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The Question

A software engineering leader who builds enterprise systems asked a straightforward question: "Do

specs and documentation actually help AI agents?"

The surface answer is yes. The deeper answer is that the question reveals exactly where the industry

is stuck.

Specs do not help AI agents the way documentation helps human developers. A README explains

what exists. An instruction file governs what happens. The difference is the difference between a map

and a set of traffic laws. One describes the territory. The other constrains behaviour within it. When

you write an instruction file — a CLAUDE.md, an AGENTS.md, a GEMINI.md, whatever the platform

calls it — that says "never create documentation files unless explicitly requested" or "prefer editing

existing files to creating new ones," you are not documenting your codebase. You are designing the

cognitive architecture within which an AI system operates.

This distinction — between documentation and architecture — is the fault line that separates teams

getting value from AI-assisted development and teams generating sophisticated waste at

unprecedented speed. And the industry has been discovering this distinction, one painful lesson at a

time, over the past two years.
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The Five Ages of AI-Assisted Code

The discourse around AI-assisted development has moved through five distinct phases since 2023.

Each phase is well-documented individually. What has not been mapped is the pattern they reveal

together — not a timeline, but a maturity progression.

The first age was prompt engineering (2023-2024). The focus was on crafting better prompts to

coax better output from AI systems. It treated the AI as a sophisticated search engine: the human

adapts their query to the machine's expectations. Prompt engineering produced a cottage industry of

tips, tricks, and template libraries. It also produced the first wave of disappointment when teams

discovered that better prompts did not reliably produce better software. The second age was vibe
coding. Andrej Karpathy coined the term in February 2025: "You fully give in to the vibes, embrace

exponentials, and forget that the code even exists." It was presented as liberation — anyone could

build software by describing what they wanted. Non-programmers shipped products. The excitement

was genuine.

Then projects hit what practitioners now call the three-month wall. Complexity accumulated. Bugs

compounded. The code that nobody understood could not be debugged by anyone, including the AI

that wrote it. An eighteen-year-old named Medhansh illustrates the dynamic (documented in a Rob

Hallam interview): twelve Codex subscriptions, roughly $2,400 a month in AI tools, building and

selling websites without knowing how to code, generating roughly $3,000 a month in revenue. He

was operating in the gap between what AI could generate and what his clients could verify. That gap

has a shelf life.

The third age was the recognition that speed is not completeness. Addy Osmani, a senior

engineering leader at Google, named the 70% Problem in late 2024: AI gets 70% done fast, but the

remaining 30% — debugging, edge cases, production readiness — is still human accountability

labour. METR's randomised controlled trial provided the hard data: experienced developers were

measurably slower with AI on their own familiar codebases, while believing they were faster. The
fourth age was context engineering. Tobi Lutke, Shopify's CEO, coined the term in June 2025,

describing it as providing all the context needed for a task to be plausibly solvable by an AI system.

Karpathy endorsed the reframing, arguing that "prompt engineering" had always been a misnomer for

what practitioners actually do. The shift was fundamental — from crafting better questions to

designing better environments. Not "write a smarter prompt" but "build the architecture within which

prompts operate." The fifth age is agentic engineering. Karpathy introduced this framing in

February 2026, roughly a year after coining vibe coding, and called vibe coding "passé." Agentic

engineering is the professional discipline: the human owns architecture, specifications, and

verification; the AI handles implementation. Spec-Driven Development has emerged as its formal

methodology — AWS Kiro implements a structured spec-to-plan-to-code workflow; GitHub released
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Spec Kit; multiple tools now treat the specification as the source of truth and the code as the

generated output.

These five ages are not just a timeline. They are a maturity progression — and the pattern they

reveal maps closely to a framework developed from organisational leadership research, not software

engineering practice.

The Evidence Against Vibes

Before we examine what context engineering actually is, the evidence for why unstructured AI-

assisted development fails deserves a blunt accounting.

