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Abstract: Enterprise IT operations face a widening mismatch between incident volume and variability on one side, and the rule-

based automation built to manage them on the other. Scripted runbooks and static alerting thresholds work well for narrow, 

predictable failures, but they degrade quickly as environments scale in service count, dependency depth, and telemetry volume. 

This paper proposes an architectural framework for agentic artificial intelligence systems aimed at that gap in enterprise incident 

resolution and operational decision-making. We argue that agentic AI is a genuinely different paradigm from prior automation 

approaches, built on planning, tool use, and bounded autonomy rather than fixed condition-action scripting. The framework 

organizes agentic operations into four layers: specialized agents mapped to discrete operational functions (triage, knowledge 

retrieval, root-cause synthesis, and remediation); an orchestration layer that coordinates these agents across a live incident; a 

retrieval-augmented generation (RAG) layer that grounds agent outputs in verifiable enterprise knowledge rather than 

unconstrained model generation; and a governance layer that treats confidence-based escalation, audit trails, and human oversight 

as structural design requirements rather than afterthoughts. We position this framework against existing work on AIOps, root-cause 

analysis, and multi-agent orchestration, and we frame our contribution as a continuation of that work rather than an unprecedented 

capability. Separately from that literature synthesis, we report a set of practitioner-observed outcomes drawn from direct exposure 

to agentic automation deployments in enterprise settings. These figures are presented explicitly as practitioner observations, not as 

results from a controlled or peer-reviewed study, and they are not offered as confirmatory evidence for the architecture itself. The 

paper closes with an honest look at the limits of a single-practitioner evidentiary base and names open problems in governance 

specification and confidence calibration that the current literature has not resolved. 
Keywords: Agentic artificial intelligence; enterprise IT operations; retrieval-augmented generation; multi-agent systems; AIOps; 

human-AI governance 

 

1. Introduction 

Enterprise IT operations have relied for more than a decade on rule-based automation to handle the routine 

mechanics of incident response: alert correlation, ticket routing, threshold-based paging, scripted remediation for well-

understood failure signatures. These systems work reliably inside the boundaries they were built for. A script that 

restarts a service when a specific error code recurs does exactly what it is told, every time, and a routing rule that sends 

tickets with certain keywords to a particular queue behaves just as predictably. The trouble is that modern enterprise 

environments do not remain within those boundaries. As organizations scale their service footprints, adopt 

microservice and distributed architectures, and generate telemetry at a volume no static rule set can anticipate, incident 

variability starts to outpace what scripted logic can express. New failure modes emerge from combinations of 

dependencies nobody wrote a rule for. Incident volume grows faster than the headcount available to triage it. The 

result is a widening gap between what rule-based automation can handle and what enterprise operations actually need, 
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a gap that shows up operationally as alert fatigue, longer mean time to resolution, and a persistent backlog of incidents 

that require human judgment simply because no prior rule matches their shape. 

The market appears to be responding to this gap already. Gartner's 2025 forecast projects that 40 percent of 

enterprise applications will feature task-specific AI agents by 2026, up from a small fraction today, which suggests 

the shift this paper describes is already underway at the tooling and vendor level rather than a hypothetical future state 

[1]. That prediction is useful context for the architecture we propose here: it tells us the industry is moving toward 

agentic capability quickly, but it says nothing about how that capability should be structured, governed, or trusted with 

production decisions, which is the gap this paper actually addresses. 

Agentic artificial intelligence is, in our view, a genuinely different response to this problem, not just a more 

sophisticated automation layer bolted onto the same rule-based foundation. Scripted automation executes a fixed 

sequence of actions in response to a fixed set of conditions. An agentic system instead plans a course of action based 

on the specifics of a situation, invokes tools and data sources as needed to gather evidence, and operates within 

bounded autonomy rather than either full manual control or full unsupervised execution. This distinction matters 

architecturally, not just conceptually. An agentic system can, in principle, reason about an incident it has never seen 

by retrieving relevant precedent, decomposing the investigation across specialized functions, and proposing a course 

of action with an associated confidence level, rather than either blindly executing or refusing to act. Recent surveys 

of the agentic AI landscape describe this shift as a move from static, pre-programmed behavior toward systems capable 

of goal-directed planning and tool invocation within defined operational boundaries [2], and index efforts have started 

cataloging the technical and safety features that separate such systems from earlier automation approaches [3]. 

