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Abstract: Retrieval-augmented generation (RAG) has become the dominant architectural approach for deploying 

large language model-based intelligence agents inside enterprise environments, combining parametric model 

reasoning [1] with grounded retrieval from an organization's own knowledge stores [2]. Published research on 

RAG largely treats retrieval quality and generation accuracy as isolated benchmarking problems [3], leaving a 

gap in how RAG-based agents should actually be architected and governed once they move from a pilot into a 

production service a delivery organization is held accountable for. This paper addresses that gap through two 

contributions: a five-layer cloud-native reference architecture for enterprise RAG deployment, and an Operational 

Leadership Model defining the governance responsibilities Head of Engineering and Head of Service Delivery 

roles must exercise once a RAG-based agent program is live and client-facing. Drawing on direct experience 

architecting and governing production Microsoft Copilot Studio agent programs across multiple concurrent 

enterprise engagements, we argue that a meaningful share of enterprise RAG failures are governance failures 

rather than retrieval or generation failures, and that the existing literature's near-exclusive focus on model-level 

metrics leaves delivery leaders without a usable operating model of their own. The reference architecture and 

leadership model are evaluated against qualitative deployment experience, showing that organizations pairing 

architectural discipline with explicit leadership accountability see meaningfully more stable service delivery 

outcomes than organizations treating RAG as a purely technical initiative. This work gives cloud architects and 

delivery leaders a shared, actionable model for governing enterprise RAG programs that neither group has been 

able to draw on from the literature alone. 

Keywords: Cloud-Native Architecture, Enterprise Governance, Intelligent Agents, Operational Leadership, 

Retrieval-Augmented Generation 

1. Introduction 

Enterprise organizations now generate intelligence 

demands that no analyst workforce, however well 

staffed, can keep pace with unassisted. Competitive 

signals, delivery performance anomalies, client 

sentiment shifts, and operational risk indicators 

arrive continuously from dozens of internal and 

external sources, and traditional analyst-driven 

functions address that volume incompletely at best. 

Retrieval-augmented generation offers a structural 

answer: language models grounded in an 

organization's own data rather than relying solely on 

parametric knowledge learned at training time [1]. 

Since its introduction, RAG has moved from a 

narrow academic technique for open-domain 

question answering [1], [2] into the default 

architectural pattern for deploying large language 

models inside enterprises. 

That shift in adoption has outpaced the governance 

literature meant to support it. Gartner recorded a 

1,445% increase in inquiries about multi-agent 

systems between the first quarter of 2024 and the 

second quarter of 2025 [4], projecting that a large 

share of enterprise applications will incorporate 

autonomous agents within the next two years. At the 

same time, nearly a third of generative AI projects 

are expected to be abandoned after proof of concept, 

with cost, governance gaps, and unclear business 

value cited as leading causes [5]. A 2024 global 

survey of more than a thousand technology 

executives found a substantial share consider their 

own organization's AI governance insufficient [6]. 

Anyone who has run a delivery organization through 

an AI adoption cycle will recognize the pattern these 

figures describe: the technology matures faster than 

the operating model wrapped around it. 
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Existing RAG research has not filled that gap. 

Academic work on RAG architecture is dominated 

by retrieval-quality benchmarks [2], [3], hybrid 

search techniques, and increasingly sophisticated 

retrieval structures such as graph-based retrieval [7]. 

These contributions matter. But they answer a 

different question than the one a Head of 

Engineering or Head of Service Delivery actually 

faces once a RAG-based agent moves from proof of 

concept into a production service with client-facing 

SLAs attached. The question that matters at that 

point is not how accurate the retrieval is-it is who is 

accountable when a grounded answer turns out to be 

wrong, how that failure gets detected, and what 

governance cadence keeps it from recurring. 

