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Abstract 

Many aspects of derivative-processing and risk modeling systems remain poorly integrated. In 

response to this gap, an architecture is developed that ingests real-time market data, cognitive 

and generative models, and neural decision engines to provide on-the-fly pricing, P&L, 

margining, credit risk, and VaR calculations. An extension determines the level of collateral to 

allocate against potential future exposure, optimally fulfilling both central clearing and 

regulatory liquidity mandates. Data controls ensure quality and trustworthiness, while risk-aware 

deployment provisions enable a seamless integration of cognitive technology into an existing 

ecosystem. 

Rapidly changing markets and an increase in extreme events require more responsive risk 

processes. While artificial intelligence (AI) methods facilitate faster data preprocessing, 

cognitive technologies allow operational decisions to be made at the same time as bank risk 

changes. Yet, in many cases, and especially at a bank-wide level, these developments are not 

being exploited: pseudo-real-time market and credit risk numbers are still the norm. A cognitive 

AI framework that supports real-time processing of derivatives and associated risk metrics meets 

this need. 

Keywords: Real-Time Risk Modeling, Derivatives Processing Systems, AI-Driven Pricing, P&L 

Analytics, Margining Systems, Credit Risk Modeling, Value at Risk (VaR), Collateral 

Optimization, Exposure Management, Regulatory Liquidity Compliance, Market Data 

Streaming, Cognitive AI Frameworks, Neural Decision Engines, Generative Risk Models, Risk 

Data Governance, Real-Time Risk Analytics, Financial Risk Integration, Extreme Event 

Modeling, Adaptive Risk Systems, Bank-Wide Risk Management. 

1. Introduction 

The development of a Cognitive AI Framework for real-time data processing in the 

financial domain is proposed. The framework enables automating derivatives-related workflows 

with a high degree of automation, while enabling advanced Risk Integrated Systems to perform 

Risk-Aware Integration and ensure end-to-end accuracy in risk metrics. Real-time data ingestion 



 
 

and monitoring ensure that all critical business events are captured and processed with as low a 

latency as possible. The compliance of critical metrics with the latest data is ensured with 

Cognitive Reasoning for real-time derivatives processing. Core derivatives-related tasks of 

Pricing, Hedging, Margining, and Collateral Management are executed in real time. 

Domain-specific data governance measures ensure that market data coming from external 

sources is being managed, supported with sufficient quality for ingestion. In addition to the 

standard Data Quality requirements for accurate, consistent, and up-to-date data, focus is put on 

Data Lineage and Provenance to allow for detecting and tracing the origins of the data, tracking 

the lifecycle of the data throughout the workflows, and ensuring the right data is available for the 

modelling of Market Risk, Credit Risk, and Operational Risk metrics. The availability of Control 

Tests in the Risk Integrated Framework enables real-time assessment of data quality and impact 

of errant data. Risk Integrated Governance ensures that AI models are explainable, while the 

cognitive control tests ensure that fault-tolerance is provided for AI models in Risk-Aware 

Integration. 

2. Background and Motivation 

Considerable recent attention on Artificial Intelligence (AI) provides optimism for a step-

change improvement across a number of industries. Such progress has the potential to boost 

productivity, improve customer experience, and re-shape the competitive landscape. 

Consequently, Financial Services institutions need to develop strategies to evaluate and 

potentially exploit these advances in parallel with ongoing digital transformation initiatives and a 

range of technology factors including Cloud, Cyber Security, Forward Engineering, and Data 

Enablement. A Cognitive AI Framework aligns with those wide-ranging technology drivers and 

provides practical applications in the context of Real-Time derivatives processing and Risk-

aware integration with Finance providers. 



 
 

 

Fig 1: A Cognitive AI Framework for Next-Generation Financial Services 

The ongoing Digital Transformation of Financial Services institutions introduces a range 

of changing data characteristics including volume, velocity, variety, veracity, and value. These 

changes increase the frequency of Valuations and associated Pricing within Treasury, Funding, 

and Risk Functions, while also introducing the Risk of Value at Risk (VaR) and other metrics 

being computed more frequently than these Valuations and Prices are updated. A Cognitive AI 

Framework provides a set of Core Principles to address these characteristics and ensure a 

Financial System remains Fit for Further Digital Purpose. 

2.1. Rationale and Significance of the Research 

The increasing interconnectedness of the financial system makes tactical investments in 

liquid instruments by the major institutional investors the only reasonable response mechanism 

to the looming risks. However, the available governance frameworks for these market-dependent 

decisions are still largely absent. Rapidly changing environments require not only real-time 

analysis of a wide range of unstructured and structured data resources, but also the capacity for 

cognitive knowledge fusion – since life-threatening events originate from highly correlated 

events in several disaster-prone regions that are beyond the scope of forecasting models. 



 
 

Moreover, institutional perspectives are not particularly prone to cognitive financing: 

cognitive capabilities are required to anticipate responses to exogenous changes of a closer or 

broader nature and to formulate a suitable cognitive investment and risk management strategy. 

Current financial market infrastructures capture market-related information only in a limited and 

fragmented manner; therefore designing cognitive responses to extreme movements in the main 

indices is very difficult within these frameworks. The large scale and installed technology set of 

Basel III relative to market risk allows it to become the de facto governing infrastructure in 

demand for any liquidity. Nevertheless, current funding cost-carry mechanisms that operate 

under Basel III market risk regimes are clearly erroneous. 

Table 1. Real-time performance interpretation 

Complexity 

level 

Throughput 

(tx/sec) 

Illustrative latency 

(ms) 
Interpretation 

1 1250 68.0 Fast, light reasoning 

2 1180 37.8 Good balance 

3 1080 22.8 Moderate reasoning depth 

4 950 15.3 Heavier model logic 

5 810 11.6 Strong controls, lower 

throughput 

6 690 9.8 Maximum reasoning depth 

3. Methodology 

Cognitive AI is a research domain at the intersection of cognitive information processing 

and artificial intelligence. Cognitive information processing is the science of intelligent systems, 

which channel the information sensed from the environment in terms of data and knowledge into 

predicting, simulating and optimising the future states of the sensed system or environment. 

