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Abstract : In rapidly changing environments, enterprises must adapt at sufficient speed to 

survive. A popular experimental approach is to automate part of an organization by 

delegating the fulfilment of business functions to intelligence agents—software agents 

capable of performing work autonomously. An architecture is described where such agents 

are centered around an execution orchestrator and decision workflows. However, a key 

limitation of agentic systems is that speed of decision-making, required for throughput and 

reliability, is not always sufficiently fast, leading to delays.               

The principal driver is a gap in the architecture. In enterprise environments, it is essential 

that the internal process of the agent decision-makers is harmonized by an orchestrator and 

that any decision pipeline supporting its reasoning must operate with sufficient speed. This 

gateway constitutes the core of secure knowledge-centric decision-making: the production 

of decisions, recommendations, and predictions with the quality and assurance properties 

required by the task domain. Secure knowledge-centric reasoning is thus a counterpart to 

the agentic foundation being automated, enabling speed, reliability, and trust in the choices 

that affect the execution of business functions. 
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1. Introduction 

An enterprise service automation framework keeps platforms and applications highly 

available, reliable, and performant. Ideally, these systems automate the enablement, 

assumptions, and support of services by maintaining, monitoring, and controlling service 

management, governance, and delivery platforms. Agentic artificial intelligence (AI) 

technology provides the means for highly integrated, autonomous automations that support 

enterprise service delivery and enterprise responsibility. Agentic enterprise service 

automations automate business processes, service management convolutions, and 

enterprise systems. These systems manage self-administering role-based-business-as-a-

service components inside the enterprise ecosystem, addressing the service lifecycle 

management needs of enterprise responsibilities, including enterprise resource planning 

(ERP) and customer relationship management (CRM).             

Agentic AI permits the automation of enterprise responsibilities, enabling Enterprise 

Service Automation with seamless functioning under all circumstances. However, as with 

any enterprise service, such Enterprise Agentic Automations must be governed, risk-

managed, compliant, and assured. The proposed governance architecture offers a 

comprehensive policy, risk, compliance, and assurance framework that addresses 

enterprise needs. It establishes cohesive regulatory, risk, and compliance design principles 



 
covering the life cycle of such enterprise services, extending beyond narrow Operational 

Technology and Information Technology Audit domains. Without a defined governance 

framework, organisations remain exposed to the risk of automation failing to serve the 

executive interest of the organisation leading to unnecessary service delivery failures and 

enterprise reputational damage whilst missing out on the benefits Enterprise Agentic 

Automations can deliver. 

Table 1. GRC Layer Responsibilities and Governing Mechanisms 

Layer Primary Responsibility 
Key 

Mechanism 
Illustrative Metric 

Policy 

Defines design/operation 

rules for agentic AI and 

third-party actors 

Policy-as-code, 

approval gates 

Policy coverage 

ratio (A_p) 

Risk 

Aligns agent decisions 

with business objectives; 

mitigates adverse impact 

Risk register, 

escalation 

triggers 

Risk-mitigation 

coverage (M_r) 

Compliance 

Ensures adherence to 

privacy, security, sector 

regulation 

Regulatory 

mapping, 

control testing 

Compliance 

coverage (C_c) 

Assurance 
Independent verification 

of GRC evidence 

Audit logging, 

third-party 

attestation 

Audit pass rate (%) 

Table 2. Agentic AI Execution Modules (Section 4) 

Module Function Input Output 

Intent 

Understanding 

Parses and 

disambiguates 

business request 

Natural-

language / API 

request 

Structured intent 

object 

Plan 

Generation 

Builds task/decision 

workflow 

Intent object, 

policy 

constraints 

Executable task graph 

Task 

Execution 

Invokes enterprise 

resources via API 

wrappers 

Task graph Task results, logs 

Monitoring 
Tracks throughput, 

latency, faults 

Execution 

telemetry 
Performance metrics 



 

Module Function Input Output 

Improvement 

(Runtime 

Learning) 

Adjusts policy/plan 

based on outcomes 

Metrics, 

escalation 

history 

Updated plan 

heuristics 

Table 3. KAI Trust Pillars (Section 5) 

Pillar Definition 
Governance Question 

Answered 

Explainability 

Rationale for a decision is 

expressible in human-

interpretable terms 

"Why was this decision made?" 

Traceability 

Decision inputs and 

provenance can be 

reconstructed 

"Where did the evidence come 

from?" 

