risk management, and portfolio pricing, combined 

with state-of-the-art reinforcement learning (RL) techniques. A central concern has been the usage of 

RL techniques for financial decision-making and related real-world applications. Potential 

enhancements to cloud-native masters of digital transformation in trade facilitation, risk management, 

or financing have also been noted, achieved by integrating intelligent audit engines based on RL 

techniques to learn patterns from historical trade, structure, risk, and master database records. 

Manufacturers are currently the main enablers of these patterns, and audit engine patterns are expected 

to be modelled by others in the future. 

 

1.1. Overview and Objectives 

Research in cloud-native orchestration of multi-party finance in manufacturing enterprises via 

AI-assisted engines serves two key objectives. First, it explores the orchestration of derivatives and 

collateral across multiple counterparties within electric system supply chains and other complex 

environments where production processes can be modelled as service-oriented architectures. Second, 

it proposes a holistic, technology-assisted governance, risk, and compliance framework that allows 

financial impact assessments to be conducted in a structured manner using combination scenarios and 

Artificial Intelligence within each audit cycle. 

 

Manufacturing enterprises frequently source components and services from multiple parties to 

maximise efficiency. However, security of supply is crucial; therefore industry standards and market 

mechanisms related to electrical systems often require suppliers to guarantee delivery to at least one, 

and preferably all, of their customers throughout the entire contract period. Such guarantees, generally 

referred to as financial collateral, can take various forms, Certificates of Deposit being one of the most 

common. When executing such multi-party contracts, Manufacturing Enterprises often enter into 

credit default swaps (CDS) with different counterparties in parallel. The need for the Manufacturing 

Enterprise to offer derivatives of a similar type to each counterparty creates the opportunity for flow 

net settlements, which can minimise the operational risk associated with this multi-party service 

provisioning context. Flow net settlements that cannot be achieved on an outright basis introduce the 
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possibility of cross-party netting arrangements. Therefore, derivatives and collateral management of 

all parties involved need to be orchestrated throughout the complete life cycle—obviously including 

audits that assess compliance with the financial impact of the underlying production processes. 

 

 
Fig 1 - Cloud-Native Orchestration of Multi-Party Finance: An AI-Assisted Framework for Derivatives, 

Collateral, and Cross-Party Netting in Manufacturing Supply Chains 

 

2. BACKGROUND AND MOTIVATION 

Manufacturers must actively manage financial instruments with multiple trading partners—

especially derivatives and related collateral. Such cross-party positions are often large, reflect the 

aggregate risk taken with each counterparty, and involve inter-related asset and liability flows. The 

scale and nature of these instruments warrant separate attention because the risks associated with 

deficiencies in funding, management, or reporting can be high. Inefficiencies such as funding excess 

collateral or deficiencies at the same time with the same party can easily be avoided and substantial 

savings secured. Furthermore, as history shows, systemic failures that could have been avoided 

frequently arise due to imbalances in these instruments. 

 

The consequences of realising such evident savings are further amplified on the proof side by 

the rapidly deteriorating position of some counterparties. The enhanced risk associated with a breach 

of the contract terms or a default by the counterparty in a cross-party structure compellingly warrants 

more frequent cross-party balance validation and related collateral management. Differences in the 

underlying risks may also justify a more finely differentiated treatment. The different risk levels 

associated with various ways of recording a group of inter-connected derivative trades lead to different 

prudent credit valuation adjustments (CVA) for the same position, reflecting real differences in risk. 

Regulators consequently require scrutiny of derivatives not only at the level of a single counterparty 

but also on a consolidated basis. Banks, for instance, are called upon by their supervisors to manage 

their exposures to more risky borrowers more tightly. Enhanced efficiency, reduced risk, and improved 

compliance thus provide a compelling business case for enterprises to actively manage their 

derivatives and related collateral with multiple counterparties simultaneously and on a cross-party 

basis—especially, though not exclusively, in the current turbulent environment. 
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2.1. Derivatives and Collateral in Manufacturing Enterprises 

The efficient management of finances and cash flows is critical for manufacturing and large 

production enterprises. Therefore, financial relations with multiple counterparties are managed 

through cross-party derivatives and collateral agreements. Cross-party derivatives relating to money-

market-like functions aim to reduce and synchronise cash flows without incurring counterparty credit 

risk, while cross-party collateral arrangements aim to secure underlying contracts and potentially 

reduce the cost of funds with extra collateral. The implementation of profitability or risk-based residual 

collateral and margining rules increases the overall efficiency of enterprise finances, but requires close 

attention from treasury teams across all counterparties. Such attention can be reduced through a more 

automated process and regular reconciliations. From a risk-control perspective, collateral positions can 

be treated as a second-level service, provided they comply with the regulatory and contractual 

requirements of the counterparties involved. 