Cognitive systems sense, learn, infer and act in a manner that is transparent and interpretable, 

explain their actions and decisions, and explore possibilities. Performance is evaluated along four 

axes: accuracy and interpretability of inferencing; latency and throughput in real-time or near-

real-time applications; rigorous governance embedded in the systems to support enterprise 

regulatory and business need; and compliance with legal requirements including data privacy. 



 
 

A cognitive cognitive AIf framework capable of real-time derivatives processing—

spanning pricing, hedging and related risk metrics, and delivering timely insights on collateral 

requirements and-associated credit exposure—is described. Functionality covering pricing, 

margin modelling and credit exposure prediction represents a necessary subset of the overall 

framework. Use-case-centric exploration of data requirements and system construction clarifies 

support for other derivatives-processing workflows—such as netting-set optimisation, P&L 

attribution and what-if analysis—and guides systematic, incremental deployment. 

Equation A. Real-time processing equations 

A1. Source periodicity vs processing latency 

Let 

 𝑇𝑠 = source update period 

 𝐿 = end-to-end processing latency 

For stable real-time operation, 

𝐿 < 𝑇𝑠 

A stronger engineering target is 

𝐿 ≪ 𝑇𝑠 

To express this quantitatively, define the latency ratio 

𝜌 =
𝐿

𝑇𝑠
 

Then: 

 if 𝜌 < 1, the system keeps up 

 if 𝜌 ≪ 1, the system is comfortably real-time 

 if 𝜌 ≥ 1, updates arrive faster than the system can finish processing 



 
 

A2. Throughput 

If 𝑁 transactions are completed in time interval 𝛥𝑡, throughput is 

𝛩 =
𝑁

𝛥𝑡
 

If average time per transaction is 𝜏, then approximately 

𝛩 ≈
1

𝜏
 

For 𝑚 parallel workers with efficiency 𝜂, 

𝛩𝑚 ≈ 𝜂
𝑚

𝜏
 

3.1. Core Principles of Cognitive AI 

The cognitive AI paradigm is built on three core principles. The first is model 

transparency and explainability, which are essential for building trust with business stakeholders 

and end users. Cognitive AI systems must have clear, comprehensible decision-making, 

reasoning, and inference mechanisms so business owners can understand what the system does 

and why, and data subjects can comprehend data sharing and access decisions. Model 

governance and validation processes support transparency by ensuring that models align with 

business objectives, metric definitions, and data-sharing constraints. These processes require that 

stakeholders can explain what the system is doing in business terms and that domain experts can 

validate the accuracy and soundness of model outputs and explanations. 

The second core principle is fast access to highly granular data in a semantically and 

contextually rich form. This requires the availability of real-time data ingestion pipelines and 

cognitive data-processing capabilities that provide cleansed and contextualized data for a wide 

range of business and analytical requirements. Cognitive data governance functions tailored for 

AI prepare data for downstream consumption. These data-preparation steps span the entire data 

lifecycle and consider context and usage patterns so that information is consistently interpreted 

and used across AI systems. 



 
 

 

4. Objectives of the Study 

The primary objectives of the study are to design and prototype a cognitive framework 

for automated derivatives processing and to demonstrate the potential of cognitive AI 

technologies for integrating risk-aware algorithms and workflows into a functional real-time 

financial system. A prototype for cognitive risk-aware derivatives processing is presented as a 

proof-of-concept that successfully utilizes cognitive capabilities for logical decision-making 

within critical data pipelines. Specifically, the framework ingests, reasons over, and produces 

output for derivatives-related data in real time. 

The cognitive layer is organized into a data flow structure, where custom-built operators 

leverage cognitive reasoning for key tasks associated with pricing, margining, collateral 

optimization, and liquidity monitoring. Support for derivatives processing is tested at a 

functional level and assessed relative to cognitive concept validation and the selected processing 

principles. The original contribution provides an implementation blueprint and evaluates 

cognitive capabilities in the specific context of derivatives processing while addressing the 

general theme of risk-aware integration in real-time financial systems. 



 
 

4.1. Study Aims and Research Goals 

Cognitive AI is an innovative field that combines human-like reasoning under uncertainty 

with the capacity to process enormous volumes of data in real time. Cognitive Artificial 

Intelligence (AI) is an innovative approach in which reasoning under uncertainty is blended with 

the ability to process huge amounts of real-time data. The notion has become particularly 

relevant in recent years due to the emergence of new data-processing paradigms such as data 

lakes, data mesh, data fabric, and cloud computing. It concerns not only structured data but 

unstructured data such as text, images, and videos — especially relevant today in the context of 

AI-enabled chatbots. Cognitive AI has the potential to improve capabilities in domains where 

large amounts of structured and unstructured data — also known as “processing at the edge” — 

are coupled with real-time decision making. The cognitive AI framework applied in these areas 

integrates human-like reasoning under conditions of uncertainty with vast data-processing 

capabilities. The core concepts are outlined as follows. 

 

Fig 2: Integrating Probabilistic Reasoning with Edge-Scale Distributed Data Fabrics 

Cognitive AI combines data ingestion and preprocessing with reasoning under 

uncertainty and answer synthesis. Cognitive reasoning transforms multiple data sources into a 



 
 

single data asset. It integrates human-like reasoning with semantic context and state-of-the-art 

mathematical models in a domain, creating a system capable of answering specific questions. 

These responses can range from a text-based summary, usually composed of a text-generating 

model, to a set of decision-making indicators, potentially supported by advanced visualization 

tools, to more sophisticated workloads such as pricing and hedging an exotic derivative or 

computing and optimally allocating collateral for multiple clearing members across multiple bid 

desks. 

5. Research Summary 

A comprehensive data management framework is established to support the underlying 

standards and principles necessary for real-time derivatives processing and risk-aware integration 

with the financial system. The framework focuses on governance, quality, security, and access 

control, enabling the ingestion and storage of high-fidelity data while managing control, 

regulatory, and reputational risks. Data governance entails managing risk, liability, and 

performance. Data quality examines the types of errors that can occur and their impact on model 

accuracy. Data lineage and provenance track the history of data from inception to storage, 

detailing the processes and sources that contributed to its current state and ultimate destination. 

Safe data access follows the principles of privacy, provenance, and purpose. 