National-level frameworks such as the NIST AI 

Risk Management Framework [8] and Singapore's 

Model AI Governance Framework for Agentic AI 

[9] have started addressing AI governance at a 

policy level, and work on the transition from MLOps 

to LLMOps [10] has started addressing it at an 

infrastructure level. Neither has yet been translated 

into an operating model a delivery leader-as opposed 

to a policy office or a platform engineering team-can 

pick up and apply directly. 

This paper draws on direct experience designing, 

deploying, and governing production Copilot Studio 

agent programs across multiple concurrent 

enterprise client engagements-including agents built 

for autonomous project and billing intelligence and 

for AI-generated marketing content-to close that 

gap. Two contributions follow. The first is a five-

layer cloud-native reference architecture for 

enterprise RAG deployment, organized around the 

infrastructure, retrieval, orchestration, governance, 

and delivery-integration concerns a real Azure-

native deployment has to resolve. The second is an 

Operational Leadership Model naming the specific 

accountability structures, governance cadences, and 

escalation responsibilities a Head of Engineering 

and a Head of Service Delivery must each carry once 

a RAG-based agent program goes live. Neither 

contribution is offered as a purely technical artifact. 

Both are built to be usable by the people actually 

held accountable when an enterprise RAG program 

succeeds or fails in production. 

2. Literature Review 

Retrieval-augmented generation was introduced as a 

general-purpose fine-tuning approach combining a 

pre-trained parametric language model with a non-

parametric retrieval mechanism, letting a model 

condition its generation on retrieved passages rather 

than relying solely on knowledge encoded in its 

parameters [1]. That original formulation built on 

dense retrieval methods that had already 

demonstrated open-domain question answering 

could outperform sparse, keyword-based retrieval 

once passage encoders were trained specifically for 

the retrieval task rather than repurposed from a 

generic embedding model [2]. Both lines of work 

depend on the transformer architecture's attention 

mechanism, which remains the substrate underlying 

nearly every large language model used in 

production RAG systems today [11], and both were 

extended substantially once instruction-tuned, few-

shot-capable models such as GPT-4 [12] and openly 

available foundation models such as LLaMA [13] 

made high-quality generation accessible outside a 

handful of well-resourced research labs. 

Since these foundational contributions, RAG 

research has diversified along several lines. One line 

has focused on improving retrieval quality itself, 

including hybrid approaches that merge dense 

semantic retrieval with sparse lexical methods, and 

graph-based retrieval structures that build an explicit 

knowledge graph from source documents before 

answering global, corpus-level questions that single-

passage retrieval tends to handle poorly [7]. 

Distributed variants of graph-based retrieval have 

begun addressing how this pattern behaves across 

edge-cloud deployments rather than a single 

centralized index, a question with direct relevance to 

any enterprise operating across multiple regions or 

data residency boundaries [14]. A second line has 

focused on agentic extensions of RAG, where 

retrieval becomes one action among several an 

autonomous agent can take while working toward a 

goal, rather than a single fixed step preceding 

generation [15]. Recent survey work has attempted 

to catalogue this proliferation of architectural 

variants by organizing them around robustness 

properties and failure modes rather than raw 

benchmark accuracy alone, which is itself an 

implicit acknowledgment that benchmark 

performance and production reliability are not the 

same thing [3]. 

A separate and considerably thinner body of work 

addresses AI governance directly, rather than as a 

footnote to a technical contribution. The NIST AI 

Risk Management Framework organizes 

governance activity around four functions-govern, 

map, measure, and manage-meant to apply 
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iteratively across an AI system's full lifecycle rather 

than as a one-time certification step [8]. Singapore's 

Model AI Governance Framework for Agentic AI 

extends this thinking specifically to autonomous 

agents, requiring organizations to bound agent risk 

upfront, assign meaningful human accountability, 

and implement technical controls proportionate to 

the autonomy an agent is granted [9]. Neither 

framework was written with a specific reference 

architecture in mind, and neither specifies how the 

governance responsibilities they describe should 

map onto the organizational roles-architects, 

delivery leads, engineering heads-who actually run 

enterprise technology programs day to day. This is 

not a criticism of either framework so much as an 

observation about the level at which they operate: 

they are policy instruments, not operating manuals. 