Coherency 
Reasoning is internally 

consistent across the pipeline 

"Does the answer logically 

follow?" 

Auditability 
Full decision trail is retrievable 

for independent review 

"Can this be verified after the 

fact?" 

2. Theoretical Foundations 

Agentic AI concepts encompass the primary notion of autonomy in the formal definition 

of agents and explain agentic systems at organizational, operational, and functional actor 

types. The refinement of a decision workflow comprises the identification of actors and 

their collective decision participation as well as the delineation of intent-supporting data 

sources and structures for the analyst and author roles. The adoption of an actor-network 

theoretic perspective reveals how ensuing purpose designates agency and constructs 

agentic entities by conferring functional operating roles and responsibilities to functionally 

grouped actors.                            

Knowledge-centric decision intelligence involves a formalized computing in the 

knowledge domain complemented by skills and experience cognizance. Data-quality 

provenance provides a basis for decision confidence and impact assessments. Trust in 

automated decision and recommendation systems builds upon four complementary 

propositions: explainability, traceability, coherency, and auditability of operations. Such 

knowledge-centric decision rationale assists audit and regulation processes, ensuring 

enterprise legal responsibility, ethical mandates, and governance framework policy 

compliance.                    

Governance, risk, and compliance (GRC) embody a recognized organizing model that 

lends itself to enterprise IT and security investment planning. The three layers of policy, 

risk, and compliance subsume operations and assurance elements to encompass all facets 



 
of an enterprise's use of GRC. The creation of enterprise governance structure design and 

operations facilities must be modelled or assisted effectively to ensure the undertaking's 

purpose conforms to policy and communication across concern domains. The integration 

of GRC with AI system design, operation supported, use ensured, and system-generated 

recommendations facilitates a design-and-deliver functioning commitment. 

3. Governance and Compliance Architecture 

An integrated governance architecture for agentic AI in enterprises encompasses policy, 

risk, compliance, and assurance elements, along with delineated roles, responsibilities, and 

accountability. Data governance controls safeguarding privacy, security, and compliance 

with regulatory regimes are specified, as are mechanisms for auditing, logging, 

verifiability, and assurance by third parties.                 

An overall governance framework underpins governance, risk, and compliance (GRC) 

considerations across policy, risk, and compliance layers. Policy governs the design, 

operation, and control of agentic AI systems and associated services across enterprise and 

third-party actors. Risk management aligns business objectives with the decisions of AI 

agents and decision-making systems to mitigate potential adverse impacts. Regulatory 

compliance ensures adherence to laws and regulations, including privacy, information 

security, and sector-specific regimes. Assurance collates compliance evidence and 

provides an independent assessment of GRC metrics through direct or indirect auditing and 

logging mechanisms. A formal account of responsibilities, spanning all stakeholders and 

governance bodies, is essential for these GRC elements. 

 

Figure 1. Illustrative risk-coverage weighting across the four GRC layers (Table 1), 

summing to unity. 



 

 

Figure 2. Decision confidence score (Eq. 1) as a function of data-quality index, 

plotted across three provenance-trust levels. 

 

Figure 3. Exponential provenance trust decay (Eq. 3) under slow, moderate, and fast 

decay regimes, with re-validation threshold marked. 



 

4. Agentic AI for Enterprise Service Automation 

The Agentic AI architecture supports an agent-based approach to enterprise service 

automation. It delegates requests to appropriate resources, orchestrates and monitors 

execution, and employs runtime learning loops to enhance reliability and performance. Key 

modules address intent understanding, plan generation, task execution, monitoring, and 

improvement. The approach connects with existing enterprise resources and service 

platforms through API wrappers and other agents, facilitating diverse forms of automation 

and service management. Performance is judged by throughput, reliability, latency, fault 

tolerance, and accident safeguards.                 

AI systems are designed to support specific organizational objectives. These objectives 

inform a risk register that identifies important operational and technology-related risks, risk 

appetite, and modes of escalation. Efforts are made to ensure enterprise agent for enterprise 

service automation align with corporate aims. In practical implementations, failure to do 

so results in partial use of the service.                

The enterprise environment provides a compelling business case for automating service 

delivery. However, current solutions are expensive, insecure, and non-compliant. Agentic 

AI eases the setup and lowers the cost of enterprise service automation, makes enterprise 

offerings available for free or at minimal expense, and embeds security controls and 

compliance in the operating model. 