Experienced developers get slower. METR's study was not a survey — it was a randomised

controlled trial, albeit with a small sample (sixteen developers). The finding is directional, not

definitive, but the pattern it revealed is consistent with broader observations: experienced developers

on their own projects, their own codebases, the systems they knew best, were nineteen per cent

slower with AI assistance — while believing they were twenty per cent faster. A nearly forty-point

perception gap. The Eloquence Trap applied to productivity: the experience of speed is not the reality

of speed. The tool degrades the skill it requires. Anthropic's own study found developers using AI

coding assistants scored 17% lower on skill assessments, with the largest gaps in comprehension,

code reading, and debugging — the exact capabilities needed to verify AI-generated output. Multiple

developers have written publicly about removing LLM integrations from their editors after noticing

they had stopped reading documentation, stopped thinking through problems, and felt worse at their

craft than before. The tool erodes the judgment required to verify the tool's output. The code is not
secure. Veracode's 2025 analysis found that approximately 45% of AI-generated code contains

security vulnerabilities. Without structural verification, AI generates insecure code at scale. The
volume compounds the problem. A practitioner who builds enterprise software in weeks put it

precisely: "Vibe coding needs vibe auditing, because humans can't handle the volume of code." This

is the Reliability Trap from our first paper expressed as a throughput mismatch. AI does not just

change the quality of code — it changes the volume. When you can generate an entire application in

days, no human review process scales to match. Faros AI's study of over 10,000 developers found

teams merging 98% more pull requests while human review time grew 91% — senior developers

reviewing 6.5% more code while their own primary output declined.

To be clear: AI-assisted development does show productivity gains on isolated, well-scoped tasks.

GitHub's studies and Google's internal research have documented this. The problem is not that AI

tools are useless — it is that task-level speed does not translate to system-level reliability when the

verification architecture is absent.
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Werner Vogels, AWS's CTO, named the accumulating cost: verification debt. His argument is that

when you write code yourself, comprehension comes with the act of creation — but when the

machine writes it, you must rebuild that comprehension during review. Every line of AI-generated

code that ships without genuine understanding is debt that will come due.

This argument deserves an honest counterweight. The implication is that human-written code came

with built-in comprehension. Often it did not. The software industry had decades of jokes about

terrible coders for a reason — copy-pasted StackOverflow answers with unrenamed variables, cargo-

culted patterns from open-source projects without understanding the design decisions behind them,

functions that nobody could explain six months later including the person who wrote them. Not every

software engineer imprinted their logic onto their code. Many produced the same incomprehensible

output that we now blame AI for generating.

The real loss with AI-assisted development is specific: when a skilled engineer writes the logic

themselves, the act of creation produces a cognitive trace — a memory of why each decision was

made, how each piece connects. That trace is what made their code maintainable. AI removes the

act of creation, and with it the trace. But the answer is not to reject AI. In the hands of a skilled

engineer with the right architecture, AI can produce more maintainable code than the average human

ever did — with clearer documentation, consistent naming, and enforced process honesty that tracks

the rationale behind every segment. The catch is those three words: "the right architecture." Without

it, AI produces workslop at scale. With it, AI produces what most human teams never achieved:

consistently documented, consistently structured, consistently governed code.

There are two possible responses to the volume problem. The first is to build AI tools that audit AI-

generated code at AI speed — vibe auditing. This treats verification as a separate step applied after

generation. The structural problem is that auditing tools are also AI systems, which creates recursive

verification: who audits the auditor? You can add layers, but each layer introduces its own reliability

multiplication.

The second response is to constrain generation so that verification is built into the process. Do not

generate then audit. Generate within constraints that make the output verifiable by design.

This is what context engineering actually is.

What Context Engineering Actually Is

Lutke described context engineering as providing all the context needed for a task to be plausibly

solvable by an AI system. Practitioners have since refined this into four components: instructions,
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knowledge, tools, and state. What this means in practice is designing the full environment within

which an AI system operates — before it generates a single line of code.

