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The Browser Tab

Here is the state of AI architecture in most organisations: a browser tab.

A professional opens ChatGPT — or Copilot, or Gemini, or Claude — types a request, gets a

response, copies it into a document, closes the tab, and moves on. Tomorrow they will do it again.

The prompt will be slightly different. The context will be missing. The reasoning chain from yesterday

is gone.

This is the dominant mode of AI use in 2025-2026. Seventy-eight per cent of employees use their

own AI tools at work — what Microsoft calls "BYOAI." Three-quarters of the generative AI applications

in a typical enterprise are unsanctioned. The dashboard says "80% adoption." What it means is: 80%

of your people have found a browser tab and are using it without structure, without documentation,

and without a trail.

The browser tab is artisanal. It is the digital equivalent of a craftsman working from memory —

brilliant on a good day, inconsistent across a team, and gone when the person leaves. It cannot be

audited. It cannot be repeated. It cannot be improved systematically. When an organisation says "we

have deployed AI," what they usually mean is: we have given people access to a chat window and

counted how many of them opened it.

Agency gives you the verification discipline. Architecture gives you something worth verifying.

You can build the culture that rewards questioning. You can encode every correction. You can retain

accountability and keep the trail. But if the AI interaction itself is an ephemeral chat window — no

constraints, no institutional context, no memory of what worked yesterday — you are verifying

outputs that were never designed to be reliable in the first place. Agency without Architecture is a

gate with nothing behind it.

Architecture is the engine. It is what turns individual discipline into organisational capability.
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What Architecture Actually Means

Bain found that organisations adopting AI tools without changing their workflows see 10-15%

efficiency gains. Organisations that redesign how the work actually happens — the workflow, the data

flow, the decision flow — see 25-30%. The gap between those numbers is the Architecture gap. It is

not a technology gap. It is a design gap.

Architecture is one discipline with two inseparable dimensions.

The first is what the AI knows and how it reasons — the workflow and data layer. Logic Pipes that

constrain the AI's behaviour. Template Libraries that capture proven reasoning patterns. Knowledge

Retrieval Systems that ground the AI in organisational reality rather than internet averages. This is

where most of the immediate value lives, and where most organisations have done nothing at all.

The second is where the AI runs and what it can touch — the infrastructure layer. Which models

you use. Whether they run on a third-party API, on your own hardware, in a private cloud, or at the

edge. What data crosses what boundary. What tools the AI can invoke. What security controls apply

at each layer. These are not IT procurement decisions. They are strategic decisions that determine

your data sovereignty, your risk surface, and your cost structure — and they constrain everything the

workflow layer can do.

The two dimensions are inseparable because every workflow decision has an infrastructure

implication, and every infrastructure decision shapes the workflow. A Logic Pipe that feeds customer

data into an AI prompt is a workflow design. Whether that prompt goes to OpenAI's API, your private

Azure deployment, or a local model on your own server is an infrastructure design. The guardrails are

different for each. The runtime security is different. The function calls available to the AI — the ability

to query databases, trigger workflows, access internal systems — are different. The risk profile is

different.

An organisation with brilliant Logic Pipes running on an uncontrolled third-party API has a workflow

architecture and an infrastructure vulnerability. An organisation with a perfectly secured on-premise

deployment that nobody knows how to use has infrastructure without workflow. Most organisations

have neither — their people are using consumer browser tabs because nobody built anything better,

and their data is crossing boundaries because nobody drew the boundaries.

Logic Pipes replace the chat window. A Logic Pipe is a documented, repeatable, traceable chain of

reasoning — a structured AI interaction that carries the same constraints, the same context, and the

same quality expectations every time it runs. The chat window optimises for convenience. The Logic

Pipe optimises for reliability. The gap between Bain's 10-15% and 25-30% is the gap between a

browser tab and a Logic Pipe.
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But a Logic Pipe does not exist in a vacuum. It runs on infrastructure. The same Logic Pipe behaves

differently when it calls a cloud API versus a local model — different latency, different token limits,

different data exposure, different cost. Designing the pipe without choosing the runtime is designing

half the system.

