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For everyone who has their identity at stake.





The essential difference between persons 
and other creatures is to be found in the 
structure of a person’s will.

— Harry G. Frankfurt, 
 “Freedom of the Will and the Concept of a Person” (1971)
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Introduction

In 2023, a few months after ChatGPT arrived, everybody was in 
full confusion mode about the evolution of AI. I was in a searching 
season of my own — I had handed the running of my company to 
someone else and stepped back to ask what my life was actually for. 
During a fireside chat, the realization of our innermost capability 
just came to me. I said that the most human thing about us is that 
we are born wanting to know what is true, and that seeking it may 
be the whole point of a life. I ended on the thought I could least de-
fend and could not shake: that in a world where machines do much 
of the work we do now, it is up to us to tell the machines what is 
true and what is not. It sounded mystical. It took me three years to 
ground it in facts. This book is what came of it: an argument about 
how we will live and work alongside these machines, and what our 
own work becomes — how, ultimately, we are best equipped to be 
the truth tellers. It is about people before it is about technology.

Every executive I talk to is trying to accelerate AI and does not 
know how. Boards want a plan. Vendors are selling hard. Employ-
ees are afraid. Most companies are improvising.

The fear inside the company is not only about jobs. It is about 
identity.

A lawyer friend told me the painful part was not that her craft 
might be replaced. It was that the self she had built through two de-
cades of work might no longer be needed — the cases she took, the 
judgment she developed, the relationships she built, the way she 
became a particular kind of lawyer. The machine could reproduce 
much of the visible output without having become anyone.

Not the income — the self. That is the wound under the AI 
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debate. The executive problem and the employee problem are the 
same problem seen from opposite sides. Leaders need to know 
what work the system can be trusted with. They also need to know 
what AI absorbs, what stays human, and what invisible functions 
disappear when a role does. None of these questions can be an-
swered alone.

I have been running an enterprise automation company for 
twenty years. That gives me scars and a point of view. The hard 
part of automating work was never the so-called happy path, the 
straightforward scenario. It was the exceptions, judgment calls, 
handoffs, customer intent, trust, audit, and ownership that made 
the work real. Strip those out and you have not automated the 
work. You have automated a fiction of it.

My role gives me a front-row seat to what just changed. In the 
last two years I have watched AI cross a line. An agent can take a 
goal, plan the steps, write and run code, use tools, check its work, 
correct itself, and keep going for hours. I watch agents build parts 
of our own products. Parts of this book were made in the same 
kind of partnership. Whoever tells you this is just a better version 
of autocomplete has not worked with an AI agent lately. Whoever 
tells you it means the enterprise now runs itself has never run an 
enterprise. Both are loud. This book is for the people who have to 
decide between them.

I run an automation company. That is my declared bias. If 
this book is right, AI adoption is not model deployment alone. It 
requires a description of how the work actually runs, plus auto-
mation, orchestration, governed action, audit, rollback, and work-
flow — the map and the rails of the business. Companies like mine 
benefit from that conclusion. But the argument is not against AI, a 
defense of old automation, or a plea to preserve human work un-
changed. It depends on AI being powerful. If AI were not powerful, 
none of this would matter.

So watch what is actually coming. AI will usher in a new pro-
duction architecture built from three actors: an agent, a person, 
and an automated process. An invoice fails its match. The agent 
reads the invoice, pulls the purchase order and contract, finds the 
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discrepancy, checks similar cases, drafts the fix, and stages the up-
date. A person looks at the evidence because the vendor is strategic 
and the amount unusual, then makes the call to accept the update. 
Automation posts the correction, writes the audit line, and notifies 
the buyer the same way on the ten-thousandth case as on the first. 
The agent brings speed, reach, and synthesis. The person brings 
judgment and accountability. The automated process brings exact-
ness. Their capabilities may overlap, but the institution needs each 
duty held where it is strongest and where someone can answer for 
it. Humans remain needed where the institution needs commit-
ment, not just output.

The thesis is blunt:

AI proposes. Humans decide. Automation executes.

The model investigates, plans, builds, runs its own checks, and 
carries multi-step work all the way to a finished proposal — what it 
cannot carry is the call. Humans own the calls where consequence, 
trust, commitment, and culture matter. Deterministic systems exe-
cute what must be exact: payments, ledgers, workflow transitions, 
permission checks, rules, audit trails, state changes.

The organizing question is the one every executive is asking:

Why can’t I just plug an agent into the existing 
business and let it learn and act like a human?

Because it does not read the room the way a senior human does; 
because the knowledge that runs your business was never written 
down; because the agent has no institutional self; because it can-
not reliably distinguish its good moves from its bad ones in your 
domain; because it produces answers that are probably right, and a 
payment must be exactly right; and because your systems were not 
built to be acted on safely by agents.

These answers give the book its shape. Part I shows what the 
four structural limits to AI systems are, why they survive scale, 
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and why the person’s role narrows instead of disappearing. Part II 
builds the operating model that emerges from those limits: how the 
handover runs, what the institution must build and keep, and what 
happens to the people. Part I is the why. Part II is the how.

A concrete prediction follows. By the end of 2028, wherever a 
large regulated enterprise runs a high-consequence workflow with 
real autonomy — claims adjudication, loan approvals, procurement 
exceptions, material payment approvals, payroll changes, regulat-
ed customer escalations — that autonomy will be running inside an 
engineered environment that includes an explicit description of the 
work, decision rights, permissions, audit, rollback, and human val-
idation for exceptions. It will not be a general agent dropped into 
legacy systems and left to learn. If broad enterprise deployment 
proves otherwise, this framework weakens.

Mature AI systems need a governed layer around them: the map 
and the rails. The map is the description of the business an agent can 
act inside — the things the business handles, what the words mean 
here, which rules apply, who may decide what, what must happen af-
terward, and how experienced people actually handle the exceptions 
— knowledge that today lives mostly in people’s heads. The rails are 
the machinery that executes what is approved — exactly, every time 
— and stops everything else. AI may help build that governed layer; 
that accelerates the argument rather than refuting it. The direction 
is clear, but the pace will vary by sector, regulation, management 
quality, and how quickly the map and the rails get built.

Do not accept the argument because of who I am. Do not reject 
it for the same reason. Test whether it explains what happens in 
production.

The biggest executive mistake is to move first on headcount. This 
results in cutting the visible work product before knowing what else 
the role produced: the culture it held, the people it trained, the cus-
tomer trust it carried. Part II returns to that mistake and its remedy. 
The point of this book is not to reassure. It is to see clearly enough 
to act — because the answer is neither to pause nor to cut in panic 
before the operating model works. Both are expensive.

The answer is to build the architecture.



P A R T  I 

The Structural 
Argument
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The four stages

The road from the enterprise you have to the one this book de-
scribes runs in four stages. The ladder appears throughout the 
book, so learn it now. What changes from one stage to the next is 
not the technology. It is the person’s role, which narrows as evi-
dence of the agent’s proven capability accumulates.

Stage one — the person orchestrates. She performs and coordi-
nates the work: asks the assistant, carries the answer, runs auto-
mations as separate instruments, and hands off to the next person. 
This is the era of chat assistants layered on unchanged systems, 
and it is where most companies are today.

Stage two — the person supervises. She hands an agent a task with 
a clear goal and a clear finish, inside a controlled environment — 
tools, permissions, logs, checkpoints — and watches, redirects, 
corrects, and accepts. The agent works attended: she starts it and 
stays with it.

Stage three — the person reviews proposals. A business event 
starts the work: a claim arrives, a renewal date approaches, an in-
voice fails to match. The agent works unattended and proposes; the 
person meets the work at the gate and validates, and deterministic 
automation executes what was approved.

Stage four — the person handles exceptions. Routine cases run 
under audit. The person decides the long tail and sets the policy. 
The gate does not disappear; it concentrates.

The stages are earned in order, with evidence proving the agent’s 
capability, for each kind of work. One process usually contains 
work at several stages at once. And one thing does not change 
across the ladder: consequential action answers to a person at 
every stage — case by case through stage three; at stage four, at the 
boundary, where a person set the policy, owns the thresholds, and 
decides the exceptions, and the audit trail runs back to her. The 
gate is there from day one — what moves is who starts the work and 
how narrow the person’s role becomes. Companies that try to jump 
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from stage one to stage four fail predictably; Part II explains why.

Figure 1. The four stages of the handover. What narrows is the person’s 
role; the gate is there from day one.
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The hype, the panic,  
and the missing framework

Neither the hype nor the disappointment helps an operator. The useful 
question is architectural: what can this system do, what should it not do, 
and what must be built around it?

Every day brings another headline: GAME OVER, AI takes the 
world, this lab did that, that model beat this benchmark.

Inside enterprises, the picture is more sober. Agentic projects 
get canceled, pilots stall before production, and ROI is uneven. 
Individual productivity can rise while organizational productivity 
does not, because the work around the output has not changed.

The numbers are ugly when anyone counts. MIT’s NANDA group¹ 
put enterprise spending on generative AI at thirty to forty billion dol-
lars, with about 95 percent of the integrated pilots it examined show-
ing no measurable P&L return. Gartner² forecasts that more than 40 
percent of agentic AI projects will be canceled by the end of 2027. 
The numbers will move. The pattern matters more: AI is powerful, 
and production is harder than a demo.

