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Abstract 

Financial systems are becoming increasingly decentralized, comprising distributed nodes that interact fluidly with customers, 

suppliers, regulators, and other counterparties. These nodes must routinely make fast decisions, and growing evidence shows that 
the absence of decisions that are both fast and auditable exposes financial institutions to regulatory and reputational risk. 

This work addresses that gap by examining evidence-based mechanisms, formal structures, and governance models that enable 

rapid, auditable decision-making across a wide range of financial systems—from payment rails to multi-institutional settlement 

waterfalls. We introduce the decision fabric, a conceptually simple architecture consisting of layered abstractions with explicit 

contracts between adjacent layers. Decision fabrics are built on three core principles: distributed provenance capture, distributed 

operational risk-control governance, and decision governance. Because it is layer-based, a decision fabric can be embedded into 
any system or application that requires auditable decision-making. 
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1. Introduction 

Human decisions in business processes often rely on analytics, whose conclusions must be auditable and supported by a 

comprehensive investigation trail. The speed of decision-making is particularly relevant for financial systems, where high core 

transaction throughput enables large volumes of non-standard transactions. The nullification of transactions based on standard 

business rules may depend not only on a particular transaction, but also on an analysis of a larger group of transactions in real-time, 

and in some cases such decisions must be taken as quickly as possible. 

Table 1: Key Components of Distributed Decision Fabric 

Component Purpose 

Decision Layers Organize decision flow across distributed architecture 
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Component Purpose 

Decision Channels Support rapid communication between nodes 

Provenance Descriptor Tracks who performed each decision action 

Trust Mechanism Validates reliability of data and decisions 

Governance Controls Ensure compliance, auditability, and risk control 

Such speed requirements in financial integrity analytics are typically satisfied by heuristic detection models. These 

models operate on all transactions in near real-time and raise alerts on potentially non-conforming transactions. However, alert 

resolution requires a complex inference process based on the context of the potentially irregular transaction combined with the 

details of a specific analytic hypothesis that may require a more detailed investigation. These integrity checks may take time to lift 

the alert. If they are implemented through an off-line process, then the integrity detection system remains blind to the alerts raised 

until the alert is either confirmed or rejected. 

1. Decision Fabric Function  

𝐷𝐹 = {𝐿, 𝐶, 𝑃, 𝐺} 
 

Where 𝐿= layers, 𝐶= contracts, 𝑃= provenance, and 𝐺= governance. 

 

A. Layered Abstractions and Interfaces 

Distributed Decision Fabrics for Ultra-Low-Latency Financial Integrity Analytics and Operational Governance. This 

work analyzes evidence-based mechanisms, formal structures, and governance models to support rapid, auditable decisions in 

financial systems. 

Table 2: Decision Fabric Layers 

Layer Function 

Incentive Layer Enables decision propagation 

Contract Layer Defines cross-layer decision rules 

Channel Layer Creates virtual decision paths 
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Layer Function 

Workflow Layer Manages access, approvals, and compliance 

The first element is the foundational aspect of Distributed Decision Fabrics. The concept introduces the necessary entities, 

roles, and interactions amongst them, as well as formal definitions of provenance and trust. The metrics ensuring the ultra-low-

latency requirements of evidence-driven analytics, indeed the objectives of the Data Provenance and Lineage section, as well as 

the consistency guarantees of the decision propagation process and those related to Data Provenance and Lineage, are also present. 

2. Latency Constraint  

𝑇𝑑 ≤ 𝑇𝑚𝑎𝑥 

 

Decision time must remain below the maximum allowed latency. 

2. Foundations of Distributed Decision Fabrics 

The concept of Distributed Decision Fabrics draws on the properties of layered architectures. The first layer provides the 

incentives enabling the propagation of decisions across the other layers. The second layer describes an interaction contract allowing 

for cross-layer decision propagation with immediate feedback. The third layer supports these protocols by establishing a network 

of virtual decision channels that can be integrated into decision pipelines. The flow of propositions and queries across these channels 

is organized by workflow engines that ensure role-based access control, auditability, and compliance with business rules, risk 

policies, and external regulations. 

