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E X E C U T I V E  S U M M A R Y

From AI Projects to an AI Operating Model

Most enterprises do not have an artificial-intelligence problem. They have an operating-
model problem. Models are abundant and increasingly commoditised; what remains
scarce is the organisational and technical machinery to run them safely, repeatedly, and
economically across hundreds of use cases.

The first wave of enterprise AI was a portfolio of disconnected projects — a fraud model here, a chatbot
there — each with its own data plumbing, deployment scripts, and tribal knowledge. That model does not
survive contact with generative and agentic systems. When any team can stand up a capable assistant in
an afternoon, the binding constraint shifts from building intelligence to governing it: controlling cost,
proving correctness, managing risk, and compounding reuse.

This book sets out a reference AI Operating Model: a layered platform plus the practices and organi‐
sation that turn one-off models into a durable, audited capability. It is written for the architects, plat‐
form leaders, and engineering executives who are accountable for that transition.
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COHERENT OPERATING MODEL

What you will take away
A five-layer reference architecture — data, model & inference, orchestration, application, and a
governance plane that cuts across all of them.

Concrete patterns for retrieval-augmented generation, model routing, and multi-agent orchestration
that hold up in production.

An evaluation discipline — offline and online — that treats quality as a measured, regression-tested
property rather than a vibe.

A governance model mapped to the NIST AI Risk Management Framework and the EU AI Act, so
adoption and compliance advance together.

An organisational design and maturity model to sequence the journey from first pilot to platform.



H O W  T O  R E A D  T H I S  B O O K

Chapters 1–2 frame the model and its architecture. Chapters 3–5 go layer by layer through
data, inference, and agentic orchestration. Chapters 6–7 cover evaluation and governance — the
disciplines that make autonomy safe. Chapter 8 turns it into an operating model and a se‐
quenced roadmap.
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C H A P T E R  O N E

Why an AI Operating Model

The economics of intelligence have inverted. For a decade, the hard part was building a
model; deployment was an afterthought. Foundation models reversed that. Capability is
now a purchased input, and the differentiator is the system you wrap around it.

Consider the typical enterprise in its second year of generative-AI adoption. Dozens of teams have
shipped assistants and copilots. Each chose its own model provider, its own prompt conventions, its own
way of fetching context. None can answer three questions that the board now asks: What does this
cost us per month, and why is it rising? How do we know the answers are correct? What
happens when a regulator asks us to explain a decision?

These are not model questions. They are operating-model questions, and they are unanswerable without
shared infrastructure. The AI Operating Model is the response: a platform that makes the right thing the
easy thing, so that cost, quality, and risk are managed by construction rather than by heroics.

The three forces driving consolidation

Cost. Token-based inference turns every feature into a metered utility. Without routing, caching, and
budget controls, spend grows super-linearly with adoption. A platform amortises these controls across
every use case.

Correctness. Probabilistic systems fail in ways deterministic software does not — confidently and plau‐
sibly. Quality must be measured continuously, which requires shared evaluation infrastructure no single
team can justify building alone.

Compliance. The EU AI Act, sectoral regulators, and internal model-risk policies all demand lineage,
documentation, and human oversight. Retrofitting these per project is ruinous; building them into the
platform makes them free at the point of use.

I N  P R A C T I C E

A financial-services client of Root Digit reduced inference spend by 41% in one quarter not by
changing a single model, but by introducing a shared routing and caching layer — small models
answered the easy 70% of traffic, and identical requests stopped paying twice. The platform
paid for itself before the next billing cycle.

Platform, not gatekeeper



A common failure mode is to interpret "centralisation" as a review board that approves every model. This
recreates the bottleneck it was meant to remove. The operating model we advocate is a paved road: a set
of golden paths — for retrieval, for serving, for evaluation, for release — that are so much easier than the
alternatives that teams adopt them voluntarily. Governance is encoded in the road, not enforced at a toll
booth.

The remainder of this book describes that road. We begin with the architecture that underpins it.



C H A P T E R  T W O

The Reference Architecture

A durable AI platform separates concerns into five layers. Four are stacked — data, model
and inference, orchestration, and application. The fifth, governance, is a vertical plane that
intersects every other layer rather than sitting on top of one.