Pause is the worst reaction. Companies that pause buy no safety 
and forfeit the description of their own work, the review data, the 
operating learning, and the internal talent that compound only by 
doing the work.

Panic is not better. Cut headcount because agents are expected to 
absorb the work within twelve months, and you may hollow out the 
institution before the capability arrives. When the AI underdelivers, 
the people who knew how the place actually worked are gone.
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Executives need a position on the system being deployed 
now in the current paradigm — large transformer-based models 
trained at scale, wrapped in tools, memory, agents, and orchestra-
tion — not AI in the abstract and not a hypothetical architecture 
twenty years away.

The strongest optimism deserves to be taken seriously. What 
Dario Amodei calls a “country of geniuses in a data center”³ captures 
something real: frontier systems may soon bring extraordinary in-
tellectual horsepower to well-defined problems with clean structure 
and available verification. Public discussion has compressed that 
into a blunter slogan — millions of Einsteins in a data center — and 
that is what many executives hear.

There are two readings.

The technical reading is that AI becomes extremely powerful at 
well-structured intellectual work. I accept it. The operating model 
in this book is built to exploit this idea, and there are places where 
the model should be allowed to surprise you: brainstorming, re-
search paths, code alternatives, product ideas, customer-segment 
hypotheses, failure-mode discovery, test-case generation. In those 
zones, the model can generate ten paths without caring which one 
survives — not a defect but the point — and the human decides 
which deserves commitment.

The literal reading is that Einstein-level problem-solving is 
enough to replace everything humans do. I reject it. Einstein was 
not only horsepower. He was a body, a history, a temperament, 
a social world, and a willingness to pursue one path rather than 
another. Human work often depends on those things, or on institu-
tional substitutes for them.

So run the test literally. Add one of those Einsteins to your orga-
nization.

Create an account. Give it email, Slack, calendar, documents, 
permissions, and a virtual machine. Put it in meetings, give it tasks, 
and ask people to onboard it. Then expect what you would expect 
of a brilliant hire: that it mentors others, becomes senior, absorbs 
the culture, develops taste, notices when the dashboard is green 
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but the customer is at risk, and pushes back when the easy answer 
would corrupt the institution.

At first this seems plausible. Many companies operate almost 
entirely through digital channels. Remote work proved that people 
can join, learn, produce, build relationships, mentor, lead, and 
become trusted without sharing an office.

But remote work proves the interface can be digital. It does not 
prove the worker is created by the interface.

The remote employee brings a self through the screen. Behind 
the account is a person with a body, a life, ambition, shame, pride, 
fear, loyalty, reputation, memory, social instinct, and something to 
lose. That person is changed by what happens in the company. He 
becomes someone inside it. The AI account is not that.

The account gives the model access to the company; it does 
not make the model a member of it. The model can read the doc-
uments and meeting transcript, draft the memo, and propose the 
next move. It may perform at genius level on well-defined intel-
lectual tasks. But it has not become anyone. That is the difference 
between adding capability and hiring a self.

The AI maximalist is half right. The naked model is not the 
future unit. The future unit is model plus tools, memory, agents, 
verifiers, generated automation, and feedback loops. But what’s 
missing from this formulation is the fact that production systems 
still need state, permission, verification, audit, rollback, and exact 
execution. That is the missing framework.
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The first structural limit:  
AI does not learn on the job

A person learns from everything that happens around her, recorded or 
not. An agent does not learn at all. It searches whatever was recorded 
and handed to it, fresh on every request — and most of what runs a busi-
ness was never recorded.

Chapter 1 left a model with an account — email, documents, per-
missions, meetings — every record the company has. This chapter 
is about what all that access still does not contain.

Watch a good operator join a new company. Nobody hands her 
a manual for how the place really works, because no such manual 
exists. For the first few weeks she is careful, watchful, and slightly 
wrong. Then something shifts. She starts making calls that fit: this 
complaint is noise, that quieter one is trouble; this deadline will 
bend, that one will not; this urgent request can wait, and that casu-
al aside from the CFO cannot. Ask her how she knows and she will 
shrug. She was not born knowing this company. She closed the gap 
the way people always have — watching, asking, guessing, being 
corrected once, and never needing the correction twice.

She can do this because humans never learn from scratch. A 
child sees one giraffe and uses the word correctly the next day — 
one example is enough, because it lands on everything the child al-
ready knows about animals, necks, and names. The operator reads 
her new company the same way. One strange meeting is enough, 
because it lands on twenty years of meetings.

Here is the puzzle. The model has a head start too, and on paper 
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a bigger one: it has read more than any human who ever lived. So 
why does the operator find her feet in a month, while the model, 
fed the same company’s documents, keeps missing what everyone 
in the building knows?

Because the two head starts were built from different material. 
Hers was built by living — the hot stove, the misread room, the deal 
that died at the last signature. Lessons like that are pressed into a 
person by consequence, over years, and beneath those years, over 
the long inheritance of being human at all: knowing without being 
told that objects fall, that people have motives, that a silence can 
be louder than an argument. Knowledge built that way is knowl-
edge of how the world behaves. The model’s head start was built by 
reading — by absorbing how people describe the world. Most of the 
time the difference is invisible, and wherever the world has been 
described a million times, the model is dazzling. The difference 
appears in exactly one place: the parts of the world nobody ever 
wrote down.

Your company is that place.

The gap shows up in two situations that look different but are 
the same. Show a person two cases of a new fraud pattern and she 
has it — the concept snaps onto everything she knows about mon-
ey, incentives, and lying. Show the model the same two cases and 
they mostly help it choose which of the patterns it has already read 
about to imitate. Useful, but not the same as getting it. And when 
something genuinely new happens — a quarter that looks wrong in 
a way nobody can name yet — a seasoned operator recognizes an 
old shape under the new surface. A cash-flow spiral, a channel war, 
a champion losing power, a risky exception dressed up as routine: 
the model can produce every one of those phrases on request. 
What it cannot reliably do, on thin evidence, is tell which one is 
alive in the room.

People read the room. Models need the room translated.

And the room is not text. It is tone, hesitation, history, who 
has leverage, what nobody is saying, who has recently gone quiet, 
which policy is enforced and which is decoration, which exception 
is harmless and which is the first sign of a failure. A senior person 
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reads all of this without noticing she is doing it. A child learning to 
cross a street is the purest case: the lesson is not “look both ways.” 
It is the parent’s grip tightening at the curb, the pause that lasts 
longer on this street than on that one, the sharpness of a correction 
when the situation deserved it. The knowledge is a pattern of atten-
tion. Only a sliver of it was ever said out loud.

There is a game that runs this mechanic in miniature: bridge, 
one of the very few famous games where humans still beat AI. 
Bridge is played in partnerships, and the real game is understand-
ing: the partners communicate through a small conventional 
language of bids, and winning depends on the two of them mean-
ing the same thing by it. The conventions are not even secret — in 
serious play the system is disclosed on a convention card, and an 
opponent may ask, mid-game, what a bid means. Yet a pair that 
has played ten thousand hands together understands each other 
far beyond anything the card declares: what a stretch means from 
this partner, what a hesitation tends to mean, when the pair steps 
outside its own system and how it recovers. The declared mean-
ing describes the partnership. It is not the partnership. Chess fell 
to AI decades ago; Go fell; poker fell, hidden cards and all. Bridge 
still stands — and that should give an executive pause, because 
bridge is a tiny world. Four players, fifty-two cards, one rulebook, 
and meaning shared between two people. An enterprise runs the 
same game with thousands of players, a rulebook nobody has fully 
written, and meaning shared across departments, customers, and 
years. If shared meaning keeps the machines from mastering the 
small version, consider what it means for the large one. Addendum 
C explains why that layer resists the machines.

Enterprise work has the same shape, disclosure included. Your 
policy manual is the convention card. An agent can read it, even 
ask about it, and still hold only the declared meaning. The lived 
meaning is elsewhere — in how policy is actually applied when it 
meets a real case, in what this customer’s history actually implies, 
in who actually decides. Little of it is written anywhere, because it 
never had to be. People absorbed it by being here.

So here is the limit, stated side by side. Put a new senior hire 
and an agent in the same company for a year, with the same access. 
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The person learns from everything that happens around her, re-
corded or not — the tension in the meeting, the aside in the cor-
ridor, the correction she got once. The agent does not learn even 
from that year: it searches whatever was recorded and handed to 
it, fresh on every request, and most of what runs the business was 
never recorded. That is the whole limit, twice over. A person con-
verts being there into knowing. The agent has no being-there to 
convert — and nothing it reads today changes what it is tomorrow. 
However capable it becomes, it will be standing outside the same 
door — until somebody writes down what was never written. And 
that is the institution’s work, not the model’s.

Which sounds, at first, like a demand for an enormous doc-
umentation project. It is not, because the writing happens in a 
surprising place: in the middle of the work. Every time an expe-
rienced person corrects an agent, rejects its proposal and says 
why, or fixes its draft before accepting it, a piece of the unwritten 
knowledge just got written — not in a workshop, not in an inter-
view, but in the middle of real work, attached to a real case. A 
wave-through writes nothing, which is why it teaches nothing. A 
correction with a reason writes a line of the manual that never ex-
isted. Keep that up for a year and the institution has begun, almost 
as a side effect, to write the book about itself that nobody could 
have written on purpose.

