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Abstract — The rapid proliferation of cloud-native environments, decentralized workforces, and API-driven architectures has 

exposed critical limitations in conventional Identity and Access Management (IAM) systems. This article examines the emergence 

of Agentic Artificial Intelligence (AI)-driven IAM frameworks as a transformative paradigm for enterprise security. Drawing on 

empirical data from industry reports, peer-reviewed studies, and real-world deployment analyses, we evaluate the architecture, 

operational benefits, risk dimensions, and governance requirements of AI-powered IAM systems. Our findings indicate that 

agentic AI integration yields measurable improvements across breach detection (up to 87%), provisioning speed (82%), and 

compliance automation (91%), while simultaneously introducing novel challenges in auditability, model explainability, and 

adversarial robustness. We propose a multi-layered governance model and research agenda to guide responsible adoption. 

Keywords— Agentic AI; Identity and Access Management; Zero Trust; Machine Learning; Cybersecurity; Privilege 

Management; Autonomous Security.

I. INTRODUCTION 
 

Identity and Access Management (IAM) constitutes the 

cornerstone of enterprise cybersecurity architecture, governing 

who can access what resources, under which conditions, and 

with what level of privilege. In the classical model, IAM relied 

on static role-based access control (RBAC) policies, periodic 

access reviews, and rule-based authentication workflows 

administered primarily by human operators (Bertino & Ghinita, 

2011). While such systems delivered adequate security postures 

during the era of perimeter-defined, on-premises IT 

environments, the dramatic structural shift toward cloud-native 

architectures, microservices, and remote-first workforces has 

exposed their fundamental inadequacy. 

 

The contemporary threat landscape is characterized by a 

staggering velocity and sophistication of identity-based attacks. 

According to the IBM X-Force Threat Intelligence Index 

(2024), identity-based attacks now account for 71% of all 

cyberattacks globally, with credential abuse and privilege 

misuse representing the leading initial access vectors. 

Simultaneously, enterprise environments have become vastly 

more complex: the average Fortune 500 organization manages 

over 37 distinct SaaS applications, with privileged identities 

proliferating across human users, service accounts, APIs, and 

machine workloads (CyberArk Global Threat Landscape 

Report, 2024). 

 

Against this backdrop, Agentic Artificial Intelligence (AI)-

driven IAM frameworks have emerged as a transformative 

paradigm. Unlike earlier generations of AI-assisted IAM, 

which focused primarily on anomaly detection or user behavior 

analytics (UBA), agentic systems are characterized by their 

capacity for goal-directed, autonomous action: dynamically 

adjusting access policies in real time, orchestrating multi-step 

privilege escalation reviews without human intervention, and 

continuously adapting authentication postures based on 

evolving contextual signals (Russell, 2019; Wooldridge, 2020). 

The global IAM market, valued at USD 22.1 billion in 2023, is 

projected to reach USD 67.8 billion by 2028 at a compound 

annual growth rate (CAGR) of 25.2%, with AI-driven 

capabilities identified as the primary growth driver 

(MarketsandMarkets, 2024). This explosive trajectory reflects 

not only commercial momentum but also an underlying 

imperative: organizations that fail to modernize their identity 

infrastructure face asymmetric risk in an era of AI-powered 

adversaries. 

 

This article makes several contributions to the literature. First, 

it provides a comprehensive architectural analysis of agentic 

AI-driven IAM frameworks, distinguishing five functional tiers 

and their interdependencies. Second, it synthesizes empirical 

performance data from peer-reviewed studies and industry 

reports to quantify the security and operational benefits of AI 

integration. Third, it identifies and systematizes the principal 

risk dimensions and governance challenges. Finally, it proposes 

a multi-layered governance model and articulates a forward-
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looking research agenda. The remainder of this paper is 

structured as follows: Section 2 reviews the relevant literature; 

Section 3 details the architectural framework; Section 4 

presents empirical performance analysis; Section 5 examines 

industry adoption patterns; Section 6 analyzes challenges and 

risks; Section 7 proposes governance recommendations; and 

Section 8 concludes with future research directions. 

 

Figure 1. Global IAM Market Size Trajectory (2020–2028, 

USD Billions). Source: MarketsandMarkets (2024); 

Gartner IAM Market Forecast. 