Table 3: Financial Integrity Analytics Requirements 

Requirement Description 

Low Latency Decisions must occur within seconds 

Real-Time Monitoring Transactions are analyzed continuously 

Alert Handling Suspicious events are flagged quickly 

Evidence Collection Decision support data is gathered rapidly 

Forensic Archiving Results are stored for later review 

At the heart of any distributed decision fabric is a process that populates a local decision context with evidence, followed 

by a process that forms an appropriate judgment based on this evidence. A proposition, therefore, may serve as a kind of request 
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for evidence, while a query checks for contradictory evidence. Three simple yet powerful ideas enable such organizations to rapidly 

gather the evidence needed to make auditable decisions. First, an evidence-support chain is established to guide such requests for 

evidence through the organization. Second, each proposed decision is associated with a provenance descriptor, thereby establishing 

who did what to enable a given decision. Third, the resources participating in such decision-making processes detect and 

containerize these discussions using a combination of low-latency streaming analytics, common sense, and warning beacons 

established by risk control functions. The scope of the research is summarized next. 

3. Risk Score  

𝑅𝑠 = 𝑃𝑓 × 𝐼𝑓 

 

Where 𝑃𝑓is fraud probability and 𝐼𝑓is financial impact. 

A. Conceptual Framework and Definitions 

Entities and interactions within a distributed Decision Fabric embrace the concepts of provenance and trust to guarantee 

ultra-low latency. respectively, the triggers that Action-Proposition, Trust-proposition and Validation-proposition decisions are 

agreed to accompany data flows, supporting data latency below a preset threshold. 

Table 4: Governance Channels 

Channel Type Main Role 

Focus Channel Handles critical decisions needing fast approval 

Control Channel Supports policy-based operational decisions 

Delegation Channel Manages standardized lower-risk decisions 

At the upper Decision-Fabric level, Risk-Control-proposition requests travel along dedicated Approval-Proposition 

routes, enabling role-based approval workflows as well as auditability from local records. Risk-Control decisions capable of biasing 

ambient Risk-Control-Proposition decision channels, influence risk-acceptance travel along dedicated Approval-Proposition 

routes; thus, enabling role-based conditional approval workflows and auditability from local records. 

4. Trust Score  

𝑇𝑠 = 𝛼𝑃𝑟 + 𝛽𝐴𝑟 

 

Where 𝑃𝑟is provenance reliability and 𝐴𝑟is audit reliability. 
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3. Ultra-Low-Latency Analytics for Financial Integrity 

A vertically integrated stack of financial integrity evidence-based analytics from edge to center enables ultra-low-latency 

operational state classification and forensic insight. Statement-makers generate data for streaming-processing analytics with latency 

in the low seconds. The analysis-process result is acknowledged at the center, resynchronized, and reproducibly archived. Evidence 

for state classification or decision-making, or for operational-residual forensic analysis, accrues rapidly and to an acceptable quality. 

These analyses target the strictest latency requirements of the fabric: classification of the integrity of the state of the statement-

maker's operational control, as expressed through pending state, within seconds. Telecom fault confidence levels suggest a similar-

scale target for a broader set of fraud indicators. 

 

Fig 1: Per-Layer Latency Contribution: bar chart of mean decision latency across the fabric's six layers (ingestion → governance 

approval → archival). 

The time required to classify the correctness of normal fintech operational state can be reduced, but, like latency, requires 

a careful balance between cost and risk. Fintechs already actively mentioned by core telecom fraud controls suggest much higher 

confidence in fault occurrence than would rule out being notified after the fault; speed of forensic residual analysis may thus offer 

sufficient confidence at an acceptable latency. The case for the maintenance of high telecom fault latency can, however, be 

replicated or extended to other fintechs by relating fact-cluster size to elapsed communications infrastructure processing time and 

buildup of telecom fraud alert thresholds for incoming operational-control instructions. 

5. Provenance Chain  

𝑃𝑐 = {𝑠1, 𝑠2, . . . , 𝑠𝑛} 
 

Represents the sequence of sources or transformations. 

A. Data Provenance and Lineage 
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Provenance ensures evidence-based trust in distributed systems. Data sources are conceptually obvious, yet confidence 

in non-trivial transformations and aggregate metrics requires a trail exposing how they were derived. Well-known practices for 

selectively recording provenance introduce data stewardship and storage overheads and incur additional latency when validating 

data requests. Integrated methods to compute system-wide lineage-agnostic provenance and verify integrity along the whole data 

transformation trail have not yet been explored. Exploiting the characteristics of ultra-low-latency decision-making environments 

allows elastic data replication to center nodes, where these overheads are amortized. In this approach, any replica can cache the 

entire lineage system-wide and respond to provenance validation requests. 