Instructions are the rules, constraints, and anti-patterns that govern behaviour. Not suggestions —

architecture. "Never create documentation files unless explicitly requested." "Prefer editing existing

files to creating new ones." "Don't add features beyond what was asked." These are not style

preferences. They are structural constraints that prevent the AI's natural tendency toward over-

engineering, scope creep, and plausible-looking output that misses the actual requirement.

Knowledge is the domain context that makes output relevant. Your architectural decisions. Your

coding standards. Your past failures. The edge case that caused an outage last quarter. The

regulatory requirement that is not in the codebase. The ORM behaviour that surprises everyone the

first time they encounter it. This knowledge exists in the heads of your senior engineers. Context

engineering makes it explicit and machine-readable. Tools are the capabilities the AI can invoke —

not just code generation, but file operations, API calls, database queries, deployment pipelines. The

tool layer determines what the AI can do. The instruction layer determines what it should do. The gap

between "can" and "should" is governance. State is the current context: what has been done, what is

in progress, what has been tried and failed. Without state, every AI interaction starts from zero. With

state, the system accumulates context across sessions, across developers, across projects.

The shift from prompt engineering to context engineering is the shift from adapting to the machine to

designing the environment the machine operates in. Prompt engineering asks: "How do I phrase this

so the AI gives me what I want?" Context engineering asks: "What architecture do I need so the AI's

default output meets my standards?"

This is the Floor from Paper 4 — the structured system that produces reliable AI output by default,

without requiring every user to be an expert. Where Paper 4 described this conceptually, the industry

now has a name for the discipline and a growing body of practice around it.

A System in the Wild

The preceding definition is abstract. What does context engineering look like as a working system?

The following describes a context engineering system built by Ethan Seow, C4AIL's co-founder, over

six months of production use across a curriculum development operation — not a proof of concept,

but a working system that produces deliverables at scale.

Seow's system comprises twenty-nine instruction files across eight project trees, totalling

approximately 4,282 lines of structured instructions governing 335 tools across 44 service modules,

spanning fourteen programmes with standardised structures.
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The files are organised in a layered inheritance hierarchy of three to four levels. The root file (~420

lines) establishes universal rules: mandatory planning before edits, verify-before-assume protocols,

post-edit summaries, task-linked work tracking. The programmes parent file (~310 lines) adds

curriculum-specific conventions: awareness model terminology, standard directory structure, a multi-

model bulk generation pipeline with temperature guides and decomposition strategies. Programme-

specific files (~200-400 lines each) add domain rules: module mappings, knowledge-and-awareness

taxonomies, deliverable specifications.

Each level adds domain-specific rules without repeating parent rules. Like CSS specificity, the most

specific instruction wins. A programme-level rule can override a root-level default without touching the

root file. This is not accidental — it is the same architectural pattern that makes large codebases

maintainable: separation of concerns, inheritance, and local override.

Three design patterns emerged through practice, not theory.

Gotchas as first-class artifacts. The instruction files contain entries like: "kerykeion v5 node bug:

s.mean_node  returns None. Use s.true_node ." And: "Do NOT use __init_subclass__  for

version_id_col  — cls.__table__  doesn't exist at class construction time." And: "sales-vps takes ~90

seconds to fully start — check journalctl." These are not code comments. They are operational

context encoded into the AI's instruction layer so that it never rediscovers a known failure. Every

gotcha was discovered through a production failure. Every gotcha, once encoded, prevents that

failure permanently.

This is not idiosyncratic. The same pattern is emerging across open-source projects: the actor-zeta

C++ framework encodes a coroutine dangling-reference trap in its instruction file ("use value

semantics, not const T&  — the caller's stack frame is gone after co_await "); the devito_book project

warns that Quarto's equation labelling syntax breaks inside LaTeX align environments and provides

the exact workaround. The structure is consistent: name the component, state what breaks at

runtime, provide the fix. Gotchas are becoming a recognised category of context engineering artifact

— institutional memory made machine-readable.