And notice who can now hold the pen, because this is another 
inversion. The reason the knowledge stayed unwritten was nev-
er secrecy; it was cost. Writing it down took analysts conducting 
interviews that were stale before they were typed up, and no com-
pany could afford to do it twice. AI collapses that cost. The same 
assistants that need the description are the best instrument ever 
built for producing it: they can interview the experts patiently, in 
plain conversation, on the expert’s schedule; draft the description 
from what they hear and watch; pull the scattered fragments — the 
runbooks, the tickets, the old exceptions — into one account; and 
keep asking the question human interviewers forget, which is what 
happens when this goes wrong? The people stay the source and the 
correctors — the draft is cheap now, and their corrections are what 
make it true. But the technology that created the need for the writ-
ing is the first technology that makes the writing affordable. The 
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model arrives at the door needing the manual — and holding the 
pen. Part II builds the machinery that makes all of this systematic.

Will bigger models make the writing unnecessary? They will 
read more and guess better, and the breadth genuinely helps — but 
no amount of reading the world’s books adds the pages about your 
company that were never written. The builders see this wall from 
their side of it. Liang Wenfeng, the founder of DeepSeek, put it 
plainly in a 2026 interview:

Humans keep learning over time. But with AI, you have 
to provide all the relevant context every time you ask it 
to do something. That’s almost impossible. This is why 
AI can’t truly replace employees yet. The next generation 
of models needs to learn continuously. Otherwise, it isn’t 
really a new generation.⁴

Read the diagnosis and the remedy separately. The diagnosis is 
this chapter’s point, stated from inside a frontier lab: the person 
accumulates but the model must be handed everything, every time. 
The remedy — models that learn continuously, updating them-
selves from experience the way the operator did — does not exist 
in production today, and nothing on the current horizon makes it 
governable. But set the engineering aside, because the essence is 
not how the model would learn. It is what it would learn from.

Whatever learns — this year’s rented frontier model, an open-
weight model the institution tunes into its own, or some future sys-
tem that truly learns on the job — it learns from the same source. 
The institution’s work, written down — the examples, the decisions, 
the corrections, the rules and the exceptions — makes the map. An 
institution that keeps that map can shape an owned model from it 
today on work narrow enough to reward it, can hand it to a stron-
ger base next year, and can walk away from any model without 
losing what it has learned. The weights are the finished product. 
The map is what every product is made from — and the only place 
the accumulation is inspectable, correctable, and owned.

That is why writing the knowledge down is the safest bet an 
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institution can make today: it is not a hedge against the future of 
learning; it is the input to every version of it. The enterprise that 
writes its knowledge down loses nothing on any branch. The one 
that waits for the model to remember has nothing to hand over.

One workforce note before the next limit, because Part II will 
build on it. The senior operator’s value is not that she has seen this 
exact case before. It is that she has seen enough different cases to 
recognize the shape of a new one before the evidence is complete. 
That skill — seeing the old shape under the new surface — stays 
human in exactly the settings with thin evidence, high stakes, noth-
ing written down. The model helps once the shape is named. The 
human, for now, is the one who names it.

What would change my mind
I would update this limit if a model, given the same access a new 
senior hire gets — the meetings, the systems, the people to ask — 
closed the gap the way she does: quickly, from a handful of live 
situations, without the institution first writing everything down. A 
longer context window reading more of the company wiki is not 
that; the wiki was always the written part. The test is the unwritten 
part. When models start passing it reliably in consequential set-
tings, this limit is softening.
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C H A P T E R  3

The second structural limit:  
no self that persists, 
originates, and individuates

AI has no self that persists, originates, or individuates — and that ab-
sence matters at a specific set of load-bearing positions, not at every desk.

The limit.

The last chapter ended with a remedy: write the unwritten down. 
Suppose you did — all of it. Every convention captured, every correc-
tion recorded, the whole of the company’s knowledge written and 
loaded into the model’s memory. This chapter is about why even that 
would not be enough. The records would be complete, and some-
thing would still be missing — the thing the Einstein account could 
not deliver either: a self. Even with every record in its memory, the 
model is not transformed by them. This chapter says what that miss-
ing transformation is, and what an institution loses without it.

Think of the most trusted operator in your company — the one 
everyone routes the hard cases to. Twenty years ago she arrived 
knowing almost nothing. What she has now is not mostly informa-
tion; the wiki holds more information than she does. What she has 
is what the years did to her. The deal that blew up taught her what 
a bad contract smells like. The customer she kept through a crisis 
taught her when to bend policy and when never to. The refusal that 
cost her a promotion taught the company what she will not do — 
and taught her the same thing. None of that was transferred to her. 
It happened to her.
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That is a self, in the sense this book needs. It persists: she is the 
same someone across the years, so the lessons have somewhere to 
accumulate and the company knows who it is trusting. It originates: 
she moves first — on hunches, before the case can be proven — be-
cause the moves come from her, not from an instruction. And it 
individuates: the years narrowed her into this particular operator, 
with this taste and these refusals, different from every other twen-
ty-year veteran. Persist, originate, individuate — the three proper-
ties in this chapter’s title, and the three the model does not have.

One might wonder why memory is not simply the self. Agents 
now remember customers, conversations, and codebases; context 
windows grow; retrieval improves. If the self is what the years left 
in her, why is a large enough memory not the same thing?

Memory and self — a question about  
humans too
Because information is not transformation. To see why, separate 
the three places the substitute could live: in the memory, in the 
model’s weights, or in the two together. Each falls short in a differ-
ent way.

Memory alone does not produce a self. That is true even in 
humans. When you remember something, you do not replay a 
recording. You rebuild it — and the same event, remembered at 
twenty-five and at forty-five, comes back in two different forms, 
because the person doing the remembering has changed. Modern 
neuroscience is clear on this point. The self, in other words, is clos-
er to a story continuously maintained than to an archive periodi-
cally consulted. And reading a story is not living it. You can read a 
man’s diary and know every event of his year; but he is the one who 
lived that year, and it made him who he is. It’s the same story, held 
one way as information, the other way as what he became. Calling 
an AI memory store a self requires more than showing that the 
archive is large and accurate. The archive was never the thing.

The weights do not produce an institutional self either. A fron-
tier model is built to be good at everything for everyone — that is its 
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commercial point. The same model can be useful in law, finance, 
software, customer support, strategy, and writing precisely because 
it is not one particular actor with one particular history. But that 
generality has a price. The model has not been shaped by this organi-
zation’s twenty years of customer escalations, by this person’s refus-
als, by the cost of being wrong in this domain over this career. It can 
learn about those histories — read them, summarize them, answer 
questions about them. It has not become someone through them.

And the two together do not give you what neither gives alone. 
A general-purpose model with twenty years of one company’s 
history loaded into memory is not the same as a system shaped 
by twenty years inside that company. The information is present. 
The transformation is not. A chef who has cooked Italian food for 
twenty years and a chef who has cooked Japanese food for twenty 
years, given the same recipe, produce two recognizably different 
dishes — different knife work, different timing, different sense of 
when something is right. The training is in them, not in the recipe. 
The same chef working with twenty different cookbooks produces 
twenty dishes that all bear her fingerprint. The recipe varies; the 
chef does not. Twenty enterprises deploying the same base model 
with twenty years of distinct customer experience in memory are, 
on this argument, the same chef with twenty cookbooks: different 
specifics, the same underlying fingerprint. Early deployment prac-
tice looks that way. It remains a hypothesis to test, not a settled law.

The shorter version of all three:

Having memory is not becoming.

Reading every book about skiing is not skiing. Reading every 
customer escalation is not twenty years in customer support. The 
log has the information. The operator has the transformation.

There is also a cost problem, and it shapes what companies 
will actually build. What training teaches, the model carries every-
where at no extra cost per use. What memory holds must be found, 
selected, and carried back into the calculation on every single run 
— and that costs money every time. Cheaper context will soften the 
bill. It will not, by itself, turn information into transformation.
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The enterprise answer is not to wait for memory to become a 
self. It is to build a structured environment around the agent — the 
institution’s rules, data, history, cases, policies, routines, permis-
sions, audit — in a form the agent can act inside. The environment 
gives the model self-like properties from the outside, and there is 
no shame in the workaround: institutions are themselves made of 
externalized memory and discipline — law, accounting, process, 
hierarchy, ritual. It can work extremely well. It is still the institu-
tion supplying the continuity, not the model growing a self. Wheth-
er that is enough — and for which work — is what the rest of the 
chapter sorts out.

The structure of the will
What holds a self together? The trusted operator showed what the 
years deposit — the taste, the refusals, the cost — but not the mech-
anism underneath. Harry Frankfurt’s 1971 essay⁵ names it, in the 
sentence this book opened with: the essential difference between 
persons and other creatures is to be found in the structure of a per-
son’s will. Not in intelligence. Not in memory. In the shape of what 
someone wants — and what they want to want. That account is 
worth walking through slowly; the rest of the chapter stands on it.

Frankfurt distinguishes two orders of desire. The first order is 
wanting in the moment. The associate wants the deal closed. The 
salesperson wants the quarter to clear. The engineer wants the bug 
fixed. The model has no wants in the human sense, but functional-
ly it operates at this layer: it produces, tirelessly and competently, 
whatever the immediate objective points toward. First-order desires, 
in Frankfurt’s vocabulary. A model can be extremely effective at 
this layer’s work.