Template Libraries capture what works. When a senior professional designs a Logic Pipe that

consistently produces high-quality output, that pattern should not live in their head. It should be

documented, versioned, and available to the rest of the organisation. You would not ask every

developer to write their own HTTP client from scratch. You should not ask every professional to

design their own AI reasoning chains from scratch. MIT research suggests roughly half of the value in

an AI interaction comes from the template — the reusable structure — and half from the instance.

Organisations that invest in Template Libraries capture both halves.

Templates also encode infrastructure awareness. A well-designed template specifies not just the

reasoning structure but which model to use, what data classification the task involves, and what

runtime environment is appropriate. A template for drafting internal memos might route to an API

model. A template for analysing client financials routes to the on-premise deployment. The template

carries the infrastructure decision so the individual does not have to make it each time.

Knowledge Retrieval Systems ground AI in organisational reality. Without them, the AI hallucinates

based on its training data — which is the internet's average, not your organisation's expertise. NTT

DATA found that mature AI organisations are 2.5x more likely to see revenue growth, and the key

differentiator is investment in this retrieval layer.

The infrastructure question for retrieval is where the knowledge lives and what boundary it crosses to

reach the model. If your Knowledge Retrieval System feeds proprietary documents into a third-party

API, you have a data sovereignty problem regardless of how good the retrieval is. If your on-premise

model cannot access the knowledge base because the network architecture was not designed for it,

you have an infrastructure gap that no amount of workflow design can fix. The retrieval architecture

and the deployment architecture must be designed together.

BCG found that only 5% of organisations have become "Value Generators" — those with integrated

AI systems seeing five times the revenue growth of laggards. What separates them is not the model

they use. It is the Architecture around it.

The Shadow Architecture

When organisations deploy AI without Architecture, their people build one anyway. They just build it

badly.
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Samsung discovered this in 2023. Within weeks of deploying ChatGPT internally, employees had

pasted proprietary semiconductor fabrication code into the consumer tool — three separate incidents

in twenty days. The employees were not reckless. They were resourceful. They had a tool. They had

work to do. There was no organisational architecture telling them how to use the tool safely, so they

used it the way the tool presented itself: as a browser tab you type into.

Cyberhaven measured the cost of this pattern: 183 data leakage incidents per 10,000 users per

month in unmanaged AI tool usage. For a 12,000-person organisation, that is roughly 220 incidents

per month — almost all invisible to IT. IBM puts the average cost of a data breach involving shadow

AI at $4.88 million.

But data leakage is the visible problem. The deeper problem is the invisible architecture that forms in

the absence of a real one. Employees build personal prompt libraries in Google Docs. They share

"tricks" in Slack channels. A team develops an informal workflow that produces good results — but it

lives in one person's habits, not in a documented system. When that person leaves, the institutional

knowledge leaves with them.

This is the Sweden problem from Paper 11, replayed in the AI era. The medical secretaries carried

invisible institutional knowledge — routing, error-catching, patient continuity. When the roles were

removed, the knowledge evaporated. Shadow AI creates the same vulnerability in reverse:

institutional knowledge accumulates in individual AI habits instead of organisational systems. It is

equally fragile. It is equally invisible. And it is equally devastating when it disappears.

The solution is not to ban the tools. Banning tools does not eliminate the need they serve. The

solution is to provide better Architecture — structured environments that are easier to use than the

browser tab, carry institutional knowledge by default, and leave a trail that makes the invisible visible.

Four Moves

Architecture in practice is four structural moves. Each one replaces an artisanal pattern with an

architectural one.

1. Replace the Chat Window

The chat window must stop being the primary interface between your people and AI. This does not

mean removing access to chat — it means ensuring that for production work, the AI interaction

happens within a structured environment that carries context, constraints, and accountability.
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What this looks like: instruction hierarchies that tell the AI how your organisation works before any

employee types a word. These are not prompts. They are Logic Pipes — layered documents that

encode your terminology, your standards, your regulatory requirements, and your quality

expectations into the AI's operating environment.