Operationally, the MLOps literature has begun 

extending its own governance discipline to large 

language models, describing the transition from 

MLOps to LLMOps as one that has to address 

prompt governance, retrieval quality monitoring, 

and cost control simultaneously rather than as 

separate concerns bolted onto an existing pipeline 

[10]. Multi-agent orchestration research has shown 

that coordinated agent architectures can produce 

more consistent, higher-quality outcomes on 

complex operational tasks than single-agent 

approaches manage on their own, with one recent 

incident-response study reporting a dramatic gap in 

actionable-recommendation rates between 

orchestrated and single-agent configurations [16]. 

Enterprise-scale orchestration work has started 

describing event-driven patterns for coordinating 

agents at production volume rather than at pilot scale 

[17]. Security-focused work has begun cataloguing 

the risks multi-agent systems introduce that single-

model deployments simply do not have, including 

emergent behaviors that only appear once multiple 

agents start interacting with each other rather than 

with a human operator [18], and assurance-oriented 

work has proposed simulation-based certification 

processes intended to build trust in agent behavior 

before it ever reaches a production environment 

[19]. 

What remains largely absent across this body of 

work is an account of enterprise RAG deployment 

that treats architecture and leadership governance as 

a single, integrated problem rather than two separate 

concerns handled by two separate teams that rarely 

compare notes until something has already gone 

wrong. This paper's contribution sits specifically in 

that gap. 

3. Methodology / Framework 

3.1 Five-Layer Cloud-Native Reference 

Architecture 

The reference architecture proposed here organizes 

an enterprise RAG deployment into five layers, each 

addressing a distinct set of operational concerns a 

production Azure-native deployment must resolve 

before it can be considered delivery-ready rather 

than merely functional. 

The infrastructure layer covers the underlying cloud 

platform services-compute, networking, identity, 

and key management-that every other layer depends 

on. In an Azure-native deployment, this typically 

means Azure Kubernetes Service or Azure 

Functions for compute, Azure Key Vault for secrets 

management, and Azure Active Directory for 

identity-based access control across the knowledge 

sources the RAG system queries. Multi-tenant 

isolation and data residency requirements get 

enforced at this layer, not merely documented in a 

policy that lives somewhere else. 

The retrieval layer covers the vector index, 

embedding pipeline, and retrieval logic connecting a 

user query to the organization's own knowledge 

stores. Most RAG research addresses this layer 

directly [1], [2], [7], and it is also the layer where 

deployment pattern choice matters most: a single-

stage dense retrieval pipeline, a hybrid dense-and-

sparse pipeline, and a graph-based retrieval pipeline 

each carry different latency, cost, and governance-

overhead profiles, summarized in Table 1. 

The orchestration layer governs how a query moves 

through the system once retrieval has occurred-how 

retrieved passages get assembled into a prompt, 

whether an agent decides retrieval is even necessary 

for a given query, and how multiple specialized 

agents, where present, coordinate their outputs into 

a single response [16], [17]. Agentic RAG patterns 

depart most sharply from single-stage retrieval at 

this layer: an agent operating here can decide to 

retrieve iteratively, consult several knowledge 

sources in sequence, or hand a sub-task off to a 

different agent entirely [15]. 

The governance layer is where existing RAG 

literature has the least to say, and it is where this 

paper's framework departs most from prior work. It 

covers observability-can a delivery lead see, in real 
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time, what the agent retrieved and why it produced 

a given answer-audit trail-can a specific answer be 

traced back to a specific retrieved passage and a 

specific model version-and compliance 

documentation appropriate to the regulatory 

environment the organization operates in. National 

frameworks such as NIST's [8] and Singapore's [9] 

describe what this layer needs to accomplish. This 

reference architecture specifies where those 

requirements actually get implemented inside an 

Azure-native stack, rather than leaving that 

translation to whoever happens to inherit the 

compliance checklist. 