 

Cross-conducted accounting audits provide an effective method for counterparty risk 

management. However, current practices remain manual and subjective, hindering efficiency, 

objectivity, and predictability. The adoption of AI-enhanced audit engines can assist in addressing 

these challenges by providing efficient pattern recognition, risk scoring, and support for decision-

making in audit processes. Such an approach enhances both the auditing quality and the audit-related 

service level provided to counterparties, making it suitable for systems with multi-party derivative 

contracts and collateral-management agreements. 

 

 
Fig 2 - Net Derivative Exposure by Counterparty 

 

Equation 1: Multi-Counterparty Exposure Aggregation 

Step-by-step derivation 

Step 1: Define exposure per counterparty 

Let the enterprise’s (net) derivative exposure to counterparty 𝑗 be: 

𝐸𝑗 

(“net derivative exposure to counterparty 𝑗” and 𝑀 is the number of counterparties). 
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Step 2: Define total exposure as the portfolio aggregate 

If total exposure is the sum of exposures across all counterparties, then by definition of aggregation: 

𝐸𝑡𝑜𝑡𝑎𝑙 = 𝐸1 + 𝐸2 +⋯+𝐸𝑀 

 

Step 3: Write using summation notation 

Compactly: 

𝐸𝑡𝑜𝑡𝑎𝑙 =∑

𝑀

𝑗=1

𝐸𝑗 

 

3. SYSTEM ARCHITECTURE 

The proposed system consists of a cloud-native architecture that orchestrates a distributed 

multi-counterparty network of financial institutions, companies, and their support ecosystems. Its 

components, internal data flow, and external integration points for connecting to third-party systems 

across different organizations are represented. The orchestration platform coordinates the approval 

and maintenance of multi-counterparty collaterals for a particular derivative deal, the support needed 

to set it up, the accumulation of postings and receipts that cover both transaction and default risk, and 

the multi-counterparty settlement of the contract. 

 

Orchestration of counterparty risk is required not only across funding providers but also across 

other derivatives positions that multiple manufacturers may have with the same banks and financial 

institutions providing these derivative products since the critical mass of derivatives with a particular 

counterparty can have a huge influence on the swap rate charged. The joint use of an agent and broker 

structure that perfectly fits with the Cloud-Native paradigm closes the installation to orchestration of 

collateral with third parties not participating in the COP. Consequently, third parties may be banks, 

custodians, insurance agencies, or even tax authorities that accept a real burden on the business of these 

corporations through the company single financial source. 

 

3.1. Cloud-Native Orchestration Layer 

The orchestration layer serves as a cloud-native application that acts as a catalyst in every cross-

party derivative transaction and collateral pledge led by any party in a manufacturing enterprise 

network. Besides tracking its own obligations during transaction negotiation, it also ensures 

compliance by all participating parties. Data for all managed derivatives and pledged collateral, 

including any market collateral received, are structured according to relevant standards and provide 

the basis for an interactive data-management engine that guarantees interoperability. Instead of bulk 

publishing all requirement data for all supported parties, the directed data flow extracts only the 

necessary subset of data from the cloud for each derivative or collateral transaction. This reduces 

resource usage and enhances performance. The status of the online interactive engine can be reported 

back to the orchestration layer once every pre-defined interval. 
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Enterprises constantly strive to obtain loan and lease financing for working capital from banks 

and other financial institutions, receiving a large number of cash–cash derivatives of different 

maturities. To mitigate counterparty default risk during the life cycle of the derivatives, banks require 

enterprises to what manage the collateral pledges. In addition, Cycles, personalized product design, 

and fast response to end-user demand changes at manufacturing enterprises have shortened product 

life cycles and increased the demand for enterprise capital. To share the cost, business model 

innovation has become the strategic focus of many enterprises. Business model innovation involving 

multiple parties such as joint ventures, venture factories, and partnership networks needs to manage 

business contracts on the Internet, which produce a tremendous number of cash–cash or cash–asset 

derivatives of different maturities among the parties. Risk management and monitoring of project 

budget loopholes require managing the monitoring budget spent by various parties on the joint project. 