The industry has converged on this pattern independently. Every major AI coding tool now reads

project-level instruction files. Anthropic calls the broader discipline "context engineering" — the

deliberate design of everything that feeds into an AI model. The shift from prompt engineering to

context engineering is the shift from artisan to architect.

The instruction hierarchy works best when it is layered — organisation-wide rules at the top,

department-specific standards in the middle, project-level constraints at the bottom. Each layer is

concise: pointers to knowledge, not the knowledge itself. And critically, each layer is a living

document that absorbs corrections as they arise — linking directly to Agency's third move (encode

after correction). The Logic Pipe is not just an AI instruction. It is documentation of how your

organisation thinks. It should be readable by humans, not just machines.

In Whitepaper I, we called the methodology for building this CAGE — Context, Align, Goals,

Examples. You initialise the AI with your organisational context. You align it to your institutional

standards, terminology, and tone. You define the specific goal. You provide calibrated examples of

what good output looks like. Every layer of the instruction hierarchy is doing CAGE work — encoding

the knowledge that makes AI output organisationally appropriate rather than generically plausible.

The professional who builds a CAGE-informed Logic Pipe is not prompting. They are engineering

context.

Replacing the chat window also means choosing what sits behind it. A consumer browser tab

connects to a third-party API by default — your data leaves your boundary with every prompt. The

structured environment you build can route to an API, a private cloud deployment, or an on-premise

model. Each has different guardrails, different runtime security, different capabilities. The choice of

runtime is part of replacing the chat window, not a separate decision made later by IT.

2. Build the Template Library

Every organisation has people who are exceptionally effective with AI. They have developed

reasoning patterns — ways of decomposing problems, structuring prompts, validating output — that

consistently produce good results. In most organisations, those patterns live in their heads.

The Template Library extracts those patterns and makes them available to everyone. It is not a

collection of "good prompts." It is a structured repository of validated reasoning chains — Logic Pipes

that have been tested, refined, and documented with the context needed to use them correctly. A

good template captures the reasoning structure (what stages the interaction goes through), the
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constraints (what the AI should and should not do), the quality expectations (what "good" looks like),

and the known failure modes (where the template breaks and what to watch for).

AI models achieve measurably higher accuracy when operating within structured templates versus

freeform prompts — one study found 85% accuracy with structured JSON/YAML templates versus

significantly lower with open-ended requests. Structure constrains hallucination. The template does

not just make the work faster — it makes the work more reliable.

The Template Library also solves the Comprehension Debt problem from Whitepaper I.

Comprehension Debt is the risk of relying on functional AI systems that nobody actually understands.

When the reasoning pattern is documented in a template — inspectable, auditable, modifiable — the

organisation understands what the AI is doing and why. When the reasoning pattern lives in one

person's head, the organisation is one resignation away from a black box.

3. Ground in Organisational Knowledge

AI models know the internet's average. They do not know your organisation. Without a Knowledge

Retrieval System feeding institutional context into AI interactions, every output is an educated guess

based on public training data.

Nico Appel, our co-author on Whitepaper I, named this gap Legibility Debt — the structural distance

between what an organisation knows and what it has made available in a form that AI can act on. The

knowledge exists. It sits in the heads of your senior people, in process documents nobody reads, in

institutional habits that were never written down. But it is not legible to the machine. You cannot

engineer context from nothing — and "nothing" includes knowledge that exists but has never been

made explicit.

The Deloitte incident illustrates what happens when Legibility Debt is high: a $440,000 report

delivered to the Australian government was riddled with fabricated references. The AI produced

output that sounded authoritative — the Eloquence Trap at deliverable scale — because nothing in

the architecture grounded it in the actual sources, standards, and precedents that the work required.

Knowledge Retrieval ranges from simple to complex. At the simplest level: curated reference files,

tagged bookmark systems, structured document folders that feed into AI context. This is where most

organisations should start. At the middle: document retrieval with search, knowledge bases the AI

can query, RAG (Retrieval-Augmented Generation) pipelines that inject relevant documents into the

model's context window. At the high end: enterprise knowledge graphs, vector databases with

semantic search, multi-source retrieval with relevance ranking.