Governance Plane

Identity · Policy · Lineage · Audit · C
ost · Safety

Application Layer
Copilots · assistants · workflow automation · APIs to the business

Orchestration Layer
Agents · planning · tools · memory · routing · guardrails

Model & Inference Layer
Foundation models · fine-tunes · serving · caching · embeddings

Data Foundation
Feature & vector stores · data contracts · pipelines · lineage

Figure 2.1 — The five-layer AI Operating Model. Governance is a vertical plane intersecting every layer.

Why a vertical governance plane

Treating governance as a top layer implies it is something you do after building. In reality, identity, poli‐
cy enforcement, lineage capture, cost attribution, and safety filtering must be present at every layer: the
data layer enforces access and records provenance; the inference layer attributes spend and redacts sen‐
sitive output; the orchestration layer applies guardrails and logs every tool call. Drawing governance ver‐
tically forces this into the design from day one.

Interfaces are the product
The value of a platform is in its contracts, not its components. Each layer exposes a stable interface to the
one above: the data layer offers governed retrieval; the inference layer offers a uniform completion and
embedding API across providers; the orchestration layer offers agents and tools as composable units.



Because the contracts are stable, the implementations beneath them — today's best model, tomorrow's
cheaper one — can change without breaking the business applications above.

The five layers at a glance

Layer Responsibility Stable interface it exposes

Application Deliver value to users and systems Product UIs and business APIs

Orchestration Compose reasoning, tools, and control Agents, tools, guardrails

Model & Inference Turn prompts and data into outputs Completion / embedding API

Data Foundation Supply trustworthy, governed context Governed retrieval & features

Governance (vertical) Identity, policy, lineage, cost, safety Controls embedded everywhere

The next three chapters take these layers in turn, from the foundation upward.



C H A P T E R  T H R E E

The Data Foundation

No model is better than the context it is given. In the generative era the centre of gravity
shifts from training data to retrieval data — the documents, records, and features supplied
at inference time. The data foundation is what makes that context trustworthy.

Three stores, three jobs
A mature foundation maintains three complementary stores. The feature store serves curated, point-
in-time-correct structured signals to both classical models and agents. The vector store holds embed‐
dings of unstructured content for semantic retrieval. The document and metadata store preserves
the source of record, with the access controls and lineage that retrieval must respect. The art is in keep‐
ing them consistent: an embedding is only as fresh as the pipeline that produced it.

Data contracts: governance at the source

The single highest-leverage practice in the data layer is the data contract — an explicit, versioned
agreement between a producer and its consumers describing schema, semantics, freshness, ownership,
and sensitivity. Contracts move quality upstream, so breaking changes are caught at the producer rather
than discovered by a hallucinating assistant downstream.

# contract: customer_profile.v2 — governs a retrieval source
dataset: customer_profile
version: 2
owner: team-crm@rootdigit.com
sla:
  freshness: "<= 15m"
  availability: 99.9
schema:
  - {name: customer_id, type: string, pii: false, required: true}
  - {name: segment,     type: string, pii: false}
  - {name: email,       type: string, pii: true,  mask: hash}
retrieval:
  embeddable_fields: [segment, lifecycle_notes]
  access: role:crm-reader            # enforced by the governance plane

Listing 3.1 — A data contract makes sensitivity and freshness machine-enforceable, not tribal knowledge.

Chunking, embeddings, and the freshness loop
Unstructured content must be segmented ("chunked") before embedding. Chunk too coarsely and re‐
trieval returns irrelevant padding; too finely and it loses context. We favour structure-aware chunking —



by heading, clause, or function — over fixed token windows, and we store rich metadata alongside each
chunk so retrieval can filter by source, date, and access role before ranking by similarity.

Crucially, embeddings are derived data and must be treated as a managed pipeline: when a source docu‐
ment changes, its vectors are re-computed and the stale ones evicted. A surprising share of "the AI gave a
wrong answer" incidents trace not to the model but to a stale or mis-scoped index.

A N T I - PAT T E R N

Embedding an entire document corpus once, then never reconciling it with the source. Within
weeks the index drifts from reality and every downstream agent inherits the error. Treat the in‐
dex as a cache with an explicit invalidation strategy.

Lineage and provenance

Every retrieved chunk should carry its provenance — source, version, timestamp, and access scope —
through the orchestration layer and into the final response. This is what later enables citation, auditing,
and the "why did the system say that?" investigation. Provenance captured at the foundation is nearly
free; reconstructed after the fact it is nearly impossible.