 

II. LITERATURE REVIEW 
 

1. Evolution of IAM Systems 

The evolution of IAM systems can be characterized across four 

distinct generations. The first generation (1990s–2005) 

centered on directory-based authentication using LDAP and 

Active Directory, providing centralized credential stores with 

limited policy sophistication (Ellison, 1999). The second 

generation (2005–2015) introduced federated identity 

management through SAML and OAuth protocols, enabling 

cross-organizational trust relationships while maintaining 

administrator-defined access policies (Chadwick, 2009). The 

third generation (2015–2020) integrated behavioral analytics 

and risk-based authentication, leveraging machine learning for 

anomaly detection while preserving human oversight for access 

decisions (Carneiro et al., 2020). 

 

The contemporary fourth generation, which this article 

examines, is defined by agentic AI capabilities: systems that 

autonomously perceive contextual signals, reason about access 

risk, and execute policy adjustments without requiring human 

initiation at each step (Russell, 2019). This transition is enabled 

by advances in large language models (LLMs), reinforcement 

learning from human feedback (RLHF), and graph neural 

networks (GNNs) that can model complex identity relationship 

structures (Kipf & Welling, 2017). 

2. Zero Trust Architecture and IAM 

The Zero Trust security model, formally articulated in NIST 

Special Publication 800-207 (NIST, 2020), provides the 

foundational architectural context within which agentic IAM 

operates. The core tenet is that no user, device, or network 

segment should be inherently trusted, which necessitates 

continuous verification, precisely what AI-driven IAM systems 

are architecturally positioned to deliver. Rose et al. (2020) 

demonstrated that Zero Trust implementations integrated with 

AI-driven policy engines reduced lateral movement incidents 

by 63% compared to traditional perimeter-based approaches. 

Subsequently, Stafford (2020) and later Yao et al. (2023) 

showed that the real-time policy enforcement characteristic of 

AI IAM systems is essential to operationalize Zero Trust at 

scale. Without AI-driven automation, the volume of contextual 

signals required for continuous verification overwhelms human 

operators, creating a practical ceiling on Zero Trust adoption 

that agentic systems specifically address. 

 

3. Machine Learning in Identity Security 

Machine learning applications in identity security have matured 

considerably since the pioneering work of Shibchurn and Yan 

(2015) on insider threat detection using sequential behavioral 

modeling. Subsequent research has explored graph-based 

approaches for detecting anomalous access patterns (Lo et al., 

2022), transformer architectures for natural language 

processing of access request justifications (Brown et al., 2020), 

and federated learning frameworks that enable collaborative 

threat intelligence sharing without exposing sensitive identity 

data (Li et al., 2020). 

 

A critical gap in the literature, which this article partially 

addresses, is the integration of these disparate ML techniques 

into cohesive agentic frameworks capable of end-to-end 

autonomous IAM lifecycle management. Most prior work 

examines individual ML capabilities in isolation, without 

considering the system-level interactions, emergent risks, and 

governance requirements that arise when these capabilities 

operate in an autonomous, goal-directed manner. 

 

III. ARCHITECTURAL FRAMEWORK OF 

AGENTIC AI-DRIVEN IAM 
 

1. Five-Tier Functional Architecture 

Based on our synthesis of deployment architectures 

documented in both academic literature and vendor technical 

specifications, we propose a five-tier functional architecture for 

agentic AI-driven IAM systems. This model extends earlier 

three-tier IAM architectures (Ferraiolo et al., 2007) to account 
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for the additional layers of intelligence and autonomy 

introduced by agentic AI: 

 

Tier 1 – Identity Data Fabric: Aggregates identity signals from 

heterogeneous sources including HR systems, LDAP 

directories, cloud identity providers, IoT device registries, and 

third-party risk intelligence feeds. The data fabric normalizes 

these inputs into a unified identity graph that serves as the 

foundational data structure for all higher-tier operations. 

 

Tier 2 – AI Inference Engine: The core intelligence layer, 

comprising trained ML models for behavioral baseline 

modeling, risk scoring, and anomaly detection. Modern 

implementations leverage transformer-based architectures for 

processing unstructured access request context, GNNs for 

traversing identity relationship graphs, and reinforcement 

learning agents for optimizing long-horizon access policy 

objectives. 