This paper's contribution is architectural, not empirical. We propose a four-layer framework for agentic 

enterprise operations: specialized agents mapped to discrete incident-resolution functions, an orchestration layer that 

coordinates those agents through a live incident, a retrieval-augmented generation layer that grounds agent reasoning 

in verifiable enterprise knowledge rather than unconstrained generation, and a governance layer that treats confidence-

based escalation, human oversight, and auditability as structural components rather than external controls added later. 

We draw a deliberate line between two categories of material in this paper. The first is a synthesis of existing literature 

on agentic AI, retrieval-augmented generation, multi-agent orchestration, and AIOps, which we use to motivate and 

situate the architecture. The second is a set of practitioner-observed outcomes drawn from direct professional exposure 

to agentic automation deployments in enterprise settings, which we present separately, with explicit caveats about its 

evidentiary weight, in Section VI. We are not claiming this architecture is the first of its kind, and we are not claiming 

the literature we cite represents some void this paper fills. Rather, we argue that current work leaves specific 

components, particularly orchestration logic and governance specification, underspecified in ways a coherent 

architectural framework can help address. 

The rest of the paper works as follows. Section II lays out the conceptual foundations the framework rests on: 

agentic AI as a distinct paradigm, RAG as a grounding mechanism, multi-agent orchestration theory, and this 

framework's position relative to the AIOps and root-cause analysis literature. Section III presents the architecture 

itself, including a mapping of specialized agent roles to operational functions. Section IV describes how these agents 

collaborate during a live incident, with attention to distributed reasoning in root-cause investigation. Section V 

addresses governance, explainability, and human oversight as architectural rather than procedural concerns. Section 

VI reports practitioner-observed outcomes, clearly separated from the literature synthesis. Section VII discusses how 

these two evidentiary strands fit together, the limits of the current work, and open problems in the literature. Section 

VIII concludes. 

2. Conceptual Foundations 

2.1 Agentic AI as a Distinct Paradigm 

We use "agentic" here to mean systems that plan a sequence of actions toward a goal, invoke external tools and 

data sources to gather evidence or take action, and operate within bounded rather than unconstrained autonomy. That 
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is a real departure from scripted automation, where the mapping from trigger condition to action is fixed at design 

time and cannot adapt to circumstances the designer did not anticipate. Abou Ali and Dornaika's survey of agentic AI 

architectures frames this shift in terms of planning capability, tool integration, and increasingly autonomous decision 

loops, separating agentic systems from earlier task-specific automation and from single-shot generative model calls 

that produce an output but never act on it [2]. The MIT AI Agent Index makes a similar point: what distinguishes an 

agentic system is not merely the use of a large language model, but the presence of a planning-execution loop paired 

with defined technical and safety features that bound what the system may do on its own [3]. 

Bounded autonomy is the operative idea for enterprise deployment. An agentic system deployed in an enterprise 

setting is not expected to act without constraint. Its autonomy is scoped to specific classes of decisions, with escalation 

to human oversight built into the architecture wherever the consequences of a wrong decision exceed an acceptable 

threshold. That is a deliberate architectural stance, developed further in Sections III and V, and it separates the 

framework proposed here from a more permissive vision of fully autonomous operations. 

2.2 RAG as a Grounding Mechanism 

A second conceptual pillar is retrieval-augmented generation, introduced by Lewis et al. as a way of combining 

a parametric language model with a non-parametric retrieval mechanism over an external knowledge source, so model 

outputs are conditioned on retrieved documents rather than generated purely from the model's internal parameters [4]. 

In an enterprise operations context, this grounding mechanism does specific architectural work: it constrains agent 

outputs to content traceable back to verifiable enterprise knowledge (runbooks, prior incident records, configuration 

documentation, monitoring data) rather than letting an agent generate a plausible-sounding but unverified 

recommendation. Later surveys of RAG techniques have extended the original formulation with hybrid retrieval 

strategies, re-ranking mechanisms, and multi-hop retrieval pipelines that improve how faithfully retrieved evidence 

matches the query at hand [5]. For enterprise knowledge management specifically, RAG has been proposed as a way 

to ground document automation and knowledge retrieval workflows in verifiable organizational records rather than 

general-purpose model knowledge [6]. This grounding property matters directly to the framework in Section III: it is 

what lets agent recommendations be evaluated against a traceable evidentiary chain instead of treated as an opaque 

model output. 

2.3 Multi-Agent Systems and Orchestration Theory 

The third conceptual foundation is how a task as complex as incident resolution can be broken up across 

multiple coordinating agents rather than handled by one monolithic model. Chen et al.'s survey of large language 

model-based multi-agent systems describes the general pattern: a task gets decomposed into subtasks assigned to 

specialized agents, each with a narrower scope of responsibility and a defined interface for exchanging information 

with other agents, and a coordinating mechanism decides how those agents' outputs get synthesized into a final 

decision or action [7]. This decomposition follows the same logic that underlies specialization in human organizations. 