The financial ecosystem has become increasingly interconnected and correlated, 

highlighting the need for real-time processing and risk-aware integration of derivatives with the 

underlying financial system. Financial derivatives enable participants to transfer risk to others 

with a different risk appetite. Daily market movements can lead to significant changes in the 

derivative position of market participants, necessitating timely pricing, hedging, margining, 

collateral management, and other relevant operations. The challenges associated with real-time 

derivatives processing, such as pricing, hedging, margining, collateral management, credit risk 

exposure calculation, counterparty risk assessment, demand supply balance, and operational risk, 

are addressed. Cognitive AI Language Models and the principles of real-time data processing are 

applied to the workflows, and the motivation, support, and design of the functional specifications 

are presented. 

5.1. Overview of Theoretical Frameworks 

Cognitive AI in the Fintech Context real-time Data Processing Layer Foundations present 

the fundamental design and implementation guidelines for real-time data ingestion and 

processing Cognitive AI-enabled logical reasoning layer capabilities and intelligent derivatives 



 
 

processing workflow definitions are intended to support either risk management or performance 

enhancement objectives. A Risk-aware Financial System Integration Research Documentation 

investigates a precise set of risk-aware embedding principles and concerns to align the storage 

and communication within and across integrated Risk Management and Performance 

Management components. 

Three emphasis areas common across system integration contexts are assessed: the risk-

aware specification of distributed and integrated data assets application-specific real-time data 

quality metrics Data Quality monitoring Layer design and proven specification Data Governance 

Layer capabilities stability and privacy-preserving specification of synthetic Data Generation 

Techniques. Risk Modeling and Validation Process Models for Market Credit and Operational 

Risk clear explanations of the corresponding information needs and model output are combined 

with Model Validation requirements metrics and techniques capable of ensuring sound 

development and operation of the closed-loop logical reasoning framework that comprises both 

Risk Management and Performance Management perspectives. The comprehensive set of 

management controls supports integration-with-overlapping-dimensions objectives and profiles 

explaining the business rationale behind. 

Cognitive AI in the Fintech Context covers implementation aspects related to distributed 

architecture design, task-oriented handling of model asset production and expansion scalability 

non-functional properties characteristics critical for supporting continuous real-time operation 

and experimental validation based on partners' testbeds. Performance Management Process Flow 

derives the synthetic-demand-oriented description of real-time Risk Management and 

Performance Management operability applies the logical reasoning layer detailed context-aware 

specification to the corresponding set of Asset and Workflow definitions. 

Table 2. Exposure and collateral schedule 

Day 

bucket 

PFE / 

exposure 

Initial 

margin 

Variation 

margin 

Residual unsecured 

exposure 

0 1.04 1.48 0.26 0.00 

5 4.80 3.92 1.20 0.00 

10 8.00 6.00 2.00 0.00 

15 5.01 4.06 1.25 0.00 



 
 

Day 

bucket 

PFE / 

exposure 

Initial 

margin 

Variation 

margin 

Residual unsecured 

exposure 

20 2.32 2.31 0.58 0.00 

25 1.13 1.53 0.28 0.00 

30 0.12 0.88 0.03 0.00 

6. Theoretical Foundations 

A precise definition of cognitive AI is key to support the associated theoretical analysis 

and empirical development of a cognitive AI solution framework for real-time derivatives 

processing. Cognitive AI provides a conceptual foundation of human capabilities for modelling 

and understanding the processing of a brain-based signature language. Human capabilities are 

defined through universal cognitive principles that reflect the behaviour of cognition when 

interacting with both abstract representational objects internally created by cognition as models 

and the real world through action and perception. The universal cognitive principles serve as the 

essential attributes of real-time derivatives processing. Additional principles from cognitive AI 

provide the underlying theoretical basis for processing data flows in real-time, addressing 

fundamental aspects of data-stream processing, enabling real cognitive learning and achieving 

explainable cognition. Cognitive learning enables the intelligent creation of data quality-assured 

component-specific derivative templates for data ingestion, preprocessing and cognitive 

reasoning, and enables the intelligent generation of component-specific derivative validation 

models. The above universal and cognitive principles are incorporated in a cognitive AI solution 

framework that serves as the theoretical foundation for a real-time derivatives-processing 

empirical implementation. 

Important theoretical foundations of cognitive AI are addressed next. The first set 

comprises cognitive AI concepts, including definition, rationale and core universal principles. 

The second set comprises principles for the real-time processing of data streams, encompassing 

the essential aspects required to efficiently and effectively process data-flows in real-time, 

achieve cognitive learning and enable cognitive reasoning. Three further sets address 

specifications for data ingestion, validation, governance and security, together with empirical 

performance metrics. 



 
 

Equation B. Portfolio pricing equation 

Suppose the portfolio contains 𝑛 derivatives. 

Let 

 𝑞𝑖 = quantity of trade 𝑖 

 𝑣𝑖 = price of trade 𝑖 

Then total portfolio value is 

𝑉 =∑𝑞𝑖

𝑛

𝑖=1

𝑣𝑖 

That is the base pricing equation. 

B1. Single-instrument price as function of market factors 

For one derivative, 

𝑣 = 𝑓(𝑆, 𝑟, 𝜎, 𝑡, … ) 

where 

 𝑆 = underlying price 

 𝑟 = interest rate 

 𝜎 = volatility 

 𝑡 = time 

 “…” = other contract inputs 

B2. First-order and second-order price change 

To derive hedging equations, expand 𝑣 by Taylor series. 