The complexity of the retrieval system should match the complexity of the domain. Not every

organisation needs a vector database. Every organisation needs some mechanism for grounding AI
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output in institutional knowledge. A tagged reference library that actually gets used beats a million-

dollar knowledge graph that nobody maintains.

Start with what you have. Your best people already know where the authoritative sources are. The

Architecture move is to make that knowledge accessible to the AI — not locked in someone's

browser bookmarks or filing habits.

The grounding decision and the infrastructure decision are the same decision. If your retrieval system

feeds proprietary client data into a third-party API, you have solved the grounding problem and

created a data sovereignty problem. A law firm cannot send privileged communications through a

public model. A defence contractor cannot route classified specifications through an external API. The

retrieval architecture must match the deployment architecture: sensitive knowledge grounded into on-

premise models, general knowledge available to API models, and clear boundaries between the two.

The infrastructure decision is not separate from the grounding decision. It is the same decision.

4. Decompose, Do Not Delegate

The most common AI workflow is delegation: hand the AI a complex task and hope for the best.

"Write me a marketing plan." "Analyse this dataset." "Draft this proposal." The AI produces

something. It looks reasonable. It might be wrong in ways you cannot see because the task was too

complex to verify as a single unit.

BCG's "Jagged Frontier" study showed what happens when delegation meets complexity.

Consultants using AI on tasks within the model's capability saw significant performance gains.

Consultants using AI on tasks outside the model's capability — and delegating without decomposition

— performed 19 percentage points worse than consultants using no AI at all. The AI did not just fail to

help. It actively degraded the work, because the consultant trusted a single-shot output on a task too

complex for one pass.

The architectural alternative is decomposition: break the complex task into stages, each with its own

constraints, context, and quality check. Instead of "write a marketing plan," the Logic Pipe becomes a

multi-stage pipeline — one stage retrieves the relevant market data, competitive analysis, and brand

guidelines; the next decomposes the plan into components with specific objectives; the next

generates each component within its constraints; then an adversarial review stage asks the AI to find

flaws in its own logic; and a final assembly and QA stage stitches the components and checks

against quality thresholds.

Each stage is smaller, more constrained, and more verifiable than the original task. Each stage can

be retried independently if it fails. Each stage leaves a trail.
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Decomposition makes verification architectural rather than heroic. In Whitepaper I, we introduced

ARCH — Action, Reasoning, Contextual Check, Horizon — as the verification chain built into each

step of an AI workflow. Define a verifiable action. Require the AI to show its reasoning before

producing the final output. Check that the output has not drifted from the CAGE constraints set at

initialisation. Consider the downstream implications. CAGE constrains the input. ARCH verifies the

output. At each stage of a decomposed pipeline, ARCH is the quality gate — and because the stages

are small, the verification is manageable rather than overwhelming. The total quality is higher

because errors are caught at the stage level, not after the entire output has been assembled.

The industry is converging on this pattern. Gartner predicts that 40% of enterprise applications will

feature task-specific agents by late 2026 — agents that handle individual stages within a larger

workflow, not monolithic "do everything" assistants.

Decomposition also solves an infrastructure problem that delegation cannot. When you delegate a

complex task to a single model in a single environment, you are forced to choose: use the powerful

API model and accept the data exposure, or use the on-premise model and accept the capability

limitation. When you decompose, different stages can run in different environments. The research

stage queries an API model with non-sensitive context. The analysis stage runs on-premise with

proprietary data. The review stage uses a different model optimised for adversarial evaluation. Each

stage gets the right runtime, the right security boundary, and the right capability level. Each stage is a

verification point — and the Architecture ensures those points exist by design rather than by

individual discipline.

The Proof-of-Concept

This paper series was produced using the Architecture it describes. Not as theory. As working

practice — eleven papers, two whitepapers, over 60,000 words.

The compound effect was measurable. Early deliverables required significant manual correction —

first-time-right rates hovered around 50%. By the fiftieth deliverable, that rate had climbed above

80%. The AI did not get smarter. The Architecture got better. Templates absorbed corrections.