A narrower scope of responsibility allows deeper competence within that scope, and clearer accountability for outputs. 

Orchestration is what makes this decomposition operationally coherent. A recent survey of large language 

model-based multi-agent orchestration catalogs the frameworks, communication protocols, and coordination patterns 

that have emerged to manage inter-agent communication, task routing, and conflict resolution when multiple agents' 

outputs need reconciling [8]. As we discuss further in Section III.2, this literature treats orchestration as a critical but 

still loosely specified component. Many proposed architectures describe what specialized agents should do without 

fully specifying how the coordinating layer between them should behave under contention, partial failure, or 

conflicting recommendations. This is one of the gaps the framework in this paper tries to address concretely, by 

treating orchestration logic as its own architectural layer with its own design requirements, rather than an implicit 

byproduct of agent design. 

2.4 Positioning Against AIOps and RCA Literature 
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It is worth situating this framework relative to the existing literature on AIOps and automated root-cause 

analysis (RCA), rather than presenting agentic architectures as though they arrive out of nowhere. AIOps, the 

application of machine learning and statistical methods to IT operations data such as logs, metrics, and traces, has 

been an active area of both industry and academic work for years. Cheng et al. survey the application of AI methods 

to cloud platform operations, covering anomaly detection, log analysis, and correlation techniques that precede the 

agentic paradigm and remain foundational to it [9]. A more recent survey looks specifically at how large language 

models are reshaping AIOps practice, noting the shift from purely statistical anomaly detection toward language-

model-mediated reasoning over operational data [10]. Industry analyses, including Gartner's market guidance on 

AIOps adoption, further document the operational maturity and adoption patterns of AIOps tooling in enterprise 

contexts [11]. 

We position the framework here as a continuation of, rather than a replacement for, this body of work. AIOps 

techniques, anomaly detection, log correlation, dependency mapping, remain the substrate the agentic layer operates 

on. What agentic architecture adds is a reasoning and coordination layer capable of synthesizing these signals into a 

decision with an associated confidence level, instead of surfacing an anomaly score for a human to interpret unaided. 

On root-cause analysis specifically, Roy et al.'s study of large language model-based agents for RCA in a production 

Microsoft environment shows that agentic reasoning over incident evidence can outperform simpler retrieval or 

classification baselines at identifying plausible root causes [12], and Tian et al.'s more recent work on graph-

augmented agentic workflows for RCA extends this by folding service dependency graphs directly into the agentic 

reasoning loop [13]. We draw on both studies in Section IV to motivate the distributed reasoning model proposed 

there. We are not claiming this paper identifies some previously unaddressed problem in AIOps or RCA. Rather, we 

argue that the specific combination of RAG-grounded retrieval, multi-agent decomposition, and governance-as-

architecture proposed here has not been pulled together into one coherent enterprise-operations framework the way 

we attempt here. 

3. Architectural Framework for Agentic Enterprise Operations 

3.1 Specialized Agent Roles 

The framework we propose organizes incident-resolution work across four specialized agent roles, each mapped 

to a discrete operational function rather than to a general-purpose "do everything" agent. This follows directly from 

the multi-agent decomposition principle discussed in Section II.3: narrower scope allows clearer accountability and a 

more tractable evaluation of each agent's outputs. 

The triage agent handles incident classification and prioritization. It consumes ticket metadata and historical 

incident patterns to determine the likely category and severity of an incoming incident, and it is the one agent in the 

framework granted autonomous decision authority, but only for low-risk classification decisions. Assigning a priority 

label or routing category carries limited downside if it is wrong, which is why we scope its autonomy accordingly. 

The knowledge-retrieval agent retrieves grounding evidence from enterprise knowledge sources: internal 

documentation, knowledge base articles, and records of prior incidents with similar characteristics. Its output is 

recommend-only. It surfaces candidate evidence for other agents and human reviewers to evaluate, but does not 

authorize any action itself. 

The dependency and telemetry agent maps service dependencies and analyzes real-time monitoring feeds and 

topology data to characterize the operational state of the systems involved in an incident. Like the knowledge-retrieval 

agent, its output is recommend-only, feeding evidence into the reasoning process rather than triggering action directly. 