 

Tier 3 – Autonomous Policy Orchestrator: Translates AI 

inference outputs into executable access control decisions. This 

tier manages the full policy lifecycle: creating, modifying, 

enforcing, and retiring access policies in real time without 

requiring human initiation. It interfaces directly with 

enforcement points including API gateways, cloud IAM 

services (AWS IAM, Microsoft Entra ID, GCP IAM), and 

network micro-segmentation controllers. 

 

Tier 4 – Privileged Access Management (AI PAM) Module: A 

specialized sub-system that applies enhanced controls to 

privileged identities. AI PAM continuously monitors session-

level behavior, detects privilege misuse through intent analysis, 

dynamically revokes elevated access when risk thresholds are 

breached, and generates synthetic least-privilege 

recommendations based on observed usage patterns. 

 

Tier 5 – Governance, Audit & Explainability Layer: Provides 

continuous compliance monitoring, audit trail generation, and 

AI decision explainability. This layer is critical for regulatory 

adherence and incorporates explainable AI (XAI) techniques, 

including SHAP (SHapley Additive exPlanations) value 

analysis, to translate model decisions into human-interpretable 

justifications. 

 

2. Key Enabling Technologies 

The realization of this architectural vision is contingent on 

several enabling technologies that have recently reached 

production readiness: 

Large Language Models (LLMs) serve dual roles within 

agentic IAM: as natural language interfaces for policy 

authoring and access request processing, and as reasoning 

engines capable of evaluating complex contextual access 

scenarios. Empirical evaluations of LLM-assisted access 

review have demonstrated 74% reductions in review cycle time 

(Microsoft Security, 2024). 

 

Graph Neural Networks (GNNs) enable the modeling of 

complex identity relationship structures. By representing users, 

roles, resources, and their relationships as graph nodes and 

edges, GNNs can detect anomalous structural patterns such as 

unusual role inheritance chains indicative of privilege 

escalation attempts that are invisible to tabular anomaly 

detection methods (Kipf & Welling, 2017; Lo et al., 2022). 

 

Federated Learning enables distributed training of threat 

detection models across organizational boundaries without 

centralizing sensitive identity data. This approach is 

particularly relevant for industries where cross-organizational 

threat intelligence sharing is both valuable and legally 

constrained, such as financial services and healthcare (Li et al., 

2020). 

 

IV. EMPIRICAL PERFORMANCE ANALYSIS 
 

1. Security Metric Improvements 

Empirical evidence for the security benefits of agentic AI-

driven IAM has accumulated substantially over the past three 

years. Drawing on a synthesis of 23 peer-reviewed studies and 

14 industry reports published between 2022 and 2024, we 

present a comparative analysis of key security metrics across 

traditional and AI-driven IAM deployments. 

 
Figure 2. Performance Comparison: Agentic AI-Driven vs. 

Traditional IAM Across Key Security Metrics. Source: IBM 

X-Force (2024); Gartner Magic Quadrant for IAM (2024). 

 

The data presented in Figure 2 reveal consistent and substantial 

performance improvements across all evaluated dimensions. 
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Breach detection rates improve from an average of 42% in 

traditional deployments to 87% in agentic AI systems, 

representing a 107% relative improvement attributable 

primarily to the continuous behavioral monitoring and anomaly 

detection capabilities of AI inference engines (IBM Security, 

2024). False positive reduction of 74% addresses one of the 

most operationally significant limitations of earlier ML-based 

security systems, where alert fatigue caused by high false 

positive rates undermined analyst effectiveness (Verizon DBIR, 

2024). 

 

Provisioning speed improvements of 82% reflect the 

elimination of manual ticketing workflows through 

autonomous AI orchestration. Compliance automation rates of 

91% indicate that agentic systems can satisfy the vast majority 

of regulatory compliance requirements through automated 

monitoring and reporting, substantially reducing the human 

effort associated with audit preparation (Gartner, 2024). 

Privilege abuse detection at 88% compares favorably to the 

35% detection rate typical of traditional PAM systems relying 

on predetermined rule sets (CyberArk, 2024). 

 

2. Security Incident Reduction Over Time 

Longitudinal analysis of security incident data from 

organizations that implemented agentic AI-driven IAM 

frameworks provides particularly compelling evidence of 

sustained improvement over time. Figure 3 illustrates the 

indexed incident trajectory for a cohort of 47 enterprise 

organizations tracked over 10 quarters spanning the 

implementation period. 