 

4. DATA ARCHITECTURE AND INTEROPERABILITY 

The data architecture defines the data lineage for counterparty derivatives and collateral within the 

manufacturing community as well as across inter-company networks. Derivatives, collateral, and 

associated governance and audit data must follow a standard structure that is then mapped to a specific 

schema for digital persistence. This enables all data to be properly validated and semantically 

processed while allowing automated data generation and system extensibility. To achieve these aims, 

the data architecture specifies: 

 Schema definitions for simulated, monitored, and audited data within the audit system. 

 Mechanisms for translating auditor patterns, decisions, and findings into these schemas for 

persistence and sharing. 

 The APIs, transformations, and governance structures required for exchanging data with other 

systems. 

 Support for zero-knowledge proof technology to publish proofs of AI engine inferences while 

hiding underlying business data. 

 

 
Fig 3 - Securing Financial Lineage: A Zero-Knowledge Data Architecture for Automated Auditing of Multi-

Party Derivatives and Collateral 
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With respect to cross-company bipartite derivatives and collateral, data interoperability is 

ensured via the use of a network-based data model with a transaction-oriented approach. The former 

guarantees that all concerned auditors and regulators can access reports pertaining to derivatives and 

collateral, while the latter allows the contents of each OTC trade to be fully specified without requiring 

additional JSON or XML schema definitions. 

 

4.1. Data Models for Derivatives and Collateral 

Data lineage, standards, schemas, and interoperability mechanisms must suffice for the cloud-

native orchestration of cross-party derivatives and collateral in manufacturing enterprises. Derivative 

instruments and collateral securities record contracts forming multi-counterparty derivatives and 

collateral. Inefficiencies arise when derivatives, such as a naked equity swap, pay settlements in non-

cash security forms, incurring counterparty credit risk. The naked equity swap contract becomes 

redundant to the settlement process and requires clear demarcation in formative data models. 

 

Within the manufacturing supply chain, sectoral counterparts gain financial independence 

through product design and build; therefore, decisions become more disparate from industry 

administration. The financial products used to manage composite stakeholder chains behave similarly 

to sector-specific insurance products. However, existing data models, definitions, and audit engines 

are insufficient for cross-party derivatives and collateral orchestration. 

 

Enterprise resources are efficiently reported as income via revenue and as costs through 

expense; these data elements serve as inputs to counterparty environments that monitor governance, 

risk, and compliance. Although primary partnering is the usual process, contemporaneous monitoring 

and mutual appraisal of counterparty parent holding companies create a synthetic global production 

base that artificially appraises demand patterns. A Credit Valuation Adjustment (CVA) structure 

linked to the net exposure curve generates alternative prototype risk-premium-based insurance 

products, enabling supply-chain financing of product design and build. 

 

5. GOVERNANCE, RISK, AND COMPLIANCE 

Governance, risk, and compliance requirements for the derivatives and collateral management 

of manufacturing enterprises engaged in multi-party, multi-jurisdiction financing, accounting, and 

auditing need to be specified. Such management is an integrated part of the overall financial 

management of the enterprise because, on the one hand, it involves payment of cash and collateral, 

while on the other, it could involve the preparation of a completely new set of financial statements that 

are subject to an independent audit. These requirements stipulate that aspects of governance structure 

and organizational signature powers associated with the management of derivatives, collateral, and 

any other cross-party transactions need to be clearly identified; controls around processes that have 

been outsourced to external parties should be highlighted; and any regulatory risks arising from the 

counterparties’ jurisdiction or the enterprise’s own jurisdiction should be defined and managed. 
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The range of data transactions, encompassing derivatives disclosures, collateral management, 

and cash-flow statements, that are either externally audited or submitted to regulators also need to be 

identified and scored for risk, which could determine the level of assurance that internal audit must 

provide before the external party—the auditor or regulator—performs its independent audit or review. 