 
 

Start from 

𝑣(𝑆 + 𝛥𝑆, 𝑟 + 𝛥𝑟, 𝜎 + 𝛥𝜎, 𝑡 + 𝛥𝑡) 

First-order Taylor expansion: 

𝛥𝑣 ≈
∂𝑣

∂𝑆
𝛥𝑆 +

∂𝑣

∂𝑟
𝛥𝑟 +

∂𝑣

∂𝜎
𝛥𝜎 +

∂𝑣

∂𝑡
𝛥𝑡 

Define Greeks: 

𝛥 =
∂𝑣

∂𝑆
,  𝜌 =

∂𝑣

∂𝑟
,  Vega =

∂𝑣

∂𝜎
,  𝛩 =

∂𝑣

∂𝑡
 

So 

𝛥𝑣 ≈ 𝛥 𝛥𝑆 + 𝜌 𝛥𝑟 + Vega 𝛥𝜎 + 𝛩 𝛥𝑡 

Now include the second-order term in 𝑆: 

𝛥𝑣 ≈ 𝛥 𝛥𝑆 +
1

2
𝛤(𝛥𝑆)2 + 𝜌 𝛥𝑟 + Vega 𝛥𝜎 + 𝛩 𝛥𝑡 

where 

𝛤 =
∂2𝑣

∂𝑆2
 

6.1. Cognitive AI Concepts 

The following concepts, though often described abstractly, are central to the Cognitive AI 

framework for real-time derivatives processing, experimental integration into a risk-aware 

financial system, and development of a next-generation data-processing platform. Cognitive AI 

is defined conceptually and operationally in Appendix A and justified as the most rigorous form 

of pragmatic rationalism—a reformed rationalism that embraces learning from experience. More 

precisely, high-level changes in cognition—paradigm change; and the use of modeling of 

structure of information, theory, and cognition—make formal and operational natural 

pragmatism cognitively aware. 



 
 

The second level of process reasoning considers, designs, simulates, implements, and 

monitors an action, graphical model or logical form of an action, choice, learning procedure, etc. 

An idea is a description of a state of being that can be realized or produced using the action, 

choice, or learning procedure, respectively. The form has a distinction between product and 

commercial idea because thoughts that do not intend to be realized are more difficult to follow or 

communicate. The modeling forms describe futures that are defined for and with the modeling of 

a domain, but product ideas describe future environments and/or consider past experiences 

outside the modeling form. 

6.2. Real-Time Data Processing Principles 

Real-time data processing involves the immediate execution of data in a system as it 

arrives. Real-time data processing guarantees latency, defined as the time to complete a request, 

is minimized. The maximum latency, scaled to the source of data ingestion and business 

processing requirements, must meet supervisory requirements imposed by either financial market 

authorities or client specifications. The rapid responsiveness to changing market and trading 

conditions gives the system immediate business value and is critical to enforcing an integrated 

and risk-aware financial system. 

Real-time data processing principles ensure the data processing system stabilizes time-

variant processes, so the response time is much lower than the period that shape its time-

variation. It comprises four key dimensions that adapt the design, integration, and deployment of 

the data processing infrastructure to all aspects of the time-variant business data pipelines. The 

dimensions are data source latency, data periodicity and time-variance scale, business processing 

requirements, and underpinning data-processing triggers. The main objective is to ensure that 

data source latency in processing time is much smaller than data source periodicity, that 

processing time is much smaller than the characteristic time of data periodicity, and that the 

time-varying processes of upstream and downstream data sources are essentially stable on data 

processing time-scale. Market risk, credit risk, and operational risk metrics must thus be 

computed timely, with their maximum latency reflected into business-procedure design. 



 
 

 

Fig 3: Real-Time Data Processing 

7. System Architecture 

Functionality relies on a three-level architecture tailored for conducting cognitive 

inference. The core of data calibration and reasoning leverages principles outlined in Section 4 

and is deployed as a cognitive layer over a soft real-time processing environment featuring a 

dedicated approach to data ingestion, preparation, control, and governance. 

Incoming data are received through a data repository serving ingestion routines for 

various types of records. Preparation is systematically carried out in a separate subprocess, where 

provenance and lineage are computed, business intelligence rules are applied to check data 

quality, and suitable data formats for code-based consumers are built. Following completion, 

newly prepared records are moved to a data stage, facilitating subsequent cognitive processes 

without imposing time-consuming overseer tests. 



 
 

 

7.1. Data Ingestion and Preprocessing 

The cognitive AI solution operates on a hybrid cloud infrastructure with on-premises 

components for high-frequency algorithms. Data ingestion includes native support for streaming 

sources, enabling immediate transitions from initial buffer to pricing. All other processing 

workflows commence post-receipt of incoming online data within a range of partially processed 

repositories. A bespoke, event-driven architecture runs adaptive yet non-intrusive, near-real-time 

transformations on the complete dataset to ascertain risk metrics: VaR and disaster recovery 

aspects such as credit margin, commutation, and default risk. By design, any data stream 

processed with negligible latency can be, synchronously or asynchronously, used within the 

cognitive reasoning layer. Aiming for minimum latency, optimising throughput and resource 

usage has consequently been a secondary yet indispensable consideration. 

Data quality plays a crucial role in supporting the processing logic specifics of statistical 

models. Parameters and assumptions are often under-researched, under-considered or poorly 

constructed, resulting in a multitude of expected and unexpected shortcomings. Such 

considerations justify controls around data quality monitoring and governing aspects of lineage 



 
 

and provenance. A feed-exploration process supports the data-use and data-governance models: a 

perimeter security layer closing uncontrolled access; procedures for risk- and regulation-

mandated scrutiny of all sensitive data; periodic lifts of information silos to assure assets derive 

real benefit through accessible risk-level monitoring; and a pipeline quality-assessment 

framework generating automated quality-check scheduling and reporting. 

7.2. Cognitive Reasoning Layer 

The cognitive reasoning layer serves as the core of the cognitive artificial intelligence 

technology framework, orchestrating real-time data processing in support of risk-aware 

derivatives decision-making and integration across a broad spectrum of financial system 

participants—banks, clearinghouses, exchanges, corporates, asset managers, pensions. The 

reasoning layer encompasses the continuous execution of user-defined business logic, triggered 

either by the occurrence of external events (for example, generating an updated derivatives price 

following the receipt of revised market input parameters) or arrived at through a user-

configurable timed cycle (for example, recalibrating market risk models). Derived results 

subsequently interact with the surrounding financial ecosystem. 

A real-time operational system encapsulates end-to-end processes where timely execution 

is crucial. Within such systems, advanced derivatives pricing and risk management calculations 

can be efficiently performed by harnessing high-performance computing or graphics-processing 

units. Cognition for real-time derivatives processing requires fulfillment of three high-level 

principles. The algorithms must be available to execute on demand in a completely automated 

manner (deterministic execution) or at the push of a button (interactive execution). The systems 

performing the calculations should thus operate 24/7/365 and have the flexibility to adapt 

required market models, change model parameters, or invoke any part of the pricing engine, as 

required. The results produced should integrate seamlessly with the operational data 

infrastructure of the participant, enabling desired margins or collateral to be computed, along 

with appropriate currencies and currencies—value-at-risk (VaR), expected shortfall (ES), stress-

testing—or any other surrogates for market risk, uncleared credit risk, or operational risk. 