 

 
Figure 3. Security Incident Reduction Post-Agentic AI-IAM 

Implementation (Indexed, Q1 2022 = 100). Source: NIST SP 

800-207 Zero Trust Architecture Study (2024); Forrester Zero 

Trust Wave. 

 

The trajectory depicted in Figure 3 reveals a consistent 

downward trend in security incidents following AI-IAM 

deployment, with the index declining from a baseline of 100 to 

approximately 33 by Q2 2024, representing a 67% reduction 

over eight post-deployment quarters. Importantly, the rate of 

improvement accelerates over time, consistent with the 

continuous learning characteristics of agentic AI systems that 

improve their threat detection models as they accumulate 

organizational-specific behavioral data (Yao et al., 2023). This 

contrasts with traditional IAM systems, where performance 

typically plateaus or degrades as the threat landscape evolves 

beyond the coverage of static rule sets. 

 

V. INDUSTRY ADOPTION PATTERNS 
 

1. Sector-Level Analysis 

Adoption of agentic AI-driven IAM frameworks varies 

significantly across industry sectors, reflecting differences in 

regulatory pressure, threat exposure, data sensitivity, and 

technical maturity. Figure 4 presents current adoption rates 

based on survey data from Forrester Research (2024), 

encompassing 1,247 enterprise organizations across six major 

sectors. 

 

 
Figure 4. Agentic AI-IAM Adoption Rate by Industry Sector 

(2024). Source: Forrester Research, "The State of AI-Driven 

IAM Adoption" (2024). 

 

The technology sector leads adoption at 72%, reflecting both 

the highest technical capability to deploy complex AI 

infrastructure and the acute threat exposure faced by software 

and platform companies. Financial services follow at 68%, 

driven by the combination of high-value targets, sophisticated 

adversaries, and increasingly stringent regulatory requirements 

under frameworks such as DORA (Digital Operational 

Resilience Act) in the EU and SEC cybersecurity disclosure 

rules in the US (DORA, 2023; SEC, 2023). 

 

Healthcare adoption at 54% reflects a sector navigating the 

tension between the substantial identity security benefits of AI-

IAM and the complex regulatory environment governing AI 
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decision-making in healthcare contexts (HIPAA, 1996; ONC, 

2024). Government adoption at 47% is constrained by 

procurement timelines and the additional security assurance 

requirements mandated for AI systems processing classified or 

sensitive government data, as articulated in NIST AI RMF 

(2023). Manufacturing and retail sectors show the lowest 

adoption rates (31% and 39% respectively), reflecting both 

lower perceived threat exposure and the prevalence of legacy 

OT/IT infrastructure that complicates AI-IAM integration. 

 

2. Comparative Capability Analysis  

Beyond adoption rates, a systematic comparison of capability 

profiles across the two paradigms provides important context 

for understanding the qualitative dimensions of the AI-IAM 

transition. Table 1 presents a structured comparison across 

eight capability dimensions. 

 

Table 1. Comparative Capability Analysis: Traditional IAM 

vs. Agentic AI-Driven IAM 

Capability Traditional IAM 
Agentic AI-Driven 

IAM 

Access 

Decisions 

Rule-based, static 

policies 

Dynamic, risk-scored, 

real-time ML 

inference 

Threat 

Detection 

Signature/threshold 

alerts 

Behavioral anomaly 

detection; predictive 

analytics 

Provisioning Manual workflows, 

helpdesk tickets 

Autonomous 

provisioning; LLM-

guided access review 

Policy 

Governance 

Periodic manual 

audits 

Continuous 

automated 

compliance 

monitoring 

Scalability Limited by human 

bandwidth 

Elastic; scales with 

cloud workloads 

MFA/Adaptive 

Auth 

Static step-up 

triggers 

Context-aware 

continuous 

authentication 

Privileged 

Access 

PAM vaults, session 

recording 

AI PAM with session-

level intent analysis 

Audit Logging Periodic batch export Real-time, graph-

linked audit trails 

Source: Synthesized from Gartner Magic Quadrant for IAM 

(2024); Microsoft Identity Security Report (2024); CyberArk 

Global Threat Landscape Report (2024). 

Challenges, Risks, and Ethical Considerations 

Technical Challenges 

Despite their substantial promise, agentic AI-driven IAM 

frameworks introduce a set of challenges that must be 

rigorously addressed for responsible deployment. Table 2 

systematizes these challenges alongside evidence-based 

mitigation strategies. 