5. Secure Knowledge-Centric Decision Intelligence 

Knowledge-centric Decision Intelligence delivers high-impact, reliable answers to critical 

queries, leveraging a structured pipeline for transforming raw data into decision-ready 

consumable knowledge. The pipeline encompasses data collection and ingestion; cleaning, 

augmentation, verification, and supervision (CAVS); provenance tracking; and preparation 

of a knowledge graph. Trusted data—protected from tampering and encapsulated in a 

decision knowledge graph—facilitates secure reasoning and answer generation. Security 

features include access control technologies, data encryption, privacy-by-design strategies, 

and secure multiparty computation (SMPC) for outsourced diagram construction without 

compromising privacy.                   

The KAI requires support for answer generation, level of confidence estimation for 

answers, and explanation of the underlying reasoning process. The generation mechanism 

evaluates the associated risk level and, based on defined thresholds and established policy-

based controls, assigns trusted confidence levels to answers. For explainability, generating 

decisions, recommendations, or action plans employs an explainable sub-agent. Since 

decision systems can become targets for adversarial actors, resilience planning involves 

adversarial threat modelling, exploration of points of failure in KAI design and 

implementation, and development of incident response protocols. Grounded in uncertain 

theory, KAI performance measurement focuses on information trustworthiness and quality, 

action- or decision-impact analysis, and overall contribution to positive or negative 

enterprise outcome consequences, allowing lessons learned to form part of knowledge 

curation. 



 
Mathematical Formulas:  

Eq. (1) — Decision Confidence Score:  

C = w1·Q + w2·P + w3·(1 − R),   with w1 + w2 + w3 = 1 

where C is the decision confidence score assigned by the KAI generation mechanism; Q 

is the data-quality index (0–1) from the CAVS pipeline; P is the provenance trust level of 

the source knowledge graph segment; R is the residual risk exposure of the query 

domain; and w1, w2, w3 are policy-defined weighting coefficients. 

Eq. (2) — Composite Governance Trust Score:  

T = ¼(E + Tr + Co + Au) 

where T is the composite trust score for an automated decision or recommendation, and 

E, Tr, Co, Au denote the four normalized (0–1) trust propositions: Explainability, 

Traceability, Coherency, and Auditability. 

Eq. (3) — Provenance Trust Decay:  

T(t) = T0 · e^(−λt) 

where T(t) is the knowledge trust score at time t since last provenance verification, T0 is 

the initial trust score at t = 0, and λ is the domain-specific decay rate. Re-validation is 

triggered when T(t) crosses a governance-defined threshold (e.g., 50%). 

Eq. (4) — GRC Compliance Index:  

GCI = (A_p · M_r · C_c)^(1/3) 

where GCI is the composite Governance-Risk-Compliance index (geometric mean, 

penalizing weak layers more than an arithmetic mean); A_p is policy-adherence 

coverage; M_r is risk-mitigation coverage; and C_c is regulatory compliance coverage, 

each normalized to (0,1]. 

Eq. (5) — Effective Agentic Throughput:  

E_th = N · (1/L) · (1 − F) 

where E_th is effective enterprise throughput, N is the number of concurrently active 

agents, L is mean end-to-end decision latency per task, and F is the observed 

fault/escalation rate requiring human intervention. 

6. Conclusion 

Research questions are addressed by presenting an integrated governance framework 

within enterprise service automation (ESA). The defined framework consists of four layers 

that facilitate the deployment of agentic AI while managing its inherent risks. Key 

components include policy formulation for agentic decision making, identification of 

stakeholder roles and responsibilities, mapping of operational controls, and establishment 

of audit trails for key system functions. The proposed solution remediates governance gaps 

that hinder the safe implementation of current and emerging technologies. In addition, 



 
recommendations support compliance with widely adopted regulatory regimes and 

promote risk-aware usage of agentic AI.                              

The framework adapts principles of enterprise governance, risk management, and 

compliance (GRC) theory for the design and operation of agentic systems. Neither the risk 

management nor compliance layer is part of the agentic AI architecture but must therefore 

be specified separately. The latter considers the resources and systems required for 

assurance that agents, service orchestration, and runtime loops operate in accordance with 

the enterprise’s policies, risk appetite, and business objectives. An integrated GRC solution 

provides the management of enterprise-specific policies, boundaries, and reporting 

functions while providing sufficient independence from the operational teams. 
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