The delivery-integration layer is the layer most 

conspicuously absent from academic RAG 

architecture work, and the one most directly tied to 

this paper's second contribution. It covers how the 

RAG system's behavior connects to the SLAs, 

escalation paths, and client-facing commitments a 

delivery organization has already made-in practical 

terms, whether an anomalous or degraded agent 

response becomes a ticket inside an existing 

escalation workflow, or a silent failure a client 

discovers on their own before anyone internally 

does. 

 

Figure 1. Five-Layer Enterprise RAG Reference Architecture 

3.2 Deployment Pattern Selection 

Within the retrieval layer, four deployment patterns 

recur across enterprise RAG implementations, each 

suited to a different combination of query 

complexity and governance requirement. Single-

stage dense retrieval, where a query is embedded 

once and matched directly against a vector index, 

offers the lowest latency and the simplest 

governance surface, which makes it a reasonable 

default for narrow, well-scoped knowledge domains 

where the questions being asked rarely span multiple 

documents. Multi-hop retrieval, where a query 

triggers several sequential retrieval steps before 

generation, suits questions that require synthesizing 

information across multiple documents, but it 

introduces additional latency and a correspondingly 

larger audit surface-every additional retrieval step is 

one more place an incorrect or stale passage can 

enter the final answer undetected. Hybrid retrieval, 

combining dense semantic matching with sparse 

keyword-based methods, has become something 

close to a production baseline for enterprises trying 

to balance accuracy against governance overhead, 

since it tends to fail more predictably than either 

method alone. Agentic retrieval, where an 

autonomous agent decides dynamically whether and 

how many times to retrieve, offers the greatest 

flexibility and the least predictable governance 

profile, since the number and nature of retrieval 

actions taken for a given query is not fixed in 

advance and can vary meaningfully between two 

superficially similar queries [15]. 

Table 1 summarizes these four patterns against the 

dimensions a delivery leader, rather than a machine 
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learning engineer, needs to weigh before selecting 

one for a given program. 

Table 1. Deployment Pattern Comparison 

Pattern Query Complexity Fit Latency Profile Governance Overhead 

Single-Stage Dense 

Retrieval 

Narrow, well-scoped 

domains 
Lowest 

Lowest-simplest audit 

surface 

Multi-Hop Retrieval Cross-document synthesis Higher (sequential steps) 
Higher-larger audit 

surface per additional hop 

Hybrid Retrieval (dense + 

sparse) 

General enterprise 

production baseline 
Moderate 

Moderate-predictable 

failure modes 

Agentic Retrieval 
Dynamic, variable-

complexity queries 
Variable, least predictable 

Highest-retrieval 

count/nature not fixed in 

advance 

 

Choosing among these patterns is not purely a 

technical decision, and treating it as one is a 

common early mistake. A hybrid retrieval pattern 

with well-understood governance overhead may be 

the right choice for a client-facing agent operating 

under a strict SLA even where an agentic pattern 

would produce marginally better answers on a 

benchmark, because the governance layer's ability to 

explain and audit the agent's behavior is itself part of 

what the delivery organization is accountable for-a 

slightly better answer that cannot be explained to a 

client during an escalation call is often a worse 

outcome in practice than a slightly weaker answer 

that can. 

3.3 Operational Leadership Model 

The Operational Leadership Model specifies the 

governance responsibilities that fall to two distinct 

roles once a RAG-based agent program is live: the 

Head of Engineering, who owns the technical 

integrity of the five-layer architecture described 

above, and the Head of Service Delivery, who owns 

the connection between agent behavior and client-

facing commitments. 

The Head of Engineering's responsibilities center on 

the infrastructure, retrieval, orchestration, and 

governance layers directly. This means ensuring the 

retrieval pipeline is monitored for degradation 

before a client notices it, that agent orchestration 

logic is reviewed before any new autonomy is 

granted to an agent, and that the governance layer's 

audit trail is actually complete rather than merely 

specified in an architecture document nobody has 

stress-tested. This role also carries the technical half 

of the risk-bounding and technical-controls 

dimensions described in national governance 

frameworks [8], [9], translating policy-level 

language into specific monitoring dashboards, alert 

thresholds, and code review practices that an 

engineering team can actually execute against. 