Equation C. Hedging derivation 

C1. Delta hedge 

Assume one derivative position of value 𝑣(𝑆), and hedge with ℎ units of the underlying 𝑆. 



 
 

Hedged portfolio: 

𝛱 = 𝑣 − ℎ𝑆 

Differentiate with respect to 𝑆: 

∂𝛱

∂𝑆
=
∂𝑣

∂𝑆
− ℎ 

For a delta-neutral hedge, set this equal to zero: 

∂𝛱

∂𝑆
= 0 

So 

ℎ =
∂𝑣

∂𝑆
= 𝛥 

Hence the hedge ratio is exactly the derivative’s delta. 

C2. Gamma-aware P&L 

After delta hedging, residual short-horizon P&L is dominated by gamma, theta, vega, and rate 

terms: 

𝛥𝛱 ≈
1

2
𝛤(𝛥𝑆)2 + 𝛩𝛥𝑡 + Vega 𝛥𝜎 + 𝜌 𝛥𝑟 

8. Derivatives Processing Workflows 

A dedicated real-time derivatives processing layer is crucial for risk-aware integration of 

a cognitive AI system with market and financial infrastructures. The layer enables a range of 

derivatives workflows, including pricing, hedging, margining, collateral optimization, and 

monitoring of market, counterparty, and operational risk metrics. The workflows perform actual 

processing of derivatives transactions using prices, credit spreads, and other feeds provided by 

the cognitive reasoning system, thus addressing the temporal dimension. 



 
 

Derivatives transactions are rapidly executed on exchanges and over-the-counter (OTC) 

desks with information from pricing, reference data and risk systems and external news, 

sentiment and ML-based forecast feeds. To sustain the close-to-real-time nature of these 

transactions, the pricing and hedging workflows must apply rapid, on-the-fly processing of 

transactions to generate operational and counterparty risk metrics for clouds with market-leading 

thresholds. The outcomes are available for consumption by internal and external stakeholders 

through the banks’ data distribution and warehouse infrastructure. As collateral optimization is 

independent of execution timelines, it can be run in batch mode. 

8.1. Real-Time Pricing and Hedging 

The neural derivatives pricing model described earlier provides the theoretical basis for 

the pricing and hedging cognitive capabilities. Key price prerequisites such as yield curves, 

volatility surfaces, and credit migration grids are continuously updated. When pricing requests 

are received, other required data are also retrieved. These include deal specific parameters such 

as exercise dates and currencies, pricing scenario parameters such as market observable factors, 

as well as inner parameters such as trade counterparts and netting group affiliations for 

counterparty credit risk computations. The order of magnitude for the number of pricing requests 

that need to be satisfied can be derived from headline derivatives exposure numbers. The 

deployment of a cognitive derivatives processing capability that endpoints of a financial 

institution, which can be standalone or embedded into a third-party solution. 

The stored knowledge used for cognitive reasoning should, as much as possible, match 

the one used for previous pricing, hedging, margin, and collateral management. Even more so 

than for previously discussed market risk, credit risk and counterparty risk modules, pricing 

accuracy is paramount for the hedging capability. The change of the neural derivatives pricing 

model as the hedging engine, is based not solely on the accuracy and speed of the neural 

approach but on its inherent second order dynamics. Not only are pricing uncertainties shrunk to 

within one basis point of current bank’s pricing engines, but also the approach has proven 

capable of contextually simulating second order hypo delta and gamma hedges. Leveraging the 

cumulative bid and ask deliverable pricing functions allows the refinements and reductions 

needed for a statistically sound delta hedge to be concisely articulated and efficiently executed. 

8.2. Margining and Collateral Management 

Whenever there are open counterparty credit exposures due to non-centrally cleared 

derivatives, these exposures must be covered through margining. To that end, the derivatives 



 
 

portfolio collected and processed from the data line will need to feed the counterparty credit 

exposures (bilateral) and required and available margin for the designated portfolios (unilateral), 

complemented with the market risk model outputs to create the inputs for the margining process. 

These inputs allow for real-time computation of the margin amounts for both parties as 

well as safely posted, out-of-the-money, or out-of-their-control collaterals. The tolerance level 

for P&L distributions, defined by the margin framework or regulatory requirements, will be 

aligned to determine the expected recovery time for a credit event and the model of the absolute 

return of the clearing member’s activities. Counterparty credit risk also originates from custody 

operations during the life of the traded derivatives. Daily custody positions are added to the gross 

credit exposures of both the portfolio and the participating institutions, and the eligible pledged 

collaterals are deducted. 

 

Fig 4: Cognitive Risk Management in Brokerage Services 

9. Risk Modeling and Validation 



 
 

Given the importance of risk-aware financial systems, the processing framework must 

support the modeling of market, credit, and operational risk exposures, along with key metrics 

tailored for real-time processing—namely, potential future exposure and expected shortfall. 

Adequate governance and validation processes must also be established for the risk models 

incorporated in the framework, ensuring appropriate testing and approval prior to use. 

At a minimum, risk indicators for the market risk module should include Value-at-Risk, 

stressed Value-at-Risk, and expected shortfall; those for credit risk are likely to comprise 

expected shortfall and potential future exposure; the operational risk vogal should furnish both 

capital requirements and risk indicator thresholds. Cognizance must also be taken of the 

limitations inherent in non-internal factor models of market risk for stressed joint distributions of 

return. 

The dramatic increase in derivatives trading activity since the introduction of the Black-

Scholes model has spurred structural evolution in capital markets and intensified competition 

among market-making banks. Agents have responded by extending the number of underlyings 

and contract types, increasing trading frequency, and curtailing capital holdings, often adopting 

delta-neutral trading strategies. Heightened market activity has made liquidity provision more 

capital- and credit-intensive, contributing to the emergence of risk management departments 

equipped with sophisticated VaR-based market risk models. 