The root-cause agent synthesizes the outputs of the triage, telemetry, and knowledge-retrieval agents into one 

or more candidate root-cause hypotheses. This synthesis role is deliberately distinct from the data-gathering roles. It 

operates one level higher in the reasoning chain, combining evidence from multiple sources rather than gathering 

evidence itself. Its output is also recommend-only. 



 

1909 

The remediation agent proposes, and in certain conditions executes, remediation steps based on the root-cause 

agent's output and a library of established runbooks. This is the only agent in the framework whose autonomy is 

conditional rather than fixed. It may act autonomously when its confidence in a proposed remediation exceeds a 

defined threshold, and must otherwise operate in a recommend-only capacity, deferring to a human operator. 

Table 1 summarizes this mapping of agent roles to operational functions, inputs, and decision authority. 

TABLE 1. Agent-to-Function Mapping 

Agent Type Primary Operational 

Function 
Key Inputs Decision Authority 

Triage Agent Incident classification and 

prioritization 
Ticket metadata, historical 

patterns 
Autonomous (low-risk 

classification only) 

Knowledge-Retrieval 

Agent 
Retrieves grounding 

evidence from enterprise 

knowledge sources 

Knowledge base, 

documentation, prior 

incident records 

Recommend-only 

Dependency/Telemetry 

Agent 
Maps service 

dependencies and 

analyzes real-time 

telemetry 

Monitoring feeds, 

topology maps 
Recommend-only 

Root-Cause Agent Synthesizes cross-agent 

evidence into candidate 

root causes 

Triage + telemetry + 

knowledge outputs 
Recommend-only 

Remediation Agent Proposes or executes 

remediation steps 
Root-cause output, 

runbook library 
Autonomous only above 

confidence threshold, else 

recommend-only 

3.2 Orchestration Layer 

The orchestration layer is, in our assessment, the most underspecified piece of current agentic architecture 

proposals in the literature, and it is worth being explicit about why that matters. Surveys of multi-agent orchestration 

catalog a range of coordination patterns, hierarchical delegation, peer-to-peer negotiation, blackboard-style shared 

memory, but generally stop short of prescribing how a coordinating layer should resolve specific operational failure 

modes: what happens when two specialized agents produce conflicting recommendations, when an agent's tool call 

times out mid-investigation, or when the volume of concurrent incidents exceeds the orchestration layer's capacity to 

route them promptly [8]. For an enterprise incident-resolution system, these are not edge cases but routine operational 

conditions. 

In the framework proposed here, the orchestration layer works as the coordination hub through which all 

specialized agents communicate, rather than allowing direct agent-to-agent handoffs. This centralization is deliberate. 

It makes the orchestration layer the single point where conflicting evidence can get reconciled, where the state of an 

in-progress incident investigation is maintained, and where the governance layer (Section III.4) can step in without 

needing visibility into every individual agent's internal state. The orchestration layer receives outputs from the triage, 

knowledge-retrieval, telemetry, and root-cause agents. It sequences their invocation appropriately for a given incident, 

aggregates their outputs into a coherent evidentiary record, and passes that record either to the remediation agent or 

to a human operator depending on the confidence and risk classification of the situation (Section III.3, Section V). 
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Figure 1. Multi-Agent Architecture for Agentic Enterprise Operations. 

3.3 RAG-Grounded Knowledge Retrieval 

The knowledge-retrieval function in this architecture draws on hybrid retrieval strategies that combine 

structured and unstructured enterprise knowledge sources. Structured sources include configuration management 

databases, service dependency graphs, and ticketing system metadata. Unstructured sources include incident 

postmortems, runbook documentation, and free-text knowledge base articles. Gupta, Ranjan, and Singh's survey of 

RAG techniques describes hybrid retrieval approaches that combine dense semantic search over unstructured text with 

structured query mechanisms over tabular or graph-structured data, arguing that neither modality alone captures the 

full range of evidence relevant to a complex query [5]. In an enterprise incident context, this hybridity matters directly. 

A plausible root cause may depend jointly on a pattern observed in unstructured incident history and a structural fact 

about service dependencies that only a structured query can surface efficiently. 

Retrieval in this framework is coupled to a confidence-gating mechanism rather than treated as a simple lookup 

step, and that distinction matters. An agent's output can only trigger downstream action when the retrieval and 

reasoning process produces a confidence score above a defined threshold. Below that threshold, the same evidence 

gets surfaced to a human operator as a recommendation rather than an executed action. This reflects the broader point 

from Section II.2: grounding is not just about improving output quality. It is about making the evidentiary basis of a 

recommendation traceable and its confidence explicit, so the governance layer has something concrete to gate on. 