Decomposition prescribed. The instruction files specify exactly how to break complex work into

parallel calls, what generation temperature to use per deliverable type (slides at 0.6, labs at 0.25,

assessments at 0.4), and what quality sizing heuristics to apply. The AI does not decide how to

approach the work — the architecture decides. Quality made measurable. Sizing heuristics provide

objective quality gates: slide decks should exceed 35KB, lab guides 40KB, reading packs 15KB. If

the output is under threshold, regenerate. No subjective judgment is required for the first pass. This is

verification built into the generation architecture, not applied after the fact.

This system started with a single basic instruction file in late 2025. It evolved through failure over six

months of daily use. Each production incident that traced to an AI error produced a new instruction, a

new constraint, a new gotcha. The current system achieves first-time-right rates in the range of 50-

80% on bulk deliverable generation — curriculum slide decks, lab guides, assessments, reading
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packs — across a pipeline that produces over a hundred deliverables per programme. These are

self-reported metrics from a single practitioner's workflow; independent validation would strengthen

the case. But the trajectory — from near-zero reliability to majority first-time-right — is the pattern that

matters, not the specific numbers.

The investment is real. Four thousand lines of structured instructions did not appear overnight. This is

months of encoding failures into architecture, refining heuristics, and building the feedback loops that

make the system self-improving. Context engineering is not free — it is a bet that the upfront cost

compounds into returns that unstructured approaches cannot match.

Each failure that updates an instruction file permanently improves the system. The architecture gets

smarter with every error, and the error rate drops with every improvement to the architecture. The

system has a built-in feedback loop — and critically, it benefits from stress rather than degrading

under it.

Building What Persists

Seow's system was not built on top of off-the-shelf context engineering tools. Those tools did not

exist when the system was started. The tool layer — 335 MCP tools spanning task management,

calendar, email, document conversion, deployment pipelines, multi-model AI orchestration — was

built because the context engineering infrastructure the market offered did not match the workflow it

needed to support. This is not a recommendation for everyone to build their own productivity

platform. It is an observation about what distinguishes the Amplifier from the Orchestrator.

The Amplifier (L3-4 in our framework) uses context engineering within existing tools. They write

effective instruction files. They design structured prompts. They build verification chains. They are

skilled practitioners of a discipline someone else defined.

The Orchestrator (L5-6) builds the infrastructure that makes context engineering possible. They do

not just write instruction files — they design the system within which instruction files operate. They do

not just use tools — they build the tool layer that connects AI to their specific domain.

There is a practical tension here worth naming. The best-engineered platforms for context

engineering today — the ones with layered instruction hierarchies, MCP tool integration, and agentic

workflows — are proprietary.

But the layers that matter are portable. Instruction files are plain text — markdown files that encode

domain knowledge, constraints, and gotchas. Every major coding agent now has its own convention

(CLAUDE.md for Claude Code, AGENTS.md for OpenAI Codex, GEMINI.md for Gemini CLI, scoped
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.mdc  rules for Cursor), and cross-tool interoperability is emerging — but the content is transferable

regardless. The tool protocol (MCP) is genuinely open — anyone can build a server. The intelligence

layer that reads those instructions and invokes those tools is the proprietary component.

The strategic principle follows: own the architecture, rent the intelligence. Build the instruction files,

the tool integrations, the verification chains, the domain knowledge encoded as machine-readable

constraints. These are plain text and portable between platforms. If the orchestration layer changes

tomorrow, the architecture survives.

The Spec Is the Source of Truth

A CLAUDE.md file is not a README. A specification is not documentation.

Documentation explains what exists. A specification constrains what can happen. When an

instruction file says "mandatory planning before edits — state the objective, list every file to be

touched, describe specific changes, identify dependencies, call out risks, wait for approval," it is not

describing how the system works. It is defining how the system is allowed to work. The distinction

matters because it determines whether the AI operates within your architecture or creates its own.