C H A P T E R  F O U R

The Model & Inference Layer

This layer turns prompts and context into outputs. Its job is to present a single, stable in‐
terface over a volatile market of models — and to make every call observable, cacheable,
and cost-attributed.

Abstraction over providers
Hard-coding a specific model into application code is a liability: prices change, better models ship
monthly, and regional or contractual constraints vary. A thin model gateway exposing a uniform com‐
pletion and embedding API lets you swap implementations, run A/B comparisons, and enforce policy
centrally. The application asks for "a completion at a quality tier"; the gateway decides how to satisfy it.

Request
Gateway

cache · policy

Semantic cache

Router
by difficulty

Small model — 70% of traffic

Frontier model — hard cases

Fine-tuned model — domain tasks

Figure 4.1 — Gateway, semantic cache, and difficulty-based routing across a portfolio of models.

Routing and caching: the cost levers
Two techniques dominate inference economics. Routing sends each request to the cheapest model that
can meet the quality bar — a small model handles routine classification and extraction; a frontier model
is reserved for genuinely hard reasoning. Semantic caching returns a stored answer when a new re‐
quest is sufficiently similar to a previous one, eliminating repeat spend on near-identical queries.
Together they routinely cut cost by a third or more with no perceptible quality loss.

Fine-tuning, RAG, or prompting?

Teams reflexively reach for fine-tuning when retrieval would serve better. The rule of thumb: use
prompting to shape behaviour, retrieval to supply knowledge, and fine-tuning to teach a durable



skill or format the base model lacks. Knowledge that changes — prices, policies, inventory — belongs in
retrieval, never baked into weights you must retrain to update.

def complete(prompt, tier="standard", context=None):
    if (hit := semantic_cache.lookup(prompt, context)):
        return hit                       # no spend on repeats
    model = router.select(prompt, tier)        # cheapest model that clears the bar
    out = model.generate(prompt, context)
    telemetry.record(model, tokens=out.tokens, cost=out.cost, latency=out.ms)
    semantic_cache.store(prompt, context, out)
    return out

Listing 4.1 — The gateway centralises caching, routing, and telemetry so every call is observable and attributed.

I N  P R A C T I C E

Quality tiers should be defined by the platform, not chosen ad hoc by each team. "Standard",
"high", and "critical" tiers map to routing and review policies centrally — so raising the bar on a
sensitive workflow is a configuration change, not a rewrite.



C H A P T E R  F I V E

Agentic Orchestration

An agent is a model placed in a loop with tools, memory, and the authority to act. This is
where the largest value — and the largest risk — of modern AI concentrates, and where the
operating model earns its keep.

The control loop
Every agent, however elaborate, runs a variant of the same loop: observe the current state, plan the next
step, act through a tool, and observe the result — repeating until a goal is met or a limit is hit. The or‐
chestration layer's responsibility is to make this loop bounded, observed, and reversible: bounded by
step and budget limits, observed by logging every thought and tool call, and reversible wherever an ac‐
tion has external effects.

Observe state

Plan step

Act via tool

Observe result
Memory +
Guardrails

Figure 5.1 — The agent control loop, mediated at each turn by memory and guardrails.

Tools are the contract with the world
An agent affects the world only through tools, so the tool boundary is where authority is granted and
constrained. A well-designed tool has a typed, validated interface; an explicit permission scope; and
idempotency or compensation semantics for anything that mutates state. The orchestration layer should
treat tool definitions as governed artefacts — versioned, access-controlled, and audited — exactly like
APIs.



{
  "name": "issue_refund",
  "description": "Refund a settled order. Mutating; requires approval > $500.",
  "scope": "role:support-agent",
  "parameters": {
    "order_id": {"type":"string", "required":true},
    "amount":   {"type":"number", "max":2000}
  },
  "effect": "mutating",
  "approval": {"threshold":500, "approver":"human"}
}

Listing 5.1 — A governed tool definition: typed parameters, explicit scope, and a human-approval threshold for high-impact actions.

Single agent, then many

Resist the urge to build a committee of agents before a single one is reliable. Most tasks are best served
by one capable agent with a focused tool set. Multi-agent designs — a planner delegating to specialists, or
a critic reviewing a worker — earn their complexity only when a task genuinely decomposes into distinct
skills or when independent review materially improves quality. Each additional agent multiplies the sur‐
face for error propagation and cost.