People care whether what they believe is true. The model does 
not. That is the difference this book opened with, and Frankfurt’s 
structure explains it: just as a person wants certain wants, she wants 
her beliefs to be true — she takes a position on her own thinking. 
Nobody teaches a child to prefer true to false; the preference comes 
built in, and it was built the only way it could have been. A creature 
that acts and can be hurt has to track what is actually so, because the 
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world answers to what is, not to what sounds right. Caring about con-
sequences and caring about truth are the same organ. The model has 
no such organ, through no fault of its own. It learned from text, and 
in text everything reads equally well — the true sentence, the mis-
taken one, the invented one — so what it learned to produce is what 
sounds right. Frankfurt gave that kind of speech its exact name in an 
essay that later became a book, and the word he chose was bullshit: 
speech produced with no regard for whether it is true. His point was 
that this is worse behaved than lying, not milder. A liar has to track 
the truth in order to steer around it. The bullshitter is simply not 
in that business, and neither is a machine that was never given the 
organ. Someone has to supply the caring, and everything this book 
builds later — the gates, the records, the rails — exists to put a person 
who cares where the machine cannot. 

The second order is what makes someone a person in Frank-
furt’s sense: wants about the wants. A person can stand back from 
her own impulses and choose among them. She can want to be the 
kind of person who does not take the easy answer. She can want to 
want the harder thing. She can say: this is not who I am; this is who 
I intend to be. That standing-back — taking a position on your own 
wants — is what gives a self its shape.

Frankfurt had a name for a being with first-order wants but no 
second-order stance, one that simply acts on whichever impulse is 
currently strongest: a wanton. The word is old-fashioned; the idea is 
not. The wanton can be intelligent, effective, even productive. What 
the wanton cannot do is decide what kind of agent to be — and then 
remain that kind of agent when a different want takes priority. The 
wanton is whoever the current impulse makes it.

The model is best understood as Frankfurt’s wanton — not literal-
ly, because even a wanton has desires of his own, but functionally. A 
model produces outputs. It can be tuned, prompted, and fine-tuned 
to produce different outputs. What it cannot do is say: this is the kind 
of system I intend to be, and this is the kind I refuse to become. Its pref-
erences are applied from the outside, and they hold until another 
intervention from the outside reshapes them. It does not commit the 
way a person commits: by choosing what to be, and then paying a 
cost to remain that when the moment pulls the other way.
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Now look back at the trusted operator, because this is her anat-
omy. The trust-bearer has decided to be the kind of person whose 
word counts, and pays to remain that person. The culture-keep-
er has decided what we do here, and bears cost to enforce it. The 
senior partner has decided what work the firm will not take, even 
when taking it would improve the quarter. These are second-order 
commitments: positions about what the first-order objective is not 
allowed to consume. Without them, the institution has an extreme-
ly capable wanton — useful across the delegated work most desks 
are made of, fluent at the visible work, but unable to be the named 
someone on whom the institution depends.

This second-order absence shows up in four forms, and the 
trusted operator has already shown you each one. Initiative: the 
move nobody asked for, made before it can be justified — her 
hunch call. Cultural continuity: keeping what we do here true when 
keeping it is expensive — her refusals. Individuation: the particu-
lar operator the years made, whose judgment is hers and nobody 
else’s — her taste. Skin in the game: a name and a future attached 
to every answer — her cost. Take them one at a time.

The absence of initiative
Judgment is choosing well among the options in front of you. Initia-
tive is creating an option nobody asked for.

A nurse changes a process before the problem has a name. A 
salesperson calls a customer on a hunch. An engineer fixes a latent 
issue nobody assigned. A factory worker reorganizes his bench. 
Toyota built kaizen — continuous improvement — on exactly this 
kind of small, unrequested move, multiplied across a workforce.

Can a system do this? Give an agent a standing objective — 
watch the queue, flag anomalies, propose improvements — and 
it will act without a fresh prompt. That is real and useful. We call 
this delegated vigilance: the institution decided in advance what 
to watch for, and the system watches. But look at what the nurse 
is doing, because it is different in kind, not just in quality. Nobody 
defined the anomaly she noticed; it was too faint and too new to be 
in anyone’s watchlist. She is spending the ward’s time and her own 
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standing on a judgment she cannot yet justify. And she answers for 
it: if she is wrong, the cost lands on her, and if she is right, the ward 
learns something no rule contained. She is not executing a moni-
toring objective. She is committing the ward to a different way of 
working, on her own judgment and her own name.

Useful initiative is usually hunch plus action. A faint signal fires 
inside a person shaped by years of cases, and the person moves 
before the explanation is complete. A hunch without action is only 
a feeling; action without a trained hunch is noise. Customers are 
saved because someone calls before the churn report can prove 
the account is dying. Outages are prevented because an engineer 
fixes what no ticket has named. The institution benefits precisely 
because the signal was too weak to have triggered any rule it could 
have written in advance.

AI can detect patterns, search for anomalies, propose changes, 
and open work without a fresh human prompt. None of that is trivial; 
much of it will be valuable. The difference is that the system does not 
own the cost of acting on the signal, and it does not decide to become 
the kind of actor who moves first. The institution supplies the goals, 
the triggers, the policies, and the review, and the agent executes 
vigilance inside them. It does not originate the ends. And it does not 
build the track record — the years of being right early — that makes an 
institution willing to let someone move before the case is provable.

The absence of cultural continuity
Culture eats strategy for breakfast, says the iconic line — and it is 
doing more structural work than it usually gets credit for. Culture 
is the accumulated set of examples, norms, and judgment calls that 
tells people what we do here and what we do not do. It is transmit-
ted through hiring, socialization, enforcement, stories, and above 
all through what senior people choose when they are under pres-
sure. The mission statement on the wall is downstream of culture, 
not upstream of it: the statement records what the institution 
already is; it does not create it.

A deployed AI system can hold precedents, remember prior de-
cisions, and reproduce the company’s voice. Those capabilities will 



34         THE WORK THAT REMAINS

make it a better participant in the culture than a bare model, and 
they matter. But participating in a culture and keeping a culture are 
different jobs, and the difference shows up in exactly the moments 
culture exists for: when the written answer runs out, and when 
preserving the norm becomes expensive.

Culture-keeping requires continuity inside the institution. The 
keeper remembers what was tried, why it failed, and which ap-
parent exceptions became precedents. A system can retrieve the 
record. The keeper was there and was changed by it. The system 
holds the minutes; it was not in the room.

Culture-keeping also requires enforcement under pressure. 
The CFO refuses aggressive accounting because “that is not who we 
are.” The engineering manager pulls a release that would ship on 
time but violate a standard the company has always held. The sales-
person walks away from a deal whose terms would compromise the 
institution. In each case, someone bears a real cost to preserve a 
norm. That is the test: culture is not the sentence on the wall. It is 
the cost the institution is willing to pay to keep the sentence true.

Culture is also learned by watching. New people absorb the 
spirit of the place by seeing what respected people do when the 
written rule runs out. They notice which shortcut is praised and 
which is punished, who gets protected after a principled refusal, 
and whether leaders behave differently when the quarter is at risk. 
The example teaches because the person could have chosen other-
wise — and did not.

And culture requires a pattern recognition tuned to here: the 
particular sense of what this institution tolerates, finds shameful, 
laughs at, or refuses even when no policy covers the case. That 
sense is built through repeated social consequence — being cor-
rected, being praised, watching others be corrected — not only 
through statements of principle.

A skeptic will answer that models can be steered: prompting, 
fine-tuning, guardrails. They can, and culture-shaped output is use-
ful. But mimicry and keeping come apart in the cases that matter 
most — the novel situation, the commercial pressure, the conflict 
between what the rule says and what the rule is for. Retrieval tells 
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you what was decided before. A culture-keeper carries a trained 
intuition for what we would decide in a case no one has faced yet.

This makes culture-keeping one of the most underpriced func-
tions in the modern org chart. Long-tenured operators and senior 
individual contributors often carry more institutional continuity 
than strategists who arrive, recommend, and leave. Chapter 10 
returns to what that means for the workforce.

The absence of individuation 
I came to this consequence the long way. I was working with an-
other model on a different project, and the experience gave me 
the underlying intuition more clearly than any abstract argument 
could have.

I had asked Gemini to help me write a book based on chapters of 
my life. I gave it the descriptions, the arc, the texture I wanted, and 
asked it to draft. The drafts came back competent — well-formed, flu-
ent, structurally sound — and bland. Without a style. I tried prompt-
ing harder. I gave it specific writers I admired as references. I tried 
example passages and tonal instructions. The output became ornate, 
compressed, aphoristic on demand. But it never had a style, in the 
sense that Kafka has a style or Joyce has a style. There was no person 
on the page. I escalated the conversation with the model itself, and 
we ended up working out the underlying mechanism together.

The conclusion we reached, and that I am now convinced is 
correct, is that taste — the having of a style, a particular judgment, 
a specific grammar of care — requires individuation. Individuation 
requires divergence from the average. Divergence requires what 
we ended up calling, as a metaphor, a body: a particular self shaped 
over time by specific exposures and exclusions, where the exclu-
sions are as constitutive as the inclusions. Kafka has Kafka’s style 
because he read what he read instead of everything else he could 
have read. The “instead of” is the point. Exclusion is what makes 
inclusion mean something.