Risk-scoring methods and warning templates assist in providing rapid guidance to the Governance, 

risk, and compliance (GRC) process and are therefore an important enabler. 

 

 
Fig 4 - Collateral Posted by Counterparty 

 

Equation 2: Collateral Sufficiency Ratio 

Step-by-step derivation 

Step 1: Define totals 

Let: 

● 𝐶𝑝𝑜𝑠𝑡𝑒𝑑 = total collateral posted across counterparties 

● 𝐸𝑡𝑜𝑡𝑎𝑙 = total exposure (from Eq. 1) 

 

Step 2: “Sufficiency” as coverage 

A natural way to measure whether collateral is sufficient is “how much collateral covers how much 

exposure.” That’s a ratio: 

𝐶𝑟𝑎𝑡𝑖𝑜 =
𝐶𝑝𝑜𝑠𝑡𝑒𝑑
𝐸𝑡𝑜𝑡𝑎𝑙

 

 

Step 3: Expand 𝐸𝑡𝑜𝑡𝑎𝑙 if desired 

Substitute Eq. 1: 

𝐶𝑟𝑎𝑡𝑖𝑜 =
𝐶𝑝𝑜𝑠𝑡𝑒𝑑
∑𝑀𝑗=1 𝐸𝑗

 

 

Interpretation 

 𝐶𝑟𝑎𝑡𝑖𝑜 > 1: collateral exceeds exposure (over-collateralized) 

 𝐶𝑟𝑎𝑡𝑖𝑜 ≈ 1: roughly covered 
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 𝐶𝑟𝑎𝑡𝑖𝑜 < 1: under-collateralized 

 

 

5.1. Regulatory Landscape 

To support the management of derivatives and collateral, the regulatory environment across 

parties must be articulated: jurisdiction-specific requirements for each party as derivative obli­gation 

and collateral-provider are identified and consolidated into a compliance matrix for the contract and 

portfolio as a whole. 

 

With respect to derivatives, legitimacy is determined with reference to local trading, clearing, 

and trade-reporting mandates; tax and commercial law considerations; and any special category of 

recognised transaction. For collateral manage­ment, the obligations of the counterparties with respect 

to the collateral posted for each transaction, all applicable enforceability and perfection require­ments, 

the substantive law governing the collateral agreement and any need for the collateral to be pledged 

or hypothecated must be address­ed, especially if any counterparty is located in a Special Resolution 

Regime jurisdiction. The product supervision mandates of relevant financial services regulators must 

be taken into account, including whether the governing law of a transaction or the location of a 

counterparty causes the transaction to fall within a financial services regulator’s special area of 

vigilance, either specifically or due to quanti­ tative metrics. For example, European commodities 

regulators may restrict a counterparty’s ability to net OTC derivatives, and other regulatory agencies 

are allowed to prevent transactions between partners whose dealings may severely disrupt market 

integrity. 

 

6. AI TECHNIQUES FOR AUDIT ENGINES 

Audit engines feature an ensemble of AI techniques tailored to their various functions. 

Financial data and derivative/collateral transaction patterns from a wider set of companies and 

industries underpin training, tuning, and reinforcement learning, complemented by information from 

AI digital twins. 

 

In principle, any risk-based scoring engine could be used to determine risk appetites, risk levels, 

and credit-enhanced costs across counterparties. Indeed, specialized risk-scoring models could be 

developed using balance sheet Statement and Cash Flow data relative to country/industry/size 

patterns to derive scores for each attribute, even with limited data availability. Beyond static scoring, 

supervised learning GPT models could provide a more dynamically responsive view of a 

counterparty’s risk appetites, risk levels, and cost of credit enhancement, complementing a credit 

spread. 

 

With established patterns defining a broad risk-scoring landscape, unsupervised machine AI 

classifiers could then identify deviations, extreme positions deserving scrutiny, and combinations 

warranting a deeper dive. Using the property of constituency for Masked Generative Transformers, 

these identified deviations could serve as key input for pattern completion in supervised Transformer 
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model families. The output from the supervised transformer model could, in turn, set up nodes for 

further classification from Risk & Control Checklists or subject matter experts. 