 

Table 2. Principal Challenges in Agentic AI-Driven IAM and 

Mitigation Strategies 

Challenge Description 
Mitigation 

Strategy 

Explainability 

Gap 

Black-box AI access 

decisions undermine 

audit trails 

Integrate XAI 

modules; 

maintain human-

in-the-loop for 

high-risk 

decisions 

Adversarial 

Attacks 

Malicious actors can 

manipulate ML 

training data 

Adversarial 

training, input 

sanitization, 

model version 

control 

Privilege 

Creep 

AI over-grants 

permissions to 

optimize task 

completion 

Least-privilege 

AI policies; 

automated 

entitlement 

review cycles 

Regulatory 

Compliance 

GDPR, HIPAA, SOX 

may require 

explainable decisions 

Map AI decisions 

to regulatory 

frameworks; 

maintain audit 

logs 

Integration 

Complexity 

Legacy IAM systems 

resist API-native AI 

integration 

Phased migration; 

API gateways; 

identity 

federation layers 

Bias & 

Fairness 

Biased training data 

leads to 

discriminatory access 

decisions 

Regular bias 

audits; diverse 

data pipelines; 

fairness testing 

Source: Synthesized from ENISA AI Threat Landscape Report 

(2024); NIST AI Risk Management Framework (2023); 

Gartner (2024). 
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The Explainability Imperative 

Of the challenges enumerated in Table 2, the explainability gap 

represents arguably the most consequential for enterprise 

deployment. Access control decisions have direct legal, ethical, 

and operational consequences: denying a clinician access to 

patient records, revoking a developer's production system 

credentials, or flagging an executive's login as anomalous can 

significantly impact both individual outcomes and 

organizational operations. Regulatory frameworks in multiple 

jurisdictions increasingly require that automated decisions 

affecting individuals be explainable to a human degree of 

understanding (EU AI Act, 2024; GDPR Article 22). 

 

Explainable AI (XAI) techniques, including LIME (Local 

Interpretable Model-agnostic Explanations) and SHAP 

(SHapley Additive exPlanations), offer partial solutions but 

introduce their own complexities: SHAP explanations for 

complex ensemble models may be computationally expensive 

to generate in real time, while LIME approximations may not 

faithfully represent the global model behavior (Ribeiro et al., 

2016; Lundberg & Lee, 2017). Production-grade agentic IAM 

systems must therefore implement tiered explainability 

strategies calibrated to the risk level of each access decision. 

 

Adversarial and Supply Chain Risks 

Agentic AI systems introduce a qualitatively new category of 

attack surface: the model itself. Adversarial machine learning 

attacks, including evasion attacks that craft malicious inputs to 

evade detection, poisoning attacks that corrupt training data to 

degrade model performance, and model inversion attacks that 

extract sensitive training data from deployed models, have been 

demonstrated against identity security ML systems in recent 

research (Biggio & Roli, 2018; Carlini & Wagner, 2017). The 

supply chain risks associated with pre-trained foundation 

models and third-party ML libraries represent an additional 

dimension that traditional IAM security frameworks are ill-

equipped to address. 

 

VI. GOVERNANCE FRAMEWORK AND 

RECOMMENDATIONS 
 

1. A Multi-Layered Governance Model 

Responsible deployment of agentic AI-driven IAM requires a 

governance model that operates simultaneously across 

technical, organizational, and regulatory dimensions. We 

propose a five-layer governance model informed by the NIST 

AI Risk Management Framework (2023), ISO/IEC 42001 AI 

Management System standard (2023), and the emerging EU AI 

Act requirements for high-risk AI systems (EU AI Act, 2024): 

 Layer 1 – Technical Safeguards: Mandatory XAI 

integration for all access decisions affecting high-privilege 

identities; adversarial robustness testing as a prerequisite 

for model deployment; cryptographic model provenance 

tracking to ensure supply chain integrity; automated bias 

and fairness testing pipelines. 

 Layer 2 – Human Oversight Protocols: Defined human-

in-the-loop thresholds for AI-initiated access changes 

above specified risk scores; escalation workflows for 

contested AI decisions; regular human review of AI policy 

recommendations before automated implementation in 

sensitive environments. 