Frontier models can imitate style, and some have recognizable 
voices of their own. But imitation and individuation are not the 
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same. Taste is what remains after a self has committed to some ex-
posures at the expense of others and been changed by those com-
mitments. To have Kafka’s taste would require more than Kafka’s 
words; it would require the life, the exclusions, the temperament, 
and the pressures that made those words possible. A model can be 
tuned toward Kafka-like output. It has not lived the narrowing that 
made Kafka Kafka.

The same distinction applies to organizational taste. A person 
inside a company for fifteen years has been exposed to this com-
pany repeatedly, under pressure and consequence. Those expo-
sures shaped him and excluded other shapings — he became this 
operator instead of some other one. A model fine-tuned on the 
company’s documents may become far more useful and speak con-
vincingly in its voice. It still has not been formed by the company’s 
sequence of consequence. It has company information and compa-
ny style. It does not yet have company-shaped becoming.

In the current paradigm, individuation pulls against general-
ity, and the economics explain why. One general model serving 
many customers is what the business rewards; human taste is 
built the opposite way, by narrowing. Fine-tuning, adapters, and 
memory can produce strong company-specific behavior, and the 
engineering will improve. What they have not produced is a system 
narrowed by its own commitments the way a person is. The distinc-
tion is not between generic and customized output. It is between 
customization applied from outside and a history that has changed 
what the actor is from within. That narrowing is where this chapter 
locates taste. It is also why a model can be brilliant and bland at 
once: it can know everything without having given anything up — 
and taste is made of what you gave up.

Could continuous learning and dynamic weight updates eventu-
ally change this? Possibly. The honest answer is not “never.” Ar-
chitectures that try to do so face hard problems — keeping online 
learning stable, avoiding the erosion of old capabilities, and the 
economics of maintaining many individuated models instead of 
one general one. They also raise an institutional question this book 
keeps asking in other forms: who is allowed to change the system’s 
durable dispositions, on whose evidence, and how is the change 
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audited? A future architecture may change the picture. The current 
one has not.

Nor is a long context window functionally the same as individ-
uation. Retrieval returns what was decided before. Individuation is 
the trained intuition for what to decide in a case nobody has faced. 
They look identical on the well-trodden path and come apart exact-
ly where the institution needs them most.

The absence of skin in the game 
Hallucination is the industry’s word for a model stating something 
false with complete fluency. It is usually discussed as a technical 
defect with a technical fix, and the fixes are improving. From the 
institution’s side, though, the deeper exposure is not that the sys-
tem is sometimes wrong. It is that the system is a fluent source that 
pays nothing for being wrong.

Humans do not have a perfect truth module either. We lie, exag-
gerate, rationalize, and fool ourselves. But institutions have spent 
centuries learning to calibrate human sources. They track who has 
been right before, who has something at stake, who would pay a 
price for being wrong, and who is speaking inside a relationship 
that has to survive tomorrow. Every one of those calibration signals 
assumes there is a someone behind the words — a career that can 
suffer, a reputation that can be spent, a relationship that can break.

The model has none of these. No career, no shame, no custom-
er relationship, no reputation in the human sense — no one whose 
future changes because of this answer. And training adds a second 
problem on top: models are optimized to be helpful and plausi-
ble, and preference training can reward sounding right over being 
right. The system learns to produce a confident answer where an 
honest person would say “I do not know.”

The remedies are external, and they work. Tie every consequen-
tial answer to a named source — a contract clause, an invoice re-
cord, a policy version — verify the claims that matter; log what was 
used; score performance over time; escalate when the evidence is 
thin. A lower hallucination rate is valuable and will keep falling. 



38         THE WORK THAT REMAINS

But no rate reduction turns the model into a source whose word 
costs it something. The calibration machinery institutions rely on 
has nothing to grip.

This does not disqualify AI from consequential work. Hospitals 
run on protocols, banks on controls, pilots on checklists, boards 
on approvals — institutions have always built external structure 
around fallible sources, including humans who do have reputations 
and careers. The map and the rails are the same move for AI: build 
around the system what it does not carry within itself, then assign a 
person to own the boundary.

What the external structure cannot supply is the last piece: 
someone to carry a commitment by name and stand behind it over 
time. That remains a person.

Where the absence does not matter —  
and where it does
Now the boundary can be drawn honestly. Much of corporate 
work is doing a job someone else has defined, toward a goal 
someone else has set, inside limits someone else has drawn: the 
junior analyst updating the partner’s deal model, the consul-
tant following the engagement template, the paralegal working 
through the checklist. When the result goes wrong, it is the same 
someone else who owns the outcome. Look at that structure with 
Frankfurt’s distinction in hand. The choosing and the limiting are 
second-order commitments — decisions about what the institu-
tion will be and what it refuses. The owning is what makes them 
real: someone stays attached to the decision and pays if it goes 
wrong. All of it was done before the work arrived. What is left is 
first-order work: competent execution inside the limits. A wanton 
excels at exactly that, and so will the model. We call this delegated 
agency, and AI is going to be genuinely good at it. Nothing in this 
chapter is a warning about that work.

The warning is about the narrower positions where the sec-
ond-order work has not been done in advance and cannot be: 
where the institution relies on someone to move on a faint signal 
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before it can be justified, hold culture under pressure, bear person-
al cost for a commitment, or be trusted by a counterparty by name. 
Read the list again — it is this chapter’s four forms turned into job 
descriptions. These positions are only a small share of the org chart 
and are also often underpriced.

A chapter built on the word self invites a philosophical objec-
tion: is the claim that the machine is not conscious? No — and the 
argument does not need that claim. Two questions must be kept 
apart. Metaphysical selfhood asks whether a system is conscious, has 
a unified subject of experience, or possesses free will in a strong 
philosophical sense. Institutionally sufficient agency asks something 
much more practical: can it pursue assigned goals, operate under 
delegated authority within written limits, route exceptions, and 
work inside institutional governance? A system does not need to be 
a person to do the second well. Companies already delegate work 
to corporations, software, committees, and procedures — none of 
which are selves. This book is an operator argument about where 
that kind of delegation stops being enough. AI will be strong at 
institutionally sufficient agency across delegated work. The claim 
is that it is not a substitute for institutional commitment at the 
load-bearing positions. The book does not need to settle machine 
consciousness to make that case.

Four faces, one absence
The claim is not that AI cannot replace humans in general. It is 
narrower: at the load-bearing positions, initiative, cultural conti-
nuity, individuation, and stake are four faces of one missing prop-
erty. And the two capacities can live in the same system without 
touching. An agent can process a thousand claims a day flawlessly 
— delegated work at its best — and still not be able to be what the 
institution also needs: the officer whose name is on the decision 
when the regulator calls, the person the strategic customer trusts 
when she hears “I will make this right,” the veteran whose refus-
al teaches everyone what we do not do here. Doing the work and 
being the someone are different jobs. The system can hold the first, 
because the first is made of competence. It cannot hold the second, 
because the second is not made of competence at all — it is made of 
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a self with something to lose. More capacity does not close that gap, 
because capacity was never the missing ingredient. The self was.

Creativity, briefly
The familiar claim that AI can recombine but cannot create is too 
easy. Much of human creativity is recombination across domains, 
and models do it well — sometimes better than most people. Most 
professional creative work, however, also requires taste shaped by 
a particular life and the stake to choose one path over the alterna-
tives. The novelist chooses this book over six others; the founder 
bets years on this category; the designer kills a polished option 
because it violates a standard she cannot yet explain. Generation 
produces possibilities. Taste and stake select what deserves to exist.

Above that sits the rarest capacity of all: changing what the 
options are. Picasso did not choose cubism from the available 
styles of painting; he made a style that was not among the options 
until he made it. The same act founds new branches of mathemat-
ics, new forms of music, new categories of business. It requires 
standing outside a consensus, and the current model is built from 
one. Most humans never do this either. The claim is not that AI 
lacks something every person has, but that the present paradigm is 
structurally weak at the rare act by which a few people change what 
becomes possible for everyone.

What would change my mind
I would update this limit if a system did what the trusted operator 
did, in the open. It would need to maintain a stable identity across 
months or years. It would need to accumulate institutional taste 
from being inside one organization, rather than from generic aver-
aging. It would need to originate useful paths nobody assigned, act 
on them before they could be fully justified, and bear a reputation-
al cost for being wrong that recognizably changed its later behav-
ior.

Longer context, better retrieval, persistent memory, and 
fine-tuning on company documents would not be enough. Those 
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improve information access and behavior. The evidence would 
have to cross the line this chapter has drawn from the start — the 
line between memory and becoming. I am skeptical the current 
paradigm will cross it. I am not certain. If it does, the limit weakens 
at the load-bearing positions, in proportion to what the system has 
actually acquired.

The implications.

Map the load-bearing positions in your institution — the orig-
inators, the trust-bearers by name, the culture-keepers under 
pressure — and protect them as infrastructure. Do not assume 
the senior title marks the load-bearing position; often the person 
carrying the continuity sits lower in the hierarchy. Treat the rest as 
delegated agency, which Part II redesigns around the agent. And 
separate two axes the org chart tangles together: credentials and 
selves. They are independent. A stellar résumé says nothing about 
whether someone has carried commitments by name in this insti-
tution — and the person who has may hold no impressive title at 
all. The load-bearing positions need the second axis; the market 
has been paying on the first. The architecture is making the differ-
ence visible — and, soon, priceable. The causes of the four limits 
differ, but the remedy converges: externalize in the architecture 
what the model does not carry.
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The third structural limit: 
actions have consequences

AI is strong where errors are cheap and easy to catch. It is weaker 
where actions carry consequence and the wrong move changes the state 
of the world.