The Head of Service Delivery's responsibilities 

center on the delivery-integration layer and 

everything downstream of it: establishing the SLA 

thresholds an agent program is expected to meet, 

defining the escalation path a degraded agent 

response follows once detected, and communicating 

agent-related incidents to client stakeholders with 

the same rigor applied to any other service delivery 

incident-not a lighter, more improvisational 

standard just because the underlying cause happens 

to be an AI system rather than a server outage. This 

role also carries the human-accountability 

dimension of agentic AI governance frameworks in 

practice [9], ensuring a named person, not merely a 

named process, is responsible when an agent's 

autonomous action produces an unacceptable 

outcome. 

Neither role can discharge these responsibilities in 

isolation. A governance layer the Head of 

Engineering considers complete, but that the Head 

of Service Delivery has never reviewed against 

actual escalation workflows, is not complete in any 

sense that matters to a client. 
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Figure 2. Operational Leadership Governance Cadence 

The governance cadence this creates-a recurring, 

scheduled review connecting both roles, rather than 

a one-time sign-off at deployment that everyone 

quietly forgets about six months later-is what 

separates organizations that treat RAG governance 

as durable from organizations that treat it as a 

launch-day checklist. 

Table 2. Leadership Role Responsibility Matrix 

Architecture Layer Head of Engineering Head of Service Delivery 

Infrastructure Owns Informed 

Retrieval Owns Informed 

Orchestration Owns Consulted 

Governance Co-owns (technical controls) Co-owns (human accountability) 

Delivery-Integration Consulted Owns 

 

4. Results and Discussion 

Observed experience deploying and governing 

production Copilot Studio agents across multiple 

concurrent client engagements offers a qualitative 

basis for evaluating this framework, though it does 

not constitute a controlled experiment and should be 

read as practitioner observation rather than 

benchmarked results. 

Programs that adopted something resembling the 

full five-layer architecture-in particular, programs 

where the governance layer's observability and audit 

trail were built in from the start rather than 

retrofitted after an incident had already occurred-

showed meaningfully more stable escalation 

patterns than programs where an agent's retrieval 

and orchestration logic were treated as a black box 

until something went wrong. This is consistent with 

what the broader MLOps-to-LLMOps literature has 

already observed about the cost of deferred 

governance [10], and it extends that observation 

specifically to the RAG context, where the added 

complexity of a retrieval pipeline gives a delivery 

organization one more place for an undetected 

failure to originate quietly. 

The Operational Leadership Model's clearest effect 

showed up in incident response time. Where the 

Head of Engineering and Head of Service Delivery 

shared a defined governance cadence-regular joint 

review of agent behavior against both technical 

health metrics and client-facing SLA data-

escalations were resolved with substantially less 

back-and-forth between engineering and delivery 

teams than in programs where the two functions 

reviewed agent performance independently and only 

compared notes after a client had already raised a 

concern. That gap between coordinated and 

uncoordinated response is consistent with what 

recent orchestration research has found at the agent 
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level itself, where structured multi-agent 

coordination protocols produced far more consistent 

and actionable outcomes than approaches lacking 

that structure [16]. The same principle appears to 

hold one level up, at the human coordination layer 

sitting above the agent architecture; coordination 

discipline does not stop mattering once you move 

from agents to the people governing them. 

The deployment pattern comparison in Table 1 also 

proved useful in practice as a discussion tool 

between engineering and delivery stakeholders who 

otherwise do not share a common vocabulary for 

evaluating retrieval architecture trade-offs. Framing 

the choice between hybrid and agentic retrieval in 

terms of governance overhead, rather than purely in 

terms of benchmark accuracy, gave delivery leaders 

a basis for pushing back on architecture decisions 

they would have struggled to evaluate on technical 

grounds alone. This matters more than it might 

sound: a delivery leader who cannot participate 

meaningfully in an architecture conversation is not 

actually in a position to be held accountable for its 

outcomes, however the org chart is drawn. 