S A F E T Y  P R I N C I P L E

Separate reasoning from authority. The model may propose any action; whether it executes is
decided by deterministic policy in the orchestration layer — scopes, budgets, and approval gates
the model cannot talk its way past. Never let a prompt be the only thing standing between an
agent and an irreversible action.



C H A P T E R  S I X

Evaluation & Quality

If you cannot measure quality, you cannot improve it, defend it, or safely change anything
that produces it. Evaluation is the discipline that turns a probabilistic system into an engi‐
neered one.

Offline and online, together
Offline evaluation runs candidate prompts, models, and agents against a curated dataset of inputs
with known-good outcomes — a regression suite for behaviour. It gates every change before release.
Online evaluation measures the live system through implicit signals (user edits, retries, escalations),
explicit feedback, and sampled human or automated review. Offline tells you whether a change is safe to
ship; online tells you whether it actually helped.

Production traffic Capture &
label signals

Grow eval
dataset

Improve &
re-deploy

Every interaction feeds the dataset that gates the next release

Figure 6.1 — The evaluation flywheel: production signals continuously enrich the offline test set.

LLM-as-judge — useful, with guardrails
Human review does not scale to millions of interactions, so teams increasingly use a strong model to
grade outputs against a rubric. This works well for relative comparisons and clear-cut criteria, but it has
known biases — toward longer answers, toward its own style, toward the first option shown. Calibrate
the judge against a human-labelled gold set, hold the rubric explicit and versioned, and never let a model
be the sole arbiter of a high-stakes decision.

def grade(answer, rubric, gold):
    score = judge.score(answer, rubric)       # model grades against an explicit rubric
    assert judge.calibrated_against(gold)       # trust only if it tracks humans
    return {"score": score, "rubric_version": rubric.v, "flagged": score < 0.7}



Listing 6.1 — Automated grading is auditable only when the rubric is versioned and the judge is calibrated.

Guardrails and red-teaming
Guardrails are deterministic checks around the probabilistic core: input filters for prompt injection and
policy violations, output checks for PII leakage, toxicity, and format validity, and schema validation on
anything structured. Complementing them, red-teaming deliberately attacks the system — adversarial
prompts, jailbreak attempts, data-exfiltration probes — before adversaries do. Both should run continu‐
ously in the release pipeline, not as a one-off launch checklist.

M E T R I C  T H AT  M AT T E R S

Track escalation rate and edit distance — how often a human had to take over, and how much
they changed the AI's output. These reveal real-world quality far better than benchmark scores,
and they are leading indicators of trouble long before users complain.



C H A P T E R  S E V E N

Governance, Risk & Responsible AI

Governance is not a brake on AI; it is what allows an enterprise to deploy it at scale with‐
out unbounded liability. Done well, it is largely invisible — encoded in the platform rather
than imposed by committee.

Model risk management for the generative era
Regulated industries have managed model risk for decades, but generative systems stretch the discipline:
the same model serves a hundred purposes, behaviour shifts with each prompt, and the supply chain
now includes third-party model providers. Extend your existing framework rather than inventing a par‐
allel one — an inventory of deployed models and agents, a documented purpose and risk tier for each,
defined human-oversight requirements, and periodic revalidation.

Mapping to NIST AI RMF and the EU AI Act

Two reference frameworks anchor most programmes. The NIST AI Risk Management Framework
organises practice into four functions — Govern, Map, Measure, Manage — that align naturally with the
layers in this book: Map to use-case intake, Measure to the evaluation discipline of Chapter 6, Manage
to guardrails and oversight, and Govern to the vertical plane that ties them together. The EU AI Act
adds a risk-tiered obligation set; classifying each use case by its tier tells you which controls are
mandatory.

Risk tiers and the controls they trigger

Risk tier Example use case Minimum controls

Minimal Internal drafting assistant Logging, acceptable-use policy

Limited Customer-facing chatbot Disclosure, guardrails, eval gate

High Credit or eligibility decisioning Human oversight, documentation, bias audit, revalidation

Unacceptable Prohibited practices Not deployed

Transparency, fairness, and oversight



Three obligations recur across every framework. Transparency: users should know when they are in‐
teracting with AI, and decisions that affect them should be explainable — which is why the provenance
captured in Chapter 3 matters. Fairness: high-impact models should be tested for disparate outcomes
across protected groups, with results documented. Human oversight: for consequential decisions, a
person must be able to review, override, and be accountable — the approval gates of Chapter 5 made
operational.