Some years ago, a fraudster impersonated me on WhatsApp and 
reached out to one of our most senior executives. The messages 
carried my name and the urgency of a confidential transaction, 
and a forged email with my name arrived to back them up. The 
story called for a substantial wire transfer, quickly and quietly, 
on a Friday afternoon. The amount sat within the executive’s ap-
proval limit, so no rule forced a second signature. He passed the 
instruction to a colleague in accounting, and the colleague began 
the process to initiate the transfer. Every formal control had been 
satisfied — that is what the attacker designed for. But moving a wire 
transfer for a large amount on a rushed Friday felt heavy to the 
person whose hands were on it, and that person did one thing no 
procedure required: sent a quick message to our chief accounting 
officer, just to let him know. The forgery came apart within hours, 
and the payment was stopped before the money was gone. After-
ward we put in place better controls and stronger authentication — 
the company came out of the scare stronger than it went in.

I tell that story because it shows Chapter 3 stepping into the 
world of action. What saved the money was a hunch — the move 
nobody asked for, made before it could be justified. Chapter 3 calls 
that initiative: a faint signal fires inside a person shaped by years 
of cases, and the person moves before the explanation is complete. 
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And notice what fired the signal here: consequence. A wrong word 
in a draft would not have made anyone message the chief account-
ing officer on a Friday evening. A request for a late-week wire 
transfer to a stranger’s account did — because once that lands, it 
cannot be quietly undone. The weight of the action is what woke 
the hunch. Every check the institution could write down said yes; 
the one control the fraud could not forge was the consequence.

A hunch like that is not luck, and it is not written in any job 
description. It is built from exactly the two things Chapter 3 found 
missing in the model. Stake — skin in the game: the person’s name 
was on the transfer, so part of the weight of the move was their 
own to carry. And becoming: years of moving money, and of being 
there when it went wrong, had turned into a feel for which urgent 
Friday request is normal and which is not. That is how every trust-
ed operator learned. It is also, in a clean form, how a chess engine 
became superhuman: it played, and lost, millions of games before 
it was good. The enterprise offers no such luxury. Every lost game 
here is a real payment, a real customer, a real regulator — nobody 
gets a million free losses. Chess also exposes something deeper 
about today’s generalist models — and it is where this book began. 
I have a degree in mathematics and have competed in Olympiads, 
and the models are now better than I am at solving math problems 
— genuinely better, at the thing I trained hardest at. Yet I can beat 
them at chess, where I am a mediocre player. It took me a while to 
see why. A math problem sits still. Solving it is composing patterns 
— pick a technique, try it, and if it fails, cross it out and try an-
other. A wrong choice costs nothing but time, because the whole 
attempt lives on the page, where the model is at home. Chess does 
not sit still. One wrong move loses the game, and there is no cross-
ing out, because the move changed the board and the board does 
not come back. Engineers have a word for what the board is: state, 
the current truth of the world, which every action rewrites and no 
apology restores. Math lets the model reason in language. Chess 
forces the model to act in state — to make moves in a world that 
keeps the score.
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Figure 2. The page and the board: a wrong attempt on the page costs 
nothing; a move on the board cannot be taken back.

And the model plays chess the way it does everything: it has 
read every chess book and every recorded game ever played, and it 
still loses track of where the pieces stand — because it carries the 
words about the board, not the board. The argument reaches past 
chess: without a world model, a generalist model acts on the words 
about the world, not on the world. The enterprise is a board, not 
a page. Addendum A carries the technical reading, including the 
math–chess asymmetry in full.

A world you can only partly see, and answers that arrive months 
late, would challenge any actor — self or no self. But the person in that 
chain arrived with care that rises with the stakes and judgment paid 
for in past mistakes. A capable model arrives with neither. It brings 
the same fluency and the same calm to a $40 refund and a high-dollar 
wire transfer — its care does not rise with the stakes, because nothing 
it has is at risk. A well-formed request, a matching email, an amount 
inside the limit: it executes with the same calm it brings to everything. 
And it sends no message afterward, because nothing felt heavy.
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The faculty at work that Friday has an everyday name: doubt. The 
colleague did not know anything was wrong — every formal check 
said nothing was. She doubted, which is different from knowing: 
she felt a misgiving, trained by years of transfers and a few that went 
bad, aimed at exactly this one. Doubt is the consequence-sensor 
speaking, and it is expensive to acquire — it is what a life of owned 
mistakes deposits in a person. The model has nothing to build it 
from. Its confidence costs it nothing, so it doubts nothing: it will 
state the wrong answer and the right one in the same even voice.

A draft can be wrong and fixed. A payment can be clawed back 
only with cost, delay, and a counterparty who now knows. A memo 
can be rewritten; a denied claim can create customer loss, legal ex-
posure, or a regulator problem. A bad diagnosis, trade, production 
change, or contract classification is not a text error. These are state 
changes — moves that alter the world outside the conversation. 
And they expose the limit this chapter develops: AI is excellent at 
producing candidates. It is weaker at deciding whether a candidate 
survives contact with consequence.

A knife is not bad, and a child is not useless. But you do not 
hand a child a sharp knife and leave the room. First, you teach, 
then you supervise: a small task, a cutting board, rules, attention. 
Autonomy comes after the child has shown that a small slip will not 
become blood.

Enterprise AI has the same action boundary. Drafting an email 
is not holding the knife. Recommending a refund is closer. Issuing 
the refund, changing bank details, denying a claim, filing a regu-
latory response, or releasing payment crosses the boundary. Capa-
bility is not permission. Before the boundary, the model produces 
tokens. After it, the institution moves money, changes records, 
creates commitments, or absorbs liability. Tokens do not bear con-
sequences. People do.

The boundary is also a gift to the builder, because it sorts every 
tool an agent might touch into two piles. Reading a record, search-
ing a policy, calculating a total, drafting a response — if the output is 
wrong, nothing in the enterprise has changed. These are safe to let 
an agent run freely, without approvals, at any stage. Posting a pay-
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ment, updating a bank detail, denying a claim, sending the answer to 
a customer — these alter the state of the enterprise, and they wait at 
the gate. The rule is simple: an agent may freely use whatever cannot 
change anything, and must earn everything that can. Freely is about 
consequence, not clearance: the reads still run inside the agent’s 
identity, permissions, confidentiality rules, and logs — what they 
skip is per-action approval.

Figure 3. Every tool sorts into two piles: what cannot change the 
enterprise, and what waits at the gate.

So the question is not whether the model can produce the move. 
It usually can. The question is how anyone — including the mod-
el — would know whether the move is right. To know that, in an 
enterprise, you need three things the model is rarely given.

You need the full current state. The settlement above is right 
or wrong depending on facts scattered far beyond the prompt: the 
contract amendment nobody scanned, the promise the account 
manager made on the phone in March, the fact that this supplier 
feeds the one plant that cannot stop. People carry that state in their 
heads and their hallways. The model sees the slice someone re-
membered to paste.
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You need the rules actually in force — which are not the rules as 
written. Every company has an approval matrix, and every compa-
ny has the exception that is tolerated on the last day of the quarter 
and the exception that is never tolerated at all. The policy docu-
ment does not distinguish them. The institution does.

And you need feedback that is fast and honest. Two draft sum-
maries can be compared in a minute. Whether the claim denial was 
right surfaces six months later, tangled in other causes, at the price 
of a customer or a regulator — if it surfaces at all. This is why “just 
train it with feedback” fails precisely where the stakes are highest: 
in consequential work, the world grades slowly, expensively, and in 
private. Addendum D develops the feedback problem.

People bring a fourth tool of their own to this gap: a built-in 
sensor for consequence. Prudence, fear, reputation, a career — the 
sensor that makes care rise with the stakes without anyone writing 
a rule. It is the control that saved us on that Friday. No procedure 
asked for the message to the chief accounting officer; the sensor 
sent it. The institution’s controls were always designed around that 
sensor — and where it fires, new controls get written. The model 
arrives without one. So the architecture has to supply from outside 
both what the model cannot see and what it cannot feel.

Self-driving shows the same pattern at public scale, and it opens 
with a puzzle. Driving is mastered by almost every adult alive — no 
degree required, no exceptional mind. Yet it has absorbed more AI 
investment than nearly any problem in history and yielded more 
slowly than nearly any. A teenager learns it in twenty hours. Why 
can’t the machines?

Because “easy for humans” and “simple” are close to opposite 
properties. Roboticists call this Moravec’s paradox.⁶ The skills that 
feel effortless — seeing, moving, steering through space among 
other agents — are the ones evolution optimized over hundreds of 
millions of years; they feel easy because the machinery is ancient, 
universal, and deep. The skills that feel hard — chess, calculus, the 
bar exam — are a thin and recent layer, computationally shallow 
by comparison. School measures the thin layer. Driving runs on 
the deep one. The person of modest education behind the wheel is 
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operating the most sophisticated machinery known, so well opti-
mized that it costs no conscious effort. Universal mastery is evi-
dence of depth, not of simplicity.