Spec-Driven Development formalises this into a methodology. AWS Kiro's signature mode

implements a structured workflow: specification first, plan second, code third. GitHub's Spec Kit

provides open-source tooling for the same pattern. Multiple frameworks — SPARC, Intent, OpenSpec

— have emerged around the same insight: the specification is the source of truth, and the code is the

generated output.

This is not a new idea. It is Design by Contract (Meyer, 1988), Test-Driven Development (Beck,

2002), and Behaviour-Driven Development (North, 2006) arriving at their logical conclusion. If the

spec defines what the system must do, and the AI generates the implementation, then the spec —

not the code — is the artifact that matters. The code is a build output. The spec is the architecture.

This position is not uncontested. A substantial community of practitioners argues that the running

code is the real specification — that documents describing intended behaviour inevitably drift from

actual behaviour, and that tests are the only honest spec. This is a legitimate concern, and it echoes

the Waterfall-versus-Agile debate of the 2000s. The resolution may be the same: not documents that

describe what code should do, but living constraints that govern what AI is allowed to do. An

instruction file that says "never swallow exceptions" is not a requirements document gathering dust

— it is an active constraint enforced on every generation cycle.
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The teams that understand this write living specifications: version-controlled, reviewed in pull

requests, tested against real output, updated when they fail. When an AI-generated bug reaches

production, the post-mortem updates the specification that should have prevented it. Each failure

makes the specification smarter. This is what living specifications mean in practice — not a wiki that

rots, but an architectural artifact that evolves.

The Industry Discovered ARGS

Here is the pattern worth naming, because the individual voices in this discourse are each looking at

one piece of it.

The five ages of AI-assisted development reveal structural parallels with the four pillars of the ARGS

framework developed across this paper series — Agency, Architecture, Governance, Scaling. ARGS

was developed from organisational leadership research, not software engineering practice. The

mappings are not exact — they are structural analogues, not identical concepts. But the convergence

is consistent enough to be worth examining.

The 70% Problem is Agency. Osmani's insight (Paper 11, "Implementing Agency") — that AI gets

70% done and the last 30% is human accountability labour — is the recognition that AI output

requires human verification. This is what Paper 11 calls the verification habit: the discipline of

maintaining judgment when the tool makes judgment feel unnecessary. METR's finding that AI makes

experienced developers slower while feeling faster is the Eloquence Trap applied to code.

Context engineering is Architecture. Lutke's definition — designing the full information environment —

is what Paper 12 ("Implementing Architecture") calls the engine room: building structured systems

that make AI output reliable by default rather than by heroic review. The Floor from Paper 4. The

instruction hierarchy described above.

Spec-Driven Development is Governance — the formalisation of the gap between "can" and "should"

described above. The mandatory spec-plan-code workflow, the living specifications, the verification

chains — these are the building codes from Paper 13 ("Implementing Governance") applied to

software. Rules encoded into the process so that compliance is structural, not voluntary.

The compound cycle is Scaling. Each failure that improves the instruction file, each gotcha that

prevents a rediscovered bug, each sizing heuristic that catches under-generated output — this is the

compound effect from Paper 14 ("Implementing Scaling") in practice. The system gets better with

every iteration, and the gap between governed and ungoverned teams widens every sprint.
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The developer community arrived at these four pillars independently, from a tools-and-practice angle.

We arrived at them from an organisational leadership angle. The convergence is not coincidence. It is

convergent evolution — independent systems arriving at the same architecture because the

underlying problem has the same structure regardless of the angle you approach it from.

The convergence runs deeper than pillars. The Sovereign Command whitepaper describes five

knowledge layers that humans process simultaneously: Experiential (body-level pattern recognition

from years of practice), Contextual (understanding the specific environment), Institutional (how power

and culture actually work), Deductive (formal reasoning and frameworks), and Syntactic (surface-

level language and format). AI operates natively on the last two — syntax and deduction. The other

three are what make a senior engineer's judgment different from a junior's prompt.

Context engineering is, at its core, an attempt to make those non-syntactic layers machine-readable.