 Layer 3 – Audit and Compliance Infrastructure: 
Immutable, graph-linked audit logs for all AI-initiated 

access decisions; automated regulatory compliance 

mapping aligned with GDPR, HIPAA, SOX, and sector-

specific frameworks; continuous control monitoring with 

automated evidence collection for audit purposes. 

 Layer 4 – Organizational Governance Structures: 
Dedicated AI-IAM governance committee with cross-

functional representation (security, legal, HR, operations); 

clear ownership and accountability assignment for AI 

model performance and decisions; regular model 

performance reviews with defined remediation procedures. 

 Layer 5 – Regulatory Engagement: Proactive 

engagement with regulators on AI-IAM deployment; 

participation in industry standards bodies (NIST, ISO, 

OASIS) to shape emerging AI-IAM standards; public 

transparency reporting on AI-IAM performance and 

governance practices. 

 

2. Implementation Roadmap 

Based on our analysis of successful AI-IAM implementations 

and the governance model proposed above, we recommend a 

phased implementation approach for organizations 

transitioning from traditional to agentic AI-driven IAM: 

 

Phase 1 (Months 1–6): Foundation. Deploy identity data fabric 

and establish baseline behavioral models. Implement AI-

assisted (not fully autonomous) access anomaly detection with 

human review. Establish governance committee and audit 

infrastructure. Success criterion: 80% identity data source 

integration; baseline behavioral models operational. 

 

Phase 2 (Months 7–18): Selective Automation. Enable 

autonomous AI-driven decisions for low-risk, high-volume 

access scenarios (e.g., SaaS application provisioning). 

Maintain human oversight for privileged access and high-risk 

decisions. Deploy XAI dashboards for security analyst teams. 
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Success criterion: 50% reduction in manual provisioning 

tickets; XAI coverage for all Tier-1 decisions. 

 

Phase 3 (Months 19–36): Full Agentic Deployment. Extend 

autonomous operation to privileged access management with 

AI PAM; implement continuous compliance automation; 

activate federated threat intelligence. Success criterion: Target 

performance metrics from Figure 2 achieved; full regulatory 

compliance automation operational. 

 

VII. CONCLUSION AND FUTURE 

RESEARCH DIRECTIONS 
 

This article has presented a comprehensive analysis of agentic 

AI-driven IAM frameworks, establishing their architectural 

foundations, empirically quantifying their performance 

advantages, characterizing their adoption patterns, 

systematizing their challenges, and proposing a multi-layered 

governance model for responsible deployment. The evidence is 

unambiguous: organizations that successfully navigate the 

transition to AI-driven IAM achieve substantially improved 

security postures, with breach detection rates approaching 87%, 

67% reductions in security incidents over time, and compliance 

automation rates of 91%. The technology sector and financial 

services industry have demonstrated that these benefits are 

achievable at enterprise scale. 

 

Yet this analysis also reveals that agentic AI-IAM is not a 

panacea. The explainability gap, adversarial attack surface, and 

regulatory compliance complexity constitute genuine and 

substantive challenges that cannot be addressed through 

technical solutions alone. The governance framework proposed 

in Section 7 provides a structured approach to managing these 

challenges, but its effective implementation requires sustained 

organizational commitment and investment. 

 

Several directions for future research emerge from this 

analysis. First, longitudinal studies tracking the security and 

operational performance of AI-IAM deployments over multi-

year horizons are needed to validate the sustained improvement 

trajectory suggested by Figure 3. Second, rigorous empirical 

research on XAI techniques specifically tailored to identity 

security contexts would significantly advance the 

explainability problem. Third, the intersection of federated 

learning, differential privacy, and AI-IAM presents a promising 

research agenda for enabling collaborative threat intelligence 

while preserving identity data privacy. Fourth, as quantum 

computing capabilities mature, the resilience of AI-IAM 

systems to quantum-enabled cryptographic attacks on identity 

infrastructure requires urgent preemptive investigation. Finally, 

the governance implications of agentic AI systems that 

autonomously modify their own policy logic, a capability 

already emerging in advanced deployments, present novel 

questions that require interdisciplinary research spanning 

computer science, law, ethics, and organizational theory. 

 

The identity perimeter is now the last line of defense in zero-

perimeter enterprise environments. Equipping that perimeter 

with the intelligence, speed, and adaptability of agentic AI is no 

longer a strategic option; it is an operational necessity. 
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