3.4 Enterprise Integration and Governance Touchpoints 

The framework assumes integration with existing enterprise IT service management (ITSM) platforms and 

monitoring tooling as a baseline requirement, not an optional extra. Ticketing systems, monitoring dashboards, and 

topology-mapping tools are treated as the primary data sources feeding the orchestration layer, which means the 

agentic system is designed to sit on top of existing operational infrastructure rather than replace it. This integration 

point is also where governance considerations first enter the architecture. Because ITSM systems already carry 
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established audit and change-management conventions, the governance layer of this framework (detailed in Section 

V) is designed to extend those existing conventions rather than introduce a parallel, disconnected oversight 

mechanism. We treat governance as a first-class architectural layer, sitting alongside, not beneath, the orchestration 

and agent layers, precisely because bolting oversight on as an afterthought has proven, in the broader human-AI 

interaction literature, to produce systems whose autonomy is hard to constrain after the fact [14]. NIST's AI Risk 

Management Framework offers a general vocabulary for characterizing and managing this class of risk, and we draw 

on its categories of risk classification and mitigation in Section V to formalize the governance layer's role-delegation 

logic [15]. 

4. Multi-Agent Collaboration for Incident Resolution 

4.1 Coordinated Agent Roles in a Live Incident 

To make the architecture concrete, it helps to walk through how the specialized agents from Section III operate 

concurrently during a live incident rather than sequentially. When an incident first gets detected, whether through an 

automated monitoring alert or a service desk ticket, the orchestration layer invokes the triage agent to establish an 

initial classification and priority. At the same time, rather than waiting for triage to finish, the orchestration layer can 

invoke the dependency and telemetry agent to start mapping the affected services and pulling relevant monitoring 

data, and the knowledge-retrieval agent to start searching for prior incidents with similar characteristics. This 

concurrency is one of the practical advantages of the multi-agent decomposition described in Section II.3. Instead of 

a single model working through triage, evidence-gathering, and diagnosis in strict sequence, multiple narrower agents 

work their respective subtasks in parallel, with the orchestration layer synchronizing their outputs once each agent's 

task is done. When the architecture works as intended, the practical effect is that the evidentiary record needed for 

root-cause reasoning builds up faster than it would under a sequential, single-agent process. 

4.2 Root-Cause Investigation as Distributed Reasoning 

The root-cause agent's role here is best understood not as a single model producing a diagnosis from raw data, 

but as a synthesis function operating over the outputs of other agents, a form of distributed reasoning where multiple 

sources of evidence get cross-checked against one another rather than accepted from a single monolithic process. This 

design draws directly on Roy et al.'s study of large language model-based agents for root-cause analysis in a Microsoft 

production environment, which found that structuring RCA as an agentic process, one that gathers evidence, reasons 

over it, and iterates rather than producing a single-shot classification, improved the quality of root-cause identification 

compared to simpler baseline approaches in a live production setting [12]. The distributed structure proposed here 

extends this logic further by explicitly separating the evidence-gathering agents (telemetry and knowledge retrieval) 

from the synthesis agent (root cause), so the synthesis step cross-checks independently gathered evidence rather than 

reasoning over evidence it collected itself. We view that separation as a meaningful safeguard against a single agent's 

blind spots propagating uncorrected into a final diagnosis. 

Tian et al.'s more recent work on graph-augmented agentic workflows for root-cause analysis adds a further 

refinement worth noting here: folding service dependency graphs directly into the agentic reasoning process lets the 

reasoning agent reason not just over textual or metric evidence but over the structural relationships between services, 

which is often where the actual causal chain of an incident lives [13]. In the framework proposed in this paper, this 

structural evidence comes from the dependency and telemetry agent as one of the inputs the root-cause agent 

synthesizes, consistent with the hybrid structured/unstructured retrieval approach discussed in Section III.3. 

4.3 Decision Support with Alternatives 

A final, and in our view essential, feature of this collaborative structure is that it is designed to preserve human 

decision authority at the points of highest consequence, rather than drifting toward full autonomous execution as the 

default. When the remediation agent's confidence in a proposed action falls below the governing threshold (Section 

V.2), the architecture does not just block the action. It surfaces ranked remediation alternatives, each with an associated 
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confidence score, to a human operator. This is a deliberate design decision reflecting guidance from the human-AI 

interaction literature that systems should support efficient correction and make their own uncertainty clear, rather than 

presenting a single recommendation as though it were certain [14]. Preserving multiple ranked alternatives, instead of 

a single top recommendation, gives the human operator visibility into the reasoning process's uncertainty and a 

meaningful set of options to choose from, rather than a binary approve/reject decision on one proposed action. 