Instruction hierarchies learned from failures. Quality gates — measurable thresholds per deliverable

type, not subjective "does it look right?" checks — caught errors that the original process would have

missed. Each cycle made the next one more reliable.

What produced that trajectory was the four moves in practice. The chat window was replaced with

layered instruction hierarchies — three levels of documented constraints that tell the AI how the
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organisation thinks, what standards apply, and what quality looks like before any content is

generated.

The Template Library was built iteratively. When a prompt produced thin output, the template was

refined. When a pattern produced consistent quality, it was documented for reuse — complete with

system instructions, known failure modes, and sizing heuristics for each type of deliverable.

Knowledge Retrieval was implemented through tagged reference systems and deliberate context

assembly. The human selects what the AI needs to see rather than hoping the AI finds it.

Complex deliverables were decomposed into multi-stage pipelines — one AI engine handling

comprehension and quality assessment, another handling bulk generation, each operating within its

own constraints, with human verification at each stage boundary.

Nico Appel draws a distinction that captures the mechanism precisely. In a Chat Loop, when the AI

misunderstands, the user fixes the conversation. The correction is ephemeral — it lives in that

session alone. Next time, the same gap reappears. In a Spec Loop, the practitioner asks a different

question: "What would have needed to be in the instruction hierarchy so that my first prompt was

understood correctly?" Then they fix the substrate — the Logic Pipe, the CAGE template, the

knowledge base — making the correction persistent. The Chat Loop fixes the output. The Spec Loop

fixes the Architecture. Every Spec Loop iteration makes every future interaction better.

That is the pattern. Architecture is not a one-time build. It is an iterative system that improves with

every use. Every template refined, every instruction updated, every knowledge source added makes

the next interaction better. The chat window starts fresh every time. The Architecture remembers.

How You Know Architecture Is Working

The signs of architectural maturity are visible in how the organisation interacts with AI — and in what

happens when things change.

Same tool, different results. In a low-architecture organisation, output quality depends entirely on

who is using the AI. One person produces excellent work; another produces mediocre work with the

same tool. The difference is artisanal skill — personal prompt craft that cannot be transferred. In a

high-architecture organisation, the Template Library and Logic Pipes bring the floor up. A junior

professional working within a well-designed template produces output that is structurally comparable

to a senior's — not because the junior has the senior's judgment, but because the Architecture

carries the senior's reasoning pattern. The wizard leaves. In a low-architecture organisation, when

the "AI wizard" leaves, the team's AI capability drops immediately. Their prompts, their tricks, their



11

mental models leave with them. In a high-architecture organisation, the Logic Pipes and templates

persist. The departure is felt — the person's judgment and refinement instinct are not replaceable —

but the structural capability remains. The system does not collapse. The same mistake, twice. In a

low-architecture organisation, the same errors recur because nothing captures the correction.

Someone catches a hallucinated statistic today; next month, a different person trusts the same type

of hallucination. In a high-architecture organisation, the correction enters the template, the instruction

hierarchy, or the knowledge base. The error rate on that specific failure mode drops and stays down.

Rework rates trend downward month over month — not because people are more careful, but

because the Architecture is more constrained. It just works — until it does not. In a low-

architecture organisation, nobody can explain why the AI produces what it produces. It "just works" —

until it does not, at which point nobody can diagnose the failure. In a high-architecture organisation,

the Logic Pipe is readable. The template is documented. The knowledge sources are listed. When

output quality drops, you can trace the cause: was the context incomplete? Was the template

inappropriate for this use case? Did the knowledge base miss a recent policy change? The

Architecture makes the reasoning visible, which makes the system debuggable. More people, more
risk — or more people, more data. In a low-architecture organisation, scaling AI use means more

people using browser tabs — more shadow AI, more inconsistency, more untracked data exposure.

Every new user is a new risk vector. In a high-architecture organisation, scaling means more people

operating within the same Logic Pipes, contributing to the same Template Library, grounding in the

same Knowledge Retrieval System. Every new user is a new data point that makes the Architecture

better.