 
Fig 5 - Baseline and AI-Adjusted Valuation by Counterparty 

 

Equation 3: AI-Assisted Valuation Adjustment 

Step-by-step derivation 

Step 1: Start with baseline valuation 

et the baseline valuation of the derivative (or net position) for counterparty 𝑗 be: 

𝑉𝑗 

 

Step 2: Define an AI audit correction 

Let the AI audit engine produce an additive correction: 

𝛥𝑉𝑗
𝑎𝑢𝑑𝑖𝑡 

 

Step 3: Add correction to baseline 

If the audit engine adjustment is additive, the corrected valuation is: 

𝑉𝑗
𝐴𝐼 = 𝑉𝑗 + 𝛥𝑉𝑗

𝑎𝑢𝑑𝑖𝑡 

 

6.1. Anomaly Detection and Fraud Prevention 

The research identifies multiple underlying causes of corporate fraud through the extraction of 

hidden patterns in successful, failed, defrauded, and non-defrauded enterprises and detects their 

occurrence and abnormal combinations in other enterprises. These patterns are used as criteria to assess 

the commonalty or uniqueness of each enterprise. An enterprise with common patterns is relatively 

safe, while one that lacks them can be considered at risk. An enterprise with an abnormal pattern can 

be deemed at risk, and serious attention should be paid to one with a combination of serious or 

numerous abnormal patterns. A cloud-assisted fraud-detecting system based on this method can be 

used to monitor a number of companies, including suppliers, customers, or other organizations. The 

system may apply a company’s fraud risk factors to its customers’ companies and warn the company 

if these customers possess fraud risk factors. Companies that receive the warning may follow up from 

their end. 
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Explanations of possible vendors, product quality, and market success can be added to the 

monitoring dashboard or somehow related to fraud risk detection to enrich business intelligence 

similar to the credit score in finance. Furthermore, changes in search pattern scores or the addition of 

new pattern search criteria can supplement credit scores. Additional fields or pattern weights can be 

added for controlling or refining the dashboard by decision makers. Pattern scores for different types 

of companies, such as listed and normal companies, or companies in various industries or regions, may 

be compared. 

 

7. CONCLUSION 

Efficiency, risk mitigation, and financial integrity in the underpinning transactions of 

manufacturing enterprises are crucial. Cloud-native orchestration of multi-party derivatives and 

associated collateral management assists in achieving these goals. Interoperable data architecture and 

cross-party governance further enhance operations by aligning with the responsibility covered by 

derivative contracts. 

 

Efficiency, risk minimization, and risk compliance considerations support and contribute to the 

need for collaborative tooling for managing derivative transactions and associated collateral across 

counterparties in enterprise-financial-ecosystem networks. Cloud-native orchestration facilitates the 

automation of such collaborative tooling. In addition, business sites of enterprise groups and their 

partner ecosystem companies frequently make payments to and receive payments from the same 

partner, and, for some payments, the business responsibility can even be specified ahead of time via 

contracts. Therefore, Ai tools can be developed for the purpose of business audit and supervision. 

When cloud-native orchestration, Ai-assisted business audit, and Ai-assisted business pattern 

recognition-based audit and supervision join forces, efficiency, risk, and risk compliance are further 

enhanced, and manufacturing enterprise finance is further enriched with Ai elements. 

 

 
Fig 6 - Core Efficiency Drivers 

 

7.1. Final Thoughts and Future Directions 

Further investigations might explore cloud-native orchestration for multi-party derivatives and 

collateral in other sectors, including trade finance, energy, shipping, and logistics. Other subject areas 
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include virtual amphitheatres for immersive remote transactions involving multiple parties, the control 

of autonomous entities such as drones and driverless vehicles, and AI pattern recognition for semi-

automated approvals and decisions in eco-friendly supply networks. 

Public and private sector bodies, including banks, regulatory institutions, and business 

corporations, are beginning to consider these ideas seriously as operational imperatives to control 

financial losses, preserve the climate, and rebuild customer confidence. The cloud-native orchestration 

of derivatives and collateral, governed by a structured layer incorporating risk management and 

regulatory requirements across a multitude of parties, offers an avenue to these objectives. 

Furthermore, AI-assisted financial audit engines capable of recognising transaction patterns and risk-

scoring counterparties should provide an additional improvement in audit integrity, a further 

reduction in operational cost, and contributes towards a more desirable and sustainable transaction 

ecosystem. 
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