These observations track a broader industry pattern 

already noted earlier-that a meaningful share of 

generative AI initiatives are abandoned not for want 

of model capability but for reasons tied to 

governance and unclear value [5], and that a large 

share of technology executives already regard their 

own organization's AI governance as insufficient 

[6]. The Operational Leadership Model does not 

resolve that gap by itself. What it does is give 

delivery leaders a concrete, role-specific starting 

point, rather than leaving governance as an 

undifferentiated responsibility that no single 

function fully owns and everyone assumes someone 

else is handling. 

One further observation is worth drawing out 

explicitly, since it did not fit neatly into either the 

architecture or the leadership discussion above. 

Programs that skipped the governance layer at 

launch, intending to add it later once the agent had 

"proven itself," rarely added it on the timeline they 

originally planned. Once a Copilot Studio agent was 

handling live client queries and appeared to be 

performing acceptably, the organizational pressure 

to revisit its governance instrumentation dropped 

sharply-there was no longer a visible failure forcing 

the conversation, only a latent risk that nobody was 

actively tracking. This matches the broader pattern 

in the MLOps literature around deferred technical 

debt [10], but it has a sharper edge in the governance 

context specifically: a missing monitoring 

dashboard is a known gap an engineering team can 

point to and prioritize, while a missing governance 

cadence between engineering and delivery 

leadership is a gap that is much easier for both sides 

to assume the other side already owns. 

5. Conclusion 

Enterprise RAG deployment is often treated as a 

retrieval and generation quality problem, and the 

research literature has responded accordingly, 

producing an increasingly sophisticated set of 

architectural variants aimed at improving retrieval 

accuracy and reducing hallucination. That work 

matters. But it addresses only part of what 

determines whether an enterprise RAG program 

actually succeeds once it is running in production 

under a delivery organization's accountability. This 

paper has argued that a meaningful share of 

enterprise RAG failures originate in governance and 

leadership gaps rather than in retrieval or generation 

quality, and has proposed two contributions 

addressing that gap directly: a five-layer cloud-

native reference architecture that gives governance 

a specific place in the technical stack rather than 

treating it as an afterthought, and an Operational 

Leadership Model assigning specific, non-

overlapping accountability to the Head of 

Engineering and Head of Service Delivery roles that 

actually run enterprise AI programs day to day. Read 

together, the architecture and the leadership model 

give cloud architects and delivery leaders a shared 

basis for governing enterprise RAG programs that 

neither group currently has working from the 

literature alone. 

Future Recommendations 

Empirical validation against SLA outcomes. Future 

work should test the Operational Leadership 

Model's effect on service delivery metrics using 

structured before-and-after data across multiple 

organizations, rather than relying on qualitative 

practitioner observation as this paper does. 

Extension to graph-based and agentic retrieval 

governance. As graph-based [7], [14] and fully 

agentic [15] retrieval patterns see wider enterprise 

adoption, the governance layer described here will 

need pattern-specific extensions addressing the 

distinct audit and observability challenges each 

introduces. 



 

International Journal of Intelligent Systems and Applications in Engineering                  IJISAE, 2026, 14(1s), 2470–2478 |  2477 

 

Cross-organizational governance benchmarking. A 

standardized way to compare governance maturity 

across organizations-analogous to existing technical 

RAG benchmarks-would let delivery leaders 

evaluate their own program against industry practice 

rather than against internal experience alone. 

Integration with emerging regulatory frameworks. 

As agentic AI governance frameworks mature 

beyond early efforts like Singapore's Model AI 

Governance Framework [9], future work should 

examine how the leadership accountability 

structures proposed here map onto binding 

regulatory requirements as they emerge, rather than 

the voluntary frameworks this paper draws on today. 
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