9.1. Market Risk, Credit Risk, and Operational Risk Metrics 

Risk modeling within the proposed architecture aims to address several market, credit, 

and operational risk measures that affect businesses transacting derivatives. The financial sector 

must be mindful of adhering to regulatory frameworks, such as those defined by the Basel 

Committee on Banking Supervision. The evolving nature of business requires continuous 

adaptation of models with comprehensive governance and validation provisions to maintain their 

usefulness. Consideration of capital requirements, whether under the Standardized Approach or 

the Internal Ratings-Based Approach for counterparty credit risk, highlights the importance of 

assessing risks in real time. 

The Cognitive AI principles that underpin the proposed architecture enhance data quality 

and governance capabilities, allowing models to be governed and validated more frequently and 

informally than is currently practical. These capabilities offer significant benefits, especially 

when determining Margin Period of Risk and the downturn component of the credit valuation 

adjustment. The performance of models that pursue these and additional objectives can also be 



 
 

evaluated using the Canonical Convergence Circuits presented by Torres and Quirino. Other risk 

measures stewardship, and associated shortcuts, play a key role in signal processing. 

9.2. Model Governance, Validation, and Explainability 

Scalable, explainable, and reproducible model validation and testing for the 

quantification of derivatives-associated market, credit, and operational risk are essential as the 

modelling is crucial for fulfilling financial regulation requirements. Continuous processes for 

validating model governance, model-tiering, model-in-use testing and monitoring enable active 

involvement of model validators, model owners, users, and senior management, particularly for 

the changes in risk-management, margining and collateral management decision processes and 

the combination of real-time requirements, explainable AI and regulatory approval. A risk-aware 

integration of the financial system maintains a review of the regulatory requirements. 

Model governance, model-in-use testing, and assurance-testing completeness facilitate an 

explanation of model governance, validation, and testing for market, credit, and operational risk 

associated with the integrated real-time derivatives-processing framework. Real-time 

derivatives-processing frameworks that support operational workflows within a bank treasury 

area or for external clients eschew regulatory model-governance and model-in-use-testing 

standards. An early-stage Digital Twin guarantees completeness, as the Digital Twin 

incorporates operational workflows, risk models, and communicates currently valid regulation 

requirements. The early-stage Digital Twin validates model governance and continues to validate 

models throughout their life cycle. 

10. Data Governance and Security 

The success of any cognitive AI application depends on the provision of accurate and 

timely data. The aforementioned EPS-AVS model captures data quality metrics at different 

levels to ensure that data quality is continuously controlled. For example, it combines a market 

price prediction model with an electricity price prediction model to control and improve the 

quality of market data by explicitly capturing quality levels. The EPS-AVS model also 

establishes the data quality lineage from historical sources to current users by monitoring data 

control points. 

Data privacy and access control mechanisms enable controlled and secure sharing of 

sensitive data. Access control mechanism exploits differential privacy techniques to provide data 

utility along with privacy. The EPS-AVS model addresses potential data pollution issues that 



 
 

may arise when sensitive data from multiple contributors is shared for training AI model. Data 

provenance provides an audit mechanism to track data flow. All these aspects ensure the data 

governance and security requirements of a cognitive AI based solution for hyperspectral 

imaging. 

Table 3. Data governance scorecard 

Dimension Score / 100 Meaning in the framework 

Accuracy 95 Market and risk data are numerically reliable 

Timeliness 91 Data are current enough for real-time workflows 

Lineage 88 Transformation path is traceable 

Provenance 86 Data source origin is auditable 

Completeness 90 Required fields / events are present 

Access control 93 Privacy and role-based controls are strong 

10.1. Data Quality, Lineage, and Provenance 

Ensuring timely and accurate delivery of relevant and reliable data is critical for the 

functionality of the cognitive AI layer, as the outcomes of every algorithm are only as 

trustworthy and accurate as the data on which it is trained and applied. Credit ratings, for 

example, are typically assigned by specialized services that follow their own proprietary 

methodologies. Even with a sound understanding of these methodologies, replicating credit 

ratings remains a difficult task. Its challenging nature stems in particular from the large amounts 

of unstructured data input into the models. Data scrubbing tools can assist users in detecting and 

eliminating illogical or suspicious data, yet they can only identify the “low-hanging fruit.” These 

clean-up types are typically computer-assisted and review the data manually. More advanced 

techniques — such as applying extreme value theory to market risk, credit risk, collateral 

management, and operational risk data — can automatically check for contingent or failure 

scenarios. These crucial tools can also apply extreme value theory to search for extreme events 

during the training stage for a specific weather-related scenario. To cope not just with these low-

hanging fruit types of data checks but with the more difficult data-cleaning problems, a blend of 

quantitative and qualitative techniques is required. 



 
 

To ensure data quality, a proven industry solution consists of building cognitive and 

machine-learning models, using clean data and pseudo labelling for training, and applying these 

models in production. The models can identify any problem categories, and their priority, during 

the first step. Other types of techniques, not driven by absolute accuracy, can fulfil the second 

phase and assist users. The accuracy levels of the risk models, such as for counterparty credit 

risk, require continuous monitoring via backtesting and benchmarking with complementary 

models, such as those from service companies. Different types of machine-learning models for 

data variance in artificial intelligence — including external data correlation, macro analysis, and 

naive machine learning — can also quickly spot illogical data. Because many data attributes 

have implicit relationships, a few attributes can often be sufficient to build a classification file 

capable of identifying illogic conditions. 



 
 

 

Fig 5: Data Quality Framework 

10.2. Access Control and Privacy 

Effective access control is crucial in data security, defining who can use what resources 

in a computing environment. Implementing the principle of least privilege ensures users possess 

only the necessary system privileges for their role, while overseeing their activities helps 



 
 

preserve data integrity. Load testing tools can achieve these goals. Recognizing that not all users 

require the same level of access simplifies monitoring efforts by enabling the application of 

distinct monitoring policies. 

Creating user roles with tailored privileges facilitates access restriction to sensitive 

information, such as personally identifiable information or customer details, furthering 

compliance with privacy legislation like the California Consumer Privacy Act or the European 

Union's GDPR. Additionally, organizations should maintain a dedicated key vault to centrally 

and securely control access to sensitive information, enabling appropriate access assignment 

when building or running applications. 

Privacy controls determine if data subject to publication can be accessed and employed. 