 

Figure 2. Confidence-Based Retrieval-Grounded Escalation Flow. 

5. Governance, Explainability, and Human Oversight 

5.1 Role Delegation and Bounded Autonomy 

Governance in this framework starts with a formal classification of risk and impact that determines, for any 

given decision point, whether an agent may act autonomously or must defer to human sign-off. This is not a single 

global threshold applied uniformly across the system. It is scoped per decision type, consistent with the differentiated 

decision-authority assignments in Table 1. A triage classification carries a materially different risk profile than a 

remediation action that restarts a production service or modifies a configuration, and the governance layer's role-

delegation logic is designed to reflect that difference explicitly rather than leaving it implicit in model confidence 

alone. 
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This approach draws on the general risk-management vocabulary from NIST's AI Risk Management 

Framework, which frames AI system governance in terms of identifying, categorizing, and managing risk across the 

lifecycle of a system's operation rather than treating oversight as a single point-in-time approval gate [15]. Applied to 

the architecture here, this means the governance layer's role is not confined to the moment right before an action 

executes. It also covers ongoing monitoring of how autonomous decisions perform once made, feeding back into the 

risk classification over time. 

5.2 Confidence-Based Escalation Frameworks 

The confidence-gating mechanism from Section III.3 depends on the system's ability to produce a meaningful, 

well-calibrated confidence score for a given recommendation, a task that is considerably harder than it might first 

appear. The literature on uncertainty estimation in large language models documents a range of methods for producing 

such scores, from token-level probability aggregation to sampling-based consistency measures, while also cataloging 

how naively derived confidence scores can end up poorly calibrated relative to actual correctness [16]. Geng et al.'s 

survey of confidence estimation and calibration methods emphasizes further that calibration, the property that a stated 

confidence level actually corresponds to an empirical accuracy rate, is a distinct and harder problem than simply 

producing some numeric confidence output, and that many current methods fall short of good calibration in practice 

[17]. Duan et al.'s work on semantic density offers one promising direction, proposing an uncertainty quantification 

method that measures confidence in a semantic embedding space rather than relying purely on token-level 

probabilities, which may better capture cases where a model's surface-level confidence is high but its underlying 

reasoning is unreliable [18]. 

We flag this explicitly because the escalation framework proposed in Sections III and IV depends structurally 

on confidence scores being trustworthy enough to gate real operational decisions. Where calibration is imperfect, 

which the cited literature suggests is the common case rather than the exception, the practical consequence is that 

escalation thresholds must be set conservatively, and the governance layer has to be designed to tolerate, and correct 

for, some degree of miscalibration rather than assuming confidence scores are perfectly reliable inputs. We come back 

to this limitation in Section VII.3. 

5.3 Explainability and Auditability 

The final governance component is a requirement that every agent decision, whether autonomous or escalated, 

leave a traceable evidence chain suitable for post-incident review and compliance purposes. This follows directly from 

the human-AI interaction guidelines proposed by Amershi et al., which emphasize that AI-infused systems should 

make clear why the system did what it did, and should support efficient review and correction of system behavior after 

the fact [14]. In the security operations context specifically, recent work on human-AI collaboration frameworks for 

security operations centers proposes a model of "trusted autonomy," where the system's autonomous actions stay 

subject to structured human review precisely because they are logged and traceable, rather than because autonomy 

itself is curtailed [19]. The governance layer here adopts a similar posture. Rather than restricting the remediation 

agent's autonomous authority more than the confidence-gating mechanism already does, we require that every 

autonomous action produce an auditable record: the evidence retrieved, the reasoning chain that produced the 

recommendation, the confidence score, and the ultimate action taken. That way post-incident review, whether for 

operational learning or compliance purposes, has a complete record to examine rather than an opaque decision. 

6. Applied Outcomes 

The material in this section rests on a different evidentiary basis than the discussion in Sections I through V, 

and we want to be explicit about that before presenting any figures. Everything in this section reflects our own direct 

professional exposure to agentic automation deployments in enterprise operational settings. It is not the output of a 

controlled experiment, it has not been peer reviewed as a study in its own right, it does not carry a defined methodology 

for measurement that we are presenting for external scrutiny here, and it should not be read as generalizable research 

evidence for the architecture proposed in the preceding sections. We have deliberately left out all literature citations 
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from this section, specifically to keep this practitioner-observed material clearly separated from the literature synthesis 

presented elsewhere in the paper. 