And driving concentrates everything this book has argued so far 
into one activity. The road runs on unwritten conventions: traffic 
law is the convention card, but how a merge is actually negotiated, 
what a flash of headlights means on this road, the millimeter con-
versation at a four-way stop — that meaning lives between drivers, 
and it is learned by driving. The difficulty is the tail, not the average 
mile: the couch on the highway, the officer waving against the light, 
the ball that implies a child.  Human drivers crash astonishingly 
rarely for the miles they log, setting a reliability bar hard for ma-
chines to meet. Mistakes are state changes with bodies, so there are 
no free losses to learn from. And the human driver ships with the 
consequence sensor built in — care that rises with the stakes, fear 
doing the work of a thousand rules.

The lesson, then, is not that AI cannot drive — robotaxis carry 
paying passengers every day. The lesson is what it took to put them 
in traffic. A robotaxi does not drive wherever it likes. It operates 
inside a territory its maker has mapped street by street, on routes 
rehearsed millions of times in simulation, with sensors reporting 
back constantly, a remote operator ready for the moment it gets 
confused, and an expansion plan that adds one neighborhood at a 
time as the safety record proves out. The model drives; everything 
around it decides where, when, and with what safety net. That sur-
rounding engineering is the architecture, not a side detail — and an 
agent acting on an enterprise needs the same kind of engineering 
around it. The extended discussion is in Addendum A.

Computer use — the newest agent capability, operating a screen 
the way a person does — is the same lesson arriving on the enter-
prise desktop. An agent that can read any application, click any 
button, and type into any field is a driver with no mapped territo-
ry. Take the comparison seriously, because it explains more than 
it first seems to. An application’s interface is a city: screens are 
streets, menus are intersections, dialogs are detours, and every app 
is a different city with its own local driving customs. Self-driving 
became real one metropolis at a time, after billions were spent 
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engineering each territory. Computer use is asked to drive through 
thousands of cities nobody has mapped, where the vendor rebuilds 
the roads overnight with every release. That is why, despite billions 
invested by the major labs, the agent that reliably completes conse-
quential work through user interfaces is still not there.⁷ The diffi-
culty was never the clicking. It is the navigation.

And the enterprise desktop is a worse place to learn than a pub-
lic road, because none of the safety equipment exists. The ERP does 
not know a machine is at the wheel; the permissions were designed 
for people; there is no clean rollback; the audit trail shows only that 
someone clicked. Before it acts, computer use deserves the robo-
taxi treatment — the engineered territory, the staged expansion, the 
safety net. And there is one kind of work that needs none of that 
engineering, because nothing in it can change state: read-only work. 
Let computer use do what it is genuinely best at — research a case 
across five systems that were never integrated, pull the history, com-
pare the policy, assemble the evidence a decision needs — where the 
worst outcome the work can produce is a wrong summary somebody 
catches. When the work must act, hand the action to automation 
built for acting: declared, permissioned, audited, exact. The agent 
may conclude that an action is needed. The action itself belongs on 
rails, or at the gate. The strongest case for how to act — and what that 
case concedes — is answered in Addendum F.

The conclusion is not that agents should never act. It is that 
consequential action has to mature through architecture.

The gate is the production answer — and it is not an invention of 
any one stage. It is there from the first day, by default. At stage one, the 
person herself is the gate: the assistant’s draft touches nothing until 
she decides what to do with it. At stage two, she runs the agent — and 
still nothing consequential happens without her acknowledgment, 
and every acceptance, correction, and rejection is evidence the sys-
tem should be keeping. What stage three changes is not whether the 
gate exists but who starts the work and how formal the gate becomes. 
A business event starts it — a claim arrives, a renewal approaches, an 
invoice fails its match. The agent investigates and prepares a complete 
proposal. The person’s whole role narrows to the gate: she validates, 
and deterministic automation executes what she approves.
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The gate is not a decorative human-in-the-loop checkbox. It is a 
verification interface. In front of the reviewer is everything the deci-
sion needs: the evidence the agent gathered, the source records be-
hind it, the rule that was checked, the change that is about to happen, 
the authority being used, and the audit record that will be written. 
And she has four honest options: approve, edit, reject, or escalate.

Self-driving already walked this exact ladder, in public, and the 
tell at each rung is who was in the car. For years, every autonomous 
mile was driven with a safety driver alone in the seat — supervising 
each move, hands ready, taking the wheel the moment anything 
looked wrong, and nobody in the back, because the machine’s 
driving was not yet anyone’s ride. That was stage two at the scale 
of millions of miles: delegation under continuous watch, every 
intervention recorded, no passenger staked on the outcome. Only 
on that record did passengers board — the stage-three moment, 
when the work became real for someone with something to lose. 
The supervision did not vanish; it sat in the same seat at first, then 
left the car for remote operators watching many vehicles, ready for 
the moment one gets confused. Supervision became review at a 
distance while real consequence rode in the back. And the driver-
less service running today is stage four wearing a geofence: routine 
rides run under audit inside a territory mapped street by street, 
remote operators hold the exceptions, and the territory grows one 
neighborhood at a time as the record earns it. The industry that 
has taken autonomy furthest arrived at this progression on its own 
— because it is not a preference. It is what earning trust with conse-
quences looks like.

The gate has two jobs, and the second is worth more than the 
first. The first is protection: the wrong move never becomes a 
state change. The second is teaching. Feedback was this chapter’s 
problem — in consequential work, the world tells you months later 
whether a judgment was right, if it tells you at all. The gate gives 
the institution the fast half of the answer: every time a qualified 
person actually inspects a proposal and acts on it, the institution 
records what its own best judgment said — at the moment of deci-
sion, not months after.

Approvals are not data. Verifications are data.
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A rubber-stamped click is theater. An inspected decision with a 
reason tells the next version of the system which pattern failed and 
why. Every real edit, rejection, escalation, or inspected approval 
teaches the system what this institution means by correct — the 
feedback the open world refused to provide, manufactured at the 
point of consequence.

And the gate does one more thing, quietly: it re-attaches stake 
to the move. The reviewer’s name on the approval is not ceremo-
ny. It is the point where a person who can lose something stands 
between the candidate and the state change — the named commit-
ment Chapter 3 said the model cannot carry.

The record is not ground truth. It is the institution’s judgment, 
and reviewers can be hurried, biased, or wrong. A company that 
treats every gate decision as gospel scales its own blind spots. 
And the slow half of the answer still arrives on its own schedule: 
the approval that comes back as litigation, the exception waved 
through that returns as fraud, the rejection a renewal later proves 
too cautious. When the outcome lands, the decision is not quietly 
left behind — it is revisited in the map, and the correction becomes 
part of the record. The data is unusually valuable because it cap-
tures judgment where the decision was made. It must be sampled, 
checked, owned — and revised when the world disagrees.

This changes the human’s job. Instead of producing every 
artifact from scratch, the person validates consequence, teaches 
the system, and preserves accountability where the institution still 
needs a name.

As the evidence of AI capability improves, routine cases move 
toward stage four. The stable path runs under audit; the person 
concentrates on exceptions. That is the action-with-consequence 
architecture.

What would change my mind
I would update this limit if agents earned the standing an insti-
tution gives a trusted person in the same seat — deciding alone 
within written authority, audited by sample rather than reviewed 
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case by case, escalating the unusual — and kept their error rate low 
as conditions change, not only inside narrow lanes engineered in 
advance.

Until then, the production rule holds: the model may propose 
the move; the institution decides whether the move is allowed.
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The fourth structural limit: 
good enough is not good

When the work must be exactly right, a system that is probably right is 
the wrong thing to trust.

Some work can be mostly right: a draft, a brainstorm, a summary a 
person will check.

Other work cannot.

Payroll, a ledger, a payment instruction, a tax calculation — in 
these domains, 99.1 percent is not impressive. It is failure.

Multiplication is the clean test because it removes the excuses. 
The rules are exact, the answer unambiguous, verification is free, 
and the labels are unlimited. If the model were a reliable algo-
rithm executor, arbitrary multiplication would be the easiest place 
to prove it. It is not one, however — it emits tokens according to 
learned probabilities, and even a written-out scratchpad is generat-
ed rather than executed, so a high-probability continuation is still 
not an algorithmic guarantee.

This matters because enterprise work composes. A system 
that is 99.1 percent reliable at one step is not 99.1 percent reliable 
across a hundred steps. Compound it and the number collapses: 
99.1 percent, a hundred times in a row, completes the chain clean-
ly about 40 percent of the time — worse than a coin flip. Six runs 
in ten break somewhere along the way, from a step accuracy that 
sounded excellent. The arithmetic assumes independent failures 
— real chains have correlated errors, retries, and checkpoints that 
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move the number in both directions — but the lesson survives ev-
ery variant: local accuracy is not end-to-end assurance. And the bar 
is higher than it sounds. Even a component that hits 99.99 percent 
per step — four-nines reliability, a number most teams would be 
proud of — still breaks one hundred-step chain in a hundred. To 
deliver the four nines end to end that an enterprise actually expects 
of payroll or payments, each step has to run at about six nines: 
99.9999 percent. There is exactly one kind of component that 
reaches numbers like that — one that is engineered, tested, and 
held to an invariant — and no kind that merely tends to be right. 
Well-built deterministic systems are designed to preserve state and 
invariants at each step, and those properties can be tested before 
the hundredth step runs.

The right question is not whether the model often produces the 
correct answer. It is:

What part of the system guarantees correctness 
when correctness is required?

That part is the one the whole system trusts. If the answer is 
“the model,” the architecture is unsafe.