 

Fig 2: Latency Distribution: box plots showing end-to-end latency spread per layer. 

Provenance is thus one of the analytics core functionalities. Computing and propagating the entire provenance path might 

seem exorbitantly expensive, imposing additional latency in evaluating queries or obvious decisions made on the data item under 

scrutiny. Integrating the entire system-wide lineage across data sources and aggregations is critical to justify the retention of such 

a piece of information as a trade-off. Given the ultra-low-latency requirement, data replicas will also proliferate, and the overhead 

can be amortized. Piloting replica nodes with complete lineage allows them to respond to all provenance-related requests without 

additional latency. 

6. Decision Approval Rule  

𝐷𝑎 = {
1, 𝑅𝑠 ≤ 𝑅𝑡
0, 𝑅𝑠 > 𝑅𝑡

 

 

Decision is approved if risk is below the threshold. 

4. Operational Governance in Distributed Environments 

Operational governance objectives, risk mitigation controls, and accountability mechanisms facilitate trusted real-time 

decisions across potentially adversarial decision fabrics. These sub-fabrics provide evidence-based, auditable digital trails but can 

also be populated and seized by adversarial actors seeking to divert decisions for their own gain. Therefore, information provenance 
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cannot be the only control. Any high-speed financial system must be seen to operate within governance constraints acceptable to 

its stakeholders. 

 

Fig 3: Latency–Throughput Trade-off: p99 latency vs. transaction throughput for the streaming analytics engine. 

This requirement is particularly acute in distributed and cross-organizational deployment scenarios. Legal, regulatory, 

and compliance structures are not formally instantiated in the real-time decision-making arena yet; nonetheless, they underpin 

traditional and hosted services in finance and indeed in wider society. The lack of operational governance support in such 

environments renders any decision fabric naive at best. It fails to capture and contain the set of familiar governance schemas 

established by management and operational risk measurement, the supporting risk and control documents, and the testing and 

review mechanisms that audit these controls. Assets actively supporting decision-making must therefore be risk-controlled, risk-

managed, and auditable at all times, whether potentially adversarial or not. 

7. Alert Generation  

𝐴 = {
1, 𝑆𝑡 > 𝜃
0, 𝑆𝑡 ≤ 𝜃

 

 

An alert is raised when transaction score exceeds threshold. 

A. Decision Governance Structures 

Decision channels across a financial organization enable fast decision-making while fulfilling policy requirements. Three 

channels are distinguished—focus, control, and delegation—each serving different operational aspects while upholding governance 

safeguards. Focused and controlled decisions allow direct implementation upon approval, thus minimizing latency. Delegation is 

used for less critical and standardized decisions. Focused decisions also share outbound dependencies with other elements of the 

decision fabric, enabling reversal by any higher authority. 



 

8 | P a g e  
 

 

Fig 4: Provenance Overhead vs. Replication: compares naive per-request provenance recomputation against amortized replica-

cached lineage (Section 3A). 

Constituted via contracts associated to the related process clusters, decision approval orders define the groups and roles 

authorized to approve a particular decision. Orders may specify time limits for each approval and are audited to guarantee that no 

decision lacked proper approval. While each decision channel has distinct usage, proof of proper authorization is equally required 

for all of them, achievable via role-based protocols built into the underlying fabric. The auditability of the three channels provides 

a further level of guarantee. Every approval request is registered, with the response indicating whether or not it was granted; logs 

can thus be used to reconstruct the decision-making process for any focused or controlled decision. 

8. Audit Completeness  

𝐴𝑐 =
𝐿𝑣
𝐿𝑡

 

 

Where 𝐿𝑣is verified logs and 𝐿𝑡is total logs. 

5. Conclusion 

The proposed bank decision infrastructure design defines a coherent set of data-centric decision-processing requirements, 

spanning a series of associated decision fabrics that govern the division's business activity along with formal mechanisms and 

supporting technologies within each fabric for enabling rapid, auditable decisions. Two of the decision fabrics, those for evidence 

provenance and for response governance, are analysed in formal detail, qualifying decision governing technologies within the two 

fabrics. 

Contributions commence with the description of response controls in distributed environments, identifying the raw 

operational governance objectives and role-specific architecting patterns within the control surfaces of each decision fabric. Formal 
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detail then refines the component definition of data provenance by articulating its role in guaranteeing the physical integrity of 

natural and financial data, surrounding conditions, interdependencies, and patterns within each decision unit's native environment. 
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