With that framing in place, our direct exposure to agentic automation deployments in enterprise IT operations 

settings is associated with the following observed outcomes: roughly 28,000 avoided tickets annually, a 23 percent 

reduction in ticket volume, 30 to 40 percent faster incident resolution, roughly 30,000 automatically resolved 

operational queries, roughly 25,000 engineering hours saved annually, roughly 28,000 service desk interactions 

deflected, and annual operational impacts approaching eight million dollars. 

These figures span several distinct dimensions of operational impact and are best understood as separate 

observations rather than a single composite metric. The reduction in ticket volume and the count of avoided tickets 

reflect automated triage and knowledge-retrieval functions resolving or deflecting issues before they need human 

handling, consistent with the triage and knowledge-retrieval agent roles described in Section III.1. The faster incident-

resolution figures reflect the concurrent, multi-agent evidence-gathering process described in Section IV.1, where 

triage, telemetry, and knowledge-retrieval functions run in parallel rather than sequentially, shortening the time to a 

root-cause hypothesis and a remediation recommendation. The count of automatically resolved operational queries 

and deflected service desk interactions reflect the confidence-gated autonomous action described in Sections III.3 and 

V.2, where sufficiently high-confidence recommendations get executed without requiring human intervention. The 

engineering hours saved and the dollar figure represent an aggregate estimate of the labor and operational cost 

implications of the preceding effects taken together. 

We want to state plainly what these figures do and do not demonstrate. They do not confirm that the architecture 

proposed in Sections III through V is optimally designed, and they do not establish a causal relationship between any 

specific architectural choice, the particular agent decomposition, the specific confidence thresholds, or the specific 

orchestration pattern, and the outcomes observed. They reflect outcomes associated with agentic automation 

deployments broadly, observed through practitioner exposure, in enterprise environments whose specific 

characteristics we are not in a position to fully characterize or generalize from in this paper. We present them here 

because we believe they are useful as an indication that the general category of system this paper describes is 

operationally plausible and has produced measurable effects in practice, not because we believe they validate the 

specific architectural design choices detailed above. We return to this distinction in Section VII.1. 
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Figure 3. Practitioner-reported operational outcomes 

7. Discussion 

7.1 Synthesis 

Bringing the literature synthesis of Sections II through V together with the practitioner-observed outcomes of 

Section VI takes some care about what kind of claim each strand of material actually supports. The literature synthesis 

establishes that agentic AI, RAG-grounded retrieval, and multi-agent orchestration are each independently active and 

maturing research areas, and that AIOps and root-cause analysis practice has already started incorporating agentic 

reasoning with documented success in at least one production environment [12]. The architectural framework 

proposed in Sections III through V is our attempt to pull these separate strands into a coherent structure suited 

specifically to enterprise incident resolution, with governance treated as a structural rather than incidental concern. 

The practitioner-observed outcomes reported in Section VI are, in our assessment, best read as illustrative and 

plausibility-supporting rather than confirmatory. They show that agentic automation deployments in enterprise 

operational contexts, in the practitioner's direct experience, have produced measurable operational effects broadly 

consistent with the kinds of gains this architecture is designed to enable: reduced ticket volume, faster resolution, 

deflected interactions, cost impact. They do not confirm that this specific four-layer architecture, as specified in 

Section III, is responsible for those effects, and they do not constitute evidence that the architecture as proposed here 

has been implemented and tested as a unified whole. The two strands of material complement each other in the sense 

that one supplies a conceptual and architectural argument and the other supplies a practitioner's plausibility signal that 

the broad category of system described is operationally viable. Neither strand substitutes for the other, however, and 

we do not want the juxtaposition of the two in this paper read as though the practitioner data validates the architecture 

in any rigorous sense. 

7.2 Honest Limitations 

Several limitations of this paper's evidentiary basis need to be said directly. First, and most significantly, the 

practitioner-observed outcomes reported in Section VI come from a single practitioner's professional exposure, not 
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from a multi-organization sample, a controlled deployment, or an independently verified dataset. That is a narrow 

evidentiary base, and the outcomes reported should not be treated as representative of what any organization adopting 

a similar architecture should expect to see. Second, the architecture proposed in Sections III through V is a conceptual 

framework. It has not been benchmarked against a reference implementation, nor evaluated against a standard 

incident-resolution dataset or task suite in a way that would allow a direct, quantified comparison against alternative 

architectures or against a non-agentic baseline. Third, following from both of these, the generalizability of this 

framework across the wide range of enterprise environments, incident types, and organizational risk tolerances that 

exist in practice is necessarily limited. An architecture built around the specific agent roles and thresholds described 

here may need substantial adaptation before it fits organizations with materially different operational profiles, 

regulatory constraints, or existing tooling investments. 