The Architecture Gap

Gartner estimates that 30% of generative AI projects will be abandoned after proof-of-concept by end

of 2025. The pattern is consistent: an organisation runs a pilot, sees promising results in a controlled

setting, then fails to move from pilot to production. The proof-of-concept worked because a small

team managed the context manually — they were the Architecture. When the pilot scales, the manual

context management breaks down.

This is the Architecture gap. The technology works. The tool works. What does not work is the

environment around the tool — the Logic Pipes, the templates, the knowledge retrieval, the

decomposition patterns that turn a demo into a system.

BCG found that only 5% of organisations have crossed this gap. The rest are stuck in what we call

the "PoC graveyard" — a collection of successful experiments that never became operational

capability. The 5% who crossed it did not use better models. They built better Architecture.
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The gap is also where the 80/5 paradox from Paper 1 resolves. Eighty per cent adoption. Five per

cent measurable ROI. The adoption is real — people are using the tools. The ROI is missing because

the tools are being used artisanally. The Architecture that would turn individual tool use into

organisational capability does not exist.

Architecture Makes Agency Scale

Paper 11 built the environment where verification is structural. Paper 12 builds the engine that makes

that environment repeatable, consistent, and improvable across the organisation.

Without Architecture, Agency depends on individual discipline — each person deciding, each time, to

verify. That works for the Stage 4 professionals who have the developmental capacity for

independent judgment. It does not work for the 58% who have not yet reached that stage.

With Architecture, the verification structure is built into the workflow so that Agency does not depend

on heroism. The Logic Pipe constrains the AI interaction before generation — carrying institutional

knowledge that the individual may not possess. The Template Library ensures that the reasoning

pattern is sound before the individual applies it. The Knowledge Retrieval System grounds the output

in organisational reality before anyone has to verify it. The decomposition pattern creates verification

points at each stage, not just at the end.

Architecture does not replace Agency. It amplifies it. It takes the verification discipline of the best

people and makes it available to everyone. It takes the reasoning patterns of the most effective AI

users and makes them the organisational default. It takes the corrections from every failure and

encodes them into the system so they compound rather than evaporate.

And it creates a new category of human work. Whitepaper II introduced Architectural Labour
alongside the Intellectual and Accountability Labour from Whitepaper I. The person who converts an

organisation's tacit knowledge into Logic Pipes, who builds the CAGE templates that carry

institutional context, who designs the decomposition patterns that make complex tasks verifiable —

that person is performing Architectural Labour. AI handles the Intellectual Labour at machine speed.

The human retains the Accountability Labour. The Amplifier — the L3-4 practitioner who bridges

domain expertise and AI capability — performs the Architectural Labour that makes the other two

possible.

The question for every organisation is not "are our people using AI?" Eighty per cent probably are.

The question is: "are they using it within an Architecture that makes the output reliable, the reasoning
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visible, and the improvements permanent?" For most organisations, the honest answer is no. The

browser tab is still the system. The chat window is still the engine room.

The four moves are not complicated. Replace the chat window. Build the Template Library. Ground in

organisational knowledge. Decompose, do not delegate. Each one is actionable. Each one

compounds. Together, they turn AI from a tool that individuals use into a capability that the

organisation possesses.

That is what Architecture means. The deliberate design of how intelligence — human and artificial —

reasons through your organisation, and the deliberate choice of where that intelligence runs, what

data it touches, and what boundaries it respects.

This is Paper 12 in a series from the Centre for AI Leadership (C4AIL). Paper 11 covers Agency —

the verification environment. This paper covers Architecture — the engine that makes Agency
scalable. Paper 13 covers Governance — the value layer that makes the system trustworthy. Paper

14 covers Scaling — the compound expansion that makes the investment pay off. For the full

research framework, see "Sovereign Command: Leadership in the Age of Intellectual Automation"

(Whitepaper I) and "The Labour Architecture: Redesigning Work for the AI Age" (Whitepaper II) -

available from C4AIL on request. Take the diagnostic: assess.c4ail.org Contact: hello@c4ail.org |

centreforaileadership.org

https://assess.c4ail.org/
https://centreforaileadership.org/