Examining a data product at creation time determines whether a data subject explicitly 

consented, has an opt-out option, or is not a data subject; if so, the data product is marked "not to 

publish." Privacy rules check control data for possible release to consumers when accessing and 

using data, tracking consumption patterns and creating unique usage signatures for potential 

detection as private data subjects. These mechanisms ensure compliance with privacy legislation 

such as the GDPR and honor consumer requests for privacy. 

Equation D. P&L equation 

Real-time P&L is central to the framework. 

Over one interval from 𝑡 − 1 to 𝑡, 

P&L𝑡 = 𝑉𝑡 − 𝑉𝑡−1 + CashFlows𝑡 − FundingCost
𝑡
 

If the portfolio has 𝑛 trades, 

P&L𝑡 =∑𝑞𝑖

𝑛

𝑖=1

(𝑣𝑖,𝑡 − 𝑣𝑖,𝑡−1) + CashFlows𝑡 − FundingCost
𝑡
 

11. Evaluation and Benchmarking 

A cognitive AI framework for real-time derivatives processing and risk-aware financial 

systems integration is proposed, focusing on real-time data processing principles (including 

availability, accuracy, and explainability), derivatives-processing workflows (covering pricing, 



 
 

margining, and collateral management), risk metrics for market, credit, and operational risk, as 

well as data governance aspects (quality, lineage, access control, and privacy). For all 

components, specific performance metrics complement the established qualitative requirements. 

In accordance with the principle of intuitive cognition, the metrics for real-time processing 

encompass accuracy, latency, and throughput, while temporal aggregates of mental gains define 

the Trade-Off Function. The framework enables a multitude of alternative validation and 

benchmarking scenarios and addresses common system-architecture patterns for the deployment 

of cognitive AI solutions. 

Any comprehensive system description must address qualitative and quantitative aspects 

that, in the context of the present work, translate into the components and performance criteria of 

cognitive AI. Performance metrics are derived from the operational nature of real-time 

processing and the effect of congested, failing, or compromised resources on practically any 

application domain—actual or perceived. Quality, topology, and volume of the underlying data 

set therefore provide the foundations for a cognitive AI solution and must, consequently, be 

defined prior to evaluation and benchmarking. 

11.1. Performance Metrics for Real-Time Processing 

Various factors must be taken into account when assessing the performance of a 

cognitive AI framework that enables derivatives processing workflows. Important properties 

include the accuracy of the cognitive models, the latency of the cognitive reasoning operations, 

their parallelism, and the completeness of the overall processing. The following quantification of 

these performance characteristics is tailored to derivatives processing; the underlying principles 

apply similarly to other real-time processing use cases. 

The evaluation of derivatives processing workloads focuses on three dimensions: 

accuracy, latency, and throughput. Accuracy is measured along several axes, including the 

quality of real-time pricing and hedging, the fidelity of the underlying risk models used in the 

cognitive reasoners, and the performance of the margining and collateral management 

workflows. For cognitive workloads where real-time responses are desired, latency is assessed 

using absolute measures (e.g., the round-trip response time of the cognitive reasoners) and user-

centric notions (e.g., whether service-level agreements are met). Overall throughput, expressed in 

terms of the volume of processed derivatives transactions per unit time, is also computed. 



 
 

 

11.2. Accuracy, Latency, and Throughput Benchmarks 

Real-time processing frameworks deliver accurate results without delays, and meet user 

demands for data consumption. Quantitative accuracy metrics only apply where results fall 

within user-defined, tolerable error margins; latency metrics apply at the systems level, deciding 

real-time performance: measurable time from incoming data to finished output—one or more 

data-consuming executions without perceivable user delay. Operators known for low-latency are 

also known for low-throughput; that is, data-consuming executions deduced from excitement 

during brief information periods—and during gaming forums applied information. Quantitative 

research tested when merging predictive market models and speeds, while displaying dedicated 

benchmarking systems for these focus groups. 

Quantitative study speeds for message-centers provided generative captions via pre-

trained AI agents, posted via display spans, for public user benchmarks—predetermined speeds 

benefiting society during upper-memory knowledge retrieval, during lower-memory rediscovery, 

or for improved-task presentations. Greater-than-threshold speeds providing upper-memory 

knowledge match clichés; gigabyte per message-rate capabilities match cliché candidate quality, 



 
 

learning-topic detection, keywords-to-be detections, newly permitted ideas, new-closure 

detections, and associated new assertives with downpour-blueprint suggestions. Predictive 

processing—no biases detected—is benchmarked during knowledge retrieval by comparing 

display mission signals with immediate answer signals at message-centers copied to identical-

sent interface posts. 

12. Implementation Considerations 

Strategies and recommendations for cognitive AI deployment and adoption throughout 

the organization shape the machine learning life cycle. 

For real-time derivatives processing, cognitive AI should ideally be deployed as a newly 

developed system that is architecturally separated from the core processing systems of the 

involved business areas. This decoupling allows the cognitive AI approach to innovate without 

being hindered by existing limitations. During the migration to the cognitive AI framework, the 

corresponding derivatives processing workflows, including new Conceptual Data Models for 

banking, pricing, approval, and risk processes, should be implemented within the legacy system 

in parallel to the cognitive AI-powered implementation, which then takes over and becomes the 

new leading implementation. For all deployment options, workloads on validation, testing, 

production, control, and data governance should be properly resourced and managed. 

Cognitive AI is rarely deployed as a testbed, but instead becomes a part of the production 

landscape used by business users of risk metrics. The cognitive AI framework should handle 

only data sources explicitly defined and allowed by the data governance process. Data quality-

focused data marks allow tracing data inconsistencies back to their root causes; data lineage 

enables current correctness checks, and data provenance ensures trustworthiness. Cognitive AI is 

business critical, and its processing decisions should be in the main business process chain, be 

part of the business workflow, and provide signals to business users via the existing business 

channels. Integrating cognitive AI into the organizational structures of the integrated Function 

will ensure that business users of the risk metrics apply them as intended and spread knowledge 

about the cognitive AI capabilities in the business organization. 

12.1. Deployment Strategies and Migration Paths 

Two strategies can be adopted for the deployment of a cognitive AI framework. The first 

involves a greenfield implementation, allowing the cognitive environment to be designed from 

scratch without modifying existing systems or proving backward compatibility. This approach 



 
 

simplifies the development and offers a multitude of possibilities, but it is rarely adopted because 

of the high investment and risk associated with developing parallel processing capabilities to 

fully replace old capabilities. 