What would resolve these limitations, in our view, is not a claim that this paper's contribution is diminished by 

acknowledging them, but a clear statement of what future work would need to look like to move from architectural 

proposal to validated system. A multi-organization empirical study, ideally involving independent implementation of 

the proposed architecture across more than one enterprise environment with a shared measurement protocol, would 

be needed to establish whether the practitioner-observed outcomes reported here generalize. A formal benchmark suite 

for agentic incident-resolution systems, similar to benchmark suites that already exist in other subfields of machine 

learning, would allow direct comparison of orchestration patterns, confidence-gating thresholds, and agent 

decomposition strategies against one another rather than against an unstructured baseline. Neither of these exists yet, 

to our knowledge, in a form specific to this problem space, and we regard their absence as a genuine gap rather than 

a criticism to wave away. 

7.3 Positioning Against Literature Gaps 

Two specific gaps in the current literature are worth naming directly, because the framework proposed in this 

paper is meant as a partial response to each, not a claim to have resolved either. The first is governance under-

specification in the multi-agent systems literature. As discussed in Section III.2, surveys of multi-agent orchestration 

frameworks describe coordination patterns in considerable technical detail but generally treat governance and human 

oversight as an external concern layered on top of the orchestration mechanism rather than as an architectural 

component with its own design requirements [7][8]. The framework proposed here tries to treat governance as a first-

class layer, with confidence thresholds, audit trails, and escalation paths specified as structural elements (Section V), 

but we are not claiming this fully resolves the broader specification gap in the literature. We are offering this 

framework as one concrete instance of what a more fully specified governance layer might look like, hoping it helps 

close that gap over time. 

The second gap is confidence calibration. As discussed in Section V.2, the literature on uncertainty estimation 

and calibration in large language models documents persistent difficulty producing confidence scores that are 

genuinely well-calibrated to empirical correctness rates [16][17], and even promising newer approaches like semantic 

density estimation are relatively recent proposals whose robustness across the diversity of enterprise reasoning tasks 

remains to be established [18]. Because the entire confidence-gating mechanism central to this framework's 

governance model depends on trustworthy confidence scores, this calibration gap represents a genuine architectural 

vulnerability rather than a minor implementation detail. We regard it as one of the most consequential open problems 

standing between the framework proposed here and a fully validated deployment. 

8. Conclusion 

This paper has proposed an architectural framework for agentic artificial intelligence systems applied to 

enterprise incident resolution and operational decision-making, organized around four layers: specialized agents 

mapped to discrete operational functions, an orchestration layer that coordinates those agents through a live incident, 

a retrieval-augmented generation layer that grounds agent reasoning in verifiable enterprise knowledge, and a 

governance layer that treats confidence-based escalation, auditability, and human oversight as structural rather than 

incidental concerns. We intend this framework primarily for enterprise practitioners and architects evaluating how to 
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structure agentic automation initiatives within their own operational environments, not as a claim to a fully validated 

reference implementation. 

We want to close by restating, one last time, the distinction that has run through this paper. The architectural 

argument developed in Sections II through V rests on a synthesis of published literature on agentic AI, retrieval-

augmented generation, multi-agent orchestration, AIOps, and human-AI governance. The outcomes reported in 

Section VI rest on a completely separate evidentiary basis: direct practitioner exposure to agentic automation 

deployments, reported without any claim to controlled-study rigor or generalizability, offered as an illustrative 

plausibility signal rather than confirmation of the architecture's design choices. Conflating these two strands of 

material would misrepresent both, and we have tried throughout this paper to keep the boundary between them visible, 

rather than letting the practitioner figures lend unearned authority to the architectural argument, or the other way 

around. 

Looking forward, we believe the trajectory implied by this framework points toward a broader shift in enterprise 

operations, from a reactive posture, responding to incidents after they occur, toward a more predictive one, where 

agentic systems grounded in enterprise knowledge and continuously monitored telemetry start to anticipate degraded 

conditions before they show up as customer-facing incidents. Realizing that shift will depend on resolving the 

calibration and governance-specification gaps identified in Section VII.3, and it will have direct implications for the 

enterprise operations workforce: not a wholesale replacement of operational engineering roles, but a gradual 

redistribution of human attention away from repetitive triage and toward the higher-consequence judgment calls this 

framework's governance layer is designed to reserve for human decision-makers.  
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