The instruction file hierarchy maps directly: gotchas encode experiential knowledge — the things

learned through failure that cannot be derived from first principles. Project-specific rules encode

contextual knowledge — this codebase's patterns, this domain's edge cases. Organisational

conventions encode institutional knowledge — how the team works, what the culture permits, where

the political constraints lie. Frameworks, rubrics, and sizing heuristics encode deductive knowledge

— the formal reasoning structures. And file format conventions, naming patterns, and output

templates encode syntactic knowledge — the layer AI already handles.

Vibe coding fails for the same reason the factory education model fails (Paper 5): it operates on only

two layers — syntactic and deductive — while ignoring the experiential, contextual, and institutional

layers where human judgment actually lives. Context engineering is the discipline of encoding those

missing layers into the AI's operating environment. But encoding knowledge is not the same as

possessing it. Someone has to have the experiential and contextual knowledge before it can be

made machine-readable — and the encoding is never complete. Human practitioners carry enormous

implicit context: years of internalised patterns, political awareness, domain intuition that operates

below conscious articulation. A senior engineer does not re-read the documentation every time they

touch their own codebase. That knowledge is ingrained. AI starts from zero every session. The gaps

are permanent, and filling them with specific context the AI would not otherwise have is not a one-

time setup task — it is the ongoing discipline of distillation. Context engineering is not "write the

instruction file and you are done." It is the continuous practice of making what you know legible to a

system that cannot know it on its own. This is the irreducible human requirement.

What the developer discourse is still missing is this human capability layer. Every context engineering

framework, every SDD tool, every maturity model in the current discourse measures tooling

sophistication: how advanced is your AI pipeline? None of them ask the harder question: how

capable are your people at exercising judgment over AI output? You can have the most sophisticated

context engineering infrastructure in your industry and still fail if the humans operating it have lost the
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ability to verify what it produces — which, per Anthropic's own study, is exactly what AI tools do to the

skills of the people who use them.

ARGS was designed to include the human capability dimension from the start. That is the gap in the

current discourse — and it is the gap that determines whether context engineering delivers on its

promise or becomes the next generation of sophisticated tooling applied to organisations that cannot

use it.

The Compound Divergence

Vibe coding hits a wall. Practitioner communities report a consistent pattern — often around the

three-month mark — where projects that started fast stall as complexity exceeds what unstructured

prompting can manage. The timeline is anecdotal, but the pattern is widely observed. Without

architecture, without specifications, without verification — you are one edge case away from a

codebase nobody understands.

Context engineering compounds over a ramp. Each instruction file failure that gets encoded as a

gotcha, each sizing heuristic that catches a quality issue, each anti-pattern that prevents scope creep

— these are permanent improvements. The system gets smarter. The error rate drops. The first-time-

right rate rises. And critically, every improvement to the model makes the existing architecture more

effective, not less.

This is the divergence that matters. When a better model ships — and better models will keep

shipping — the vibe coder gets a faster way to generate code they still cannot verify. The context

engineer gets a more capable system operating within constraints they have spent months refining.

The same model improvement produces waste for one team and compound returns for the other. The

gap widens with every release.

The discipline, not the tool, is the competitive advantage. The tool will change. The tool will improve.

The tool may be replaced. The architecture — the instruction files, the verification chains, the domain

knowledge encoded as machine-readable constraints, the compound cycle of failure-to-improvement

— that persists.

AI can write code. The question that remains is whether you own the architecture that governs what it

builds — and whether that architecture includes the human.
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This paper accompanies the diagnostic series (Papers 1-3), "Building for Amplifiers" (Paper 4), and

the ARGS implementation series (Papers 11-14) from the Centre for AI Leadership (C4AIL). Paper 4

applies the framework to software engineering teams. This paper examines the emerging discipline
of context engineering and its convergence with the ARGS framework. For the full research

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

from C4AIL on request. Contact: hello@c4ail.org | centreforaileadership.org

https://centreforaileadership.org/