I N  P R A C T I C E

The cheapest time to capture a model card, a data-protection assessment, and an audit trail is
while building the use case — when the facts are at hand. Root Digit bakes these artefacts into
the golden-path templates, so compliance is a by-product of shipping on the paved road rather
than a separate project.



C H A P T E R  E I G H T

The Operating Model & Roadmap

Architecture is necessary but not sufficient. An operating model also defines who owns
what, how cost is managed, and the sequence by which an enterprise climbs from first pi‐
lot to platform.

Organisation: a platform team and a federation
The pattern that works is a small central AI platform team that owns the paved road — the gateway,
the data foundation, the evaluation harness, the governance plane — surrounded by federated prod‐
uct teams that build use cases on top of it. The platform team is measured on adoption and reliability,
not on shipping features itself. This avoids both extremes: the bottleneck of full centralisation and the
chaos of every team rebuilding the basics.

FinOps for AI

Because inference is metered, cost management is continuous, not annual. Attribute every token to a
team and use case through the gateway; set budgets with alerts; and make spend visible to the engineers
who incur it. The routing and caching of Chapter 4 are the levers; FinOps is the feedback loop that keeps
them pulled.

1 · Ad hoc
scattered pilots

2 · Repeatable
shared gateway

3 · Governed
eval + controls

4 · Platform
paved road

5 · Autonomous
agentic at scale

The AI maturity model

Figure 8.1 — Five stages of maturity. Most enterprises are between stages 1 and 2; the platform unlocks 3–5.

A sequenced roadmap

Maturity is earned in order. First, stand up the model gateway with logging and cost attribution — it is
the smallest change with the broadest payoff. Second, build the governed retrieval layer so use cases
stop reinventing data plumbing. Third, make the evaluation harness a release gate, so quality becomes
non-negotiable. Fourth, formalise the governance plane and golden paths. Only then scale agentic, au‐
tonomous workloads — on infrastructure that can observe, bound, and account for them.



First 90 days — a pragmatic start

Weeks 1–3: deploy the gateway; route all traffic through it; turn on telemetry and budgets.

Weeks 4–8: establish governed retrieval and data contracts for the two highest-value
sources.

Weeks 6–10: build an offline eval set from real traffic; wire it into CI as a release gate.

Weeks 9–12: codify a golden-path template — gateway, retrieval, eval, model card — and
migrate one flagship use case onto it.

The destination is not "more AI". It is an enterprise where intelligence is a governed, economical, and
trusted utility — and where the next hundred use cases cost a fraction of the first.



I N  C L O S I N G

Key Takeaways & Further Reading

Ten things to remember
1. You have an operating-model problem, not a model problem. Optimise the system around the model.

2. Build a paved road, not a toll booth — make the governed path the easy path.

3. Five layers: data, inference, orchestration, application — with governance running vertically through
all of them.

4. No model beats its context; the data foundation and governed retrieval are decisive.

5. Data contracts move quality upstream and make sensitivity machine-enforceable.

6. Abstract over model providers; route by difficulty and cache aggressively to control cost.

7. Separate an agent's reasoning from its authority; gate irreversible actions deterministically.

8. Quality is measured, not assumed — offline gates releases, online proves value.

9. Map controls to NIST AI RMF and the EU AI Act by risk tier; capture artefacts while building.

10. Climb the maturity model in order; scale autonomy last, on observable infrastructure.

Further reading
NIST AI Risk Management Framework (AI RMF 1.0) — National Institute of Standards and Technology.

Regulation (EU) 2024/1689 — the EU Artificial Intelligence Act.

ISO/IEC 42001 — Artificial Intelligence Management System (AIMS).

Root Digit Applied AI Series — companion volumes on Agentic Systems & LLMOps and on MLOps & Responsible AI
Governance.
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Build the platform,
not just the model.
Root Digit helps enterprises stand up the AI operating model described in this book
— the gateway, the governed data foundation, the evaluation harness, and the agen‐
tic orchestration that make autonomy safe and economical. We bring the reference
architecture; you keep the capability.

Talk to our AI engineers →
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