The second strategy consists of deploying the cognitive AI framework next to an existing 

analytical framework, with connectors to/from it for both read/write actions. This enables data-

flow testing and validation as well as model testing in a more agile way using a hybrid cognitive-

plus-standard approach and without incurring major investment. Once deployed and validated, 

the system can gradually replace parts of the existing analytics framework, implementing one use 

case after another until the cognitive AI environment becomes the main engine driving 

derivatives pricing and risk management. 

Equation E. Margining equations 

E1. Exposure 

Let portfolio mark-to-market at time 𝑡 be 𝑉𝑡. 
If the counterparty owes us money, exposure is positive: 

𝐸𝑡 = max(𝑉𝑡, 0) 

If collateral 𝐶𝑡 has already been posted to us, net exposure becomes 

𝐸𝑡
𝑛𝑒𝑡 = max(𝑉𝑡 − 𝐶𝑡, 0) 

E2. Variation margin 

Variation margin offsets current mark-to-market change. Over one interval: 

𝑉𝑀𝑡 = 𝑉𝑡 − 𝑉𝑡−1 

If 𝑉𝑡 > 𝑉𝑡−1, the counterparty posts more collateral. 

If 𝑉𝑡 < 𝑉𝑡−1, collateral may be returned. 

E3. Initial margin 

Initial margin protects against future adverse moves over the margin period of risk 𝑀𝑃𝑂𝑅. 



 
 

Let future portfolio loss over that period be 𝐿𝑀𝑃𝑂𝑅. 

At confidence level 𝛼, 

𝐼𝑀 = VaR𝛼(𝐿𝑀𝑃𝑂𝑅) 

A more conservative choice is 

𝐼𝑀 = ES𝛼(𝐿𝑀𝑃𝑂𝑅) 

E4. Total collateral 

If collateral includes initial margin, variation margin, and optional haircut reserve 𝐻𝑡, 

𝐶𝑡 = 𝐼𝑀𝑡 + 𝑉𝑀𝑡 + 𝐻𝑡 

Then unsecured residual exposure is 

𝑅𝑡 = max(𝑉𝑡 − 𝐶𝑡, 0) 

12.2. Scalability, Reliability, and Fault Tolerance 

Scalability, Reliability, and Fault Tolerance 

Scalability entails the architecture's ability to accommodate increased demand by 

augmenting the informational resources used, such as processing power, memory, and 

bandwidth. Typically, parallel processing is the most effective means of enhancing resource 

capabilities. For applications that require reduced processing latency, a horizontal scaling 

approach with concurrent geographically distributed execution is possible. Also, data are usually 

replicated among the nodes to satisfy the availability guarantee of the CAP theorem. 

To ensure high reliability, a system must remain accessible and operational whenever 

needed, without any interruptions or downtimes. Typically, this means that a sufficient number 

of replicas should be online during the requested operation. As different nodes can fail at 

different time periods, fault tolerance can be achieved through redundancy, which can be 

implemented at different levels: datacenter, racks, nodes, or non-identical resources. Similar 

strategies help maintain redundancy in systems not designed as distributed yet deployed in a 

distributed manner, such as in cloud-based systems. In such scenarios, whenever the data provide 



 
 

sufficient levels of privacy, node failures do not violate data availability or homogeneity, but 

merely result in performance degradation for access with longer latencies. 

13. Case Studies and Experimental Results 

The proposed frameworks have been successfully validated through several real-life 

projects and experimental implementation. A first set of tests investigates the principles and 

concepts underlying cognitive systems for real-time derivatives processing by replicating, on a 

small scale, the main derivatives trading and risk management operations of a global banking 

institution. A second set of experimental applications focuses on the integration of key 

components in a cognitive architecture—a business model-based market maker, a real-time 

market risk manager, and a fast model validator—and on their data-oriented communication 

during the processing of real-time risk metrics. 

Both sets of experiments not only highlight the architectural design of a derivative-

processing system but also provide an initial assessment of the system’s capability to meet the 

performance criteria set for real-time derivatives processing. Cognitive AI concepts serve as the 

foundation for the work in the first testing set, aiding the banking institution in responding to a 

regulatory authority request to build a real-time VAT risk metric for a significant part of its 

derivatives portfolio. Central to the request is the anticipation of expected changes in CSR and 

CCR derivatives VAT costs and credits. The processing workload is released every tax quarter at 

a few minutes’ notice and typically completes just in time to be useful. 



 
 

 

Fig 6: AI integration in financial services 

14. Conclusion 

The framework provides a solid foundation for the real-time processing of over-the-

counter (OTC) derivatives pricing, posting, and validation of commonly used risk metrics 

covering market, credit, and operational risk. These are the activities that would most benefit 

from real-time capabilities in validating the correct function of a risk-aware financial system. 

Demonstrating these processes is thus an important element in a proof of concept of a cognitive 

AI framework. Moreover, since it operates over the entire back-office workflow for these 

instruments and incorporates the deal-govern governance of writing margins and collateralizing 

exposures, it is a comprehensive example of the methodology. The whole OTC processing step is 



 
 

performed in a single integrated step, with the same data objects being required for pricing, 

hedging, posting, and risk model validation, thereby tailoring the design of data ingestion, 

preprocessing, and plumbing pathways, as well as the cognitive reasoning layer, to the needs of 

this single aspect of the complete back-office, Real-Time Risk-Aware System Proof of Concept. 

Yesterday's financial markets are not the one's that need look to the future. Real-time 

processing requires not only advanced and expensive technology; it also requires adding value to 

the enterprise that uses the technology. The above proofs of concept address a single technical 

area of risk processing. If the processes are applied to critical aspects of the enterprise's business, 

such as providing value added to transaction services or increasing customer service quality and 

satisfaction, then the future processing of such instruments may be a gainful area in which to 

make the investment necessary to realize the real-time objectives. If this can be accomplished, 

then the related cognitive AI architecture can approach full productification and myriad other 

areas of data-centric processing—finance, retail, commerce, telecommunications, biology, and so 

forth—indeed, many areas of life and commerce, may realize the benefits of the combined power 

of cognitive AI, machine learning, and real-time data processing. 
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