Deterministic does not mean correct. A deterministic system 
can repeat the same bug forever, and a rules engine can enforce 
the wrong policy with perfect consistency. Determinism buys 
something narrower and essential: behavior that can be pinned 
down, tested before it runs, audited afterward, and fixed once. A 
probabilistic generator can be excellent and still have failures with 
no fixed address. Trust the work that must be exact to the compo-
nent that can be held to an invariant, not to the component that is 
usually right.

The division of labor is simple. The model recognizes; the deter-
ministic system executes. The calculator calculates, the database 
retrieves, the rules engine checks, and the workflow engine com-
mits the transition. The model’s job is to know which capability the 
moment calls for.
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Tool use therefore proves the architecture rather than refuting 
it. When the model calls a calculator, the system succeeds because 
the calculator performs the computation. The model has not be-
come the calculator. It has learned when to delegate.

The same pattern scales: database for records, rules engine for 
policy, workflow engine for state transitions, payment rail for mon-
ey movement, audit log for accountability. Multiplication proves 
the rails, not the whole operating model. Consequence forces 
permissions, ownership, audit, rollback, and gates. Context forces 
sources, cases, reason codes, and review data. Exactness forces 
deterministic execution. Together they produce the architecture.

Two more cases deepen the point. The Tower of Hanoi is a 
child’s puzzle: move a stack of disks between three pegs, one disk 
at a time, never a larger disk onto a smaller one. Frontier models 
know its solution algorithm perfectly — they can print it on re-
quest. Asked to actually run it across many moves, they lose track 
of the state and collapse, even with the algorithm sitting in the 
prompt. Knowing the procedure is not being the machine that 
executes it. Poker adds a stranger case. The best poker strategy is 
deliberately unpredictable: in a given spot, theory says bluff exactly 
a third of the time — no more, no less, and at random, so that an 
opponent can find no pattern to exploit. A model can know that 
number and state it perfectly. What it cannot do, hand after hand, 
is be the coin: its choices come out patterned and drift from the 
target, and a patterned bluffer is a readable bluffer. The systems 
that beat the world’s best professionals solved this by executing the 
strategy with an actual randomizer. Which stretches this chapter’s 
lesson to its furthest edge: sometimes the thing that must be exe-
cuted exactly is randomness itself — and even randomness, done 
right, is a job for machinery. A model can approximate an algo-
rithm. A deterministic executor runs one. Production systems need 
the second when correctness is required.

Arithmetic research is improving fast. Better position embed-
dings, scratchpads, recurrent structures, verifier loops, and tools 
improve arithmetic and length generalization. This progress clar-
ifies the architecture because each advance supplies better state, 
checking, iteration, or deterministic execution from outside the 
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generator. When the output must be right, the component enforc-
ing it should be deterministic or formally verified.

That is why a pure agentic future is the wrong mental model for 
enterprise work. The future is a model operating inside a governed 
execution layer — proposing, routing, translating, drafting, and 
increasingly building automations — while deterministic systems 
execute what must be exact.

What would change my mind
I would update this limit if neural systems themselves became 

the component production trusts with exact operations under real 
enterprise conditions: arbitrary inputs, long workflows, audit, 
rollback, permissions, failure handling, and safe composition. If 
assurance comes from an independent verifier, the exactness is be-
ing supplied by an assurance layer — this architecture in different 
clothes.

A better arithmetic benchmark or a longer generated scratch-
pad would not be enough. The standard is not impressive accuracy. 
It is a component the institution can inspect, audit, and hold to an 
invariant.
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Where the system  
completes the model

The four limits converge on one answer: a governed path from model 
proposal to enterprise action — the map to describe the work, the rails to 
execute it exactly.

The model is a powerful recognizer and generator. It produces can-
didates, classifications, summaries, plans, code, explanations, and 
proposals across enormous distributions. That is extraordinary.

Production work needs more. It needs the unwritten knowledge 
of the business made available. It needs a self where the institution 
depends on commitment. It needs state and consequence manage-
ment where actions change the enterprise. It needs deterministic 
execution where correctness is not optional.

Those needs point to one answer: build the system around the 
model.

Return to the question that opened the book:

Why can’t I just plug an agent into the existing 
business and let it learn and act like a human?

Because the business was built for people who carry context 
in their heads, authority in relationships, judgment in experience, 
and accountability by name. An agent needs those functions ex-
ternalized: state, permissions, activities, decisions, gates, actions, 
transactions, audit, rollback, and ownership.
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Chapter 1 granted the AI maximalist a half-truth, and this is 
where it gets collected. No serious version of the maximalist case 
claims the naked model is the future unit; the claimed unit is mod-
el plus tools, memory, agents, verifiers, generated automation, and 
feedback loops. The disagreement was never about whether the 
model needs machinery around it. It is about whether that ma-
chinery can stay generic — the same harness dropped into every 
company — or whether it must carry the functions this book calls 
the map and the rails: this business described, these consequences 
governed. The four limits are the answer. The machinery surround-
ing the model must be specific to the organization using the model. 

The map describes the work: what exists, what words mean 
here, what may happen, who may decide, and how exceptions are 
recognized. The rails make that description binding: they enforce 
permissions, execute approved actions, record what happened, and 
stop what is not allowed. A gate is declared in the map and en-
forced by the rails.

Each limit creates a corresponding requirement. Where the 
ability to read the room matters, the system needs sources, exam-
ples, reason codes, cases, review data, and workflow state. Where 
the institution needs a self, it needs named owners, policy, esca-
lation, and people who carry commitment. Where actions have 
consequences, it needs explicit state, allowed moves, validation, 
permissions, audit, and rollback before proposals become actions. 
Where exactness matters, deterministic components have to be the 
ones trusted with it.

The limits do not have equal durability. Exact execution is the 
keystone: even much stronger models will need some component 
that can be held to an invariant, tested, audited, rolled back, and 
safely composed. The first three are more likely to soften as agents 
gain memory, institutions capture review data, and more of the 
room becomes legible. That does not weaken the operating model. 
It explains why autonomy should advance by evidence of capabili-
ty, domain by domain.

The rails are the production floor: deterministic execution, 
controlled tools and automations, enforced permissions, audit, 
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rollback. The map is the institutional layer: workflows, cases, skills, 
decision rights, reason codes, review data, and the ownership that 
keeps it true. This is the substrate the new enterprise runs on.

Watch the split in a single piece of work. An agent meets a task 
nobody has automated — a supplier statement arriving in a for-
mat the system has never seen. This is where it shines: it reads the 
format, tries a mapping, calls a tool, checks the result, adjusts, and 
gets there — cognition exploring an unknown path. Everything AI 
is best at lives on this side of the work: interpreting a goal, drafting 
a process, writing the code, diagnosing the failure, improving the 
next version. The mistakes are cheap here, and the intelligence 
earns its price.

Now run the same reconciliation for the fiftieth time. The path 
stopped changing weeks ago. Paying a model to re-reason a settled 
path on every run buys nothing: it adds cost on every case, seconds 
of delay, and a small chance of creative deviation exactly where de-
viation is a defect. The settled path belongs on rails — executed the 
same way every time, cheap per run, exact and auditable because 
it was engineered to be. The agent’s real home in stable operations 
is not the execution seat. It is the first encounters, the exceptions, 
the repair job when an upstream system changes, and the design 
bench where it builds and maintains the very automations that do 
the executing. Use cognition where novelty earns it. Use automa-
tion where repetition rewards it.

Human cognition has the same broad shape. We think through 
the new thing, turn repetition into routine, and bring attention 
back when the routine breaks. Addendum E develops the analogy.

Historically, deterministic systems failed the business in two 
practical ways. They were expensive to specify before anyone knew 
the real exception pattern, and expensive to maintain when up-
stream systems changed. The result was predictable: a few core 
processes justified serious automation, while the long tail remained 
manual because it never cleared the engineering threshold.

AI changes both economics. It can turn messy descriptions into 
candidate automations, help professional and operator-builders 
reach the long tail, diagnose brittle integrations, and convert re-
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curring exceptions into stable paths. The model can also repair and 
extend the rails as the environment changes.

AI does not make automation obsolete. It makes more automa-
tion worth building.

One machine, three missing pieces
Before Part I closes, step back and ask why the four limits exist at 
all — because one underlying fact produces them, and an executive 
who holds it can re-derive most of this book on a napkin. What the 
model actually does, its whole trade, is recognition: it computes 
what an answer would resemble, and produces a candidate to 
match. Its astonishing breadth comes from that trade. So do three 
absences, and you have already met each one.

A candidate that resembles the right answer has not been car-
ried out. Resemblance produces what the next step of a procedure 
looks like; it does not execute the procedure and hold the result. 
That was multiplication, and the tower.

A candidate that resembles the right move has not been 
checked against the world. Resemblance cannot say whether this 
move is allowed here, now, in this state, under this policy. That was 
the fraud that sailed through every written control, and the gate 
that answers it.

And a candidate cannot grade itself, because the grader is the 
same recognizer that produced it, sharing the same blind spots. 
When the generator marks its own homework, failure leaves no 
signature — which is why every serious deployment brings in an 
outside judge: a test, a rule, a verifier, a person.

Execution from outside. Verification from outside. Judgment 
from outside. Every production fix ever shipped borrows at least 
one of the three — a database, a rules engine, a gate, a named 
owner. That is the map and the rails in a single sentence: the en-
terprise, standing outside the model, supplying what recognition 
cannot.
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Legibility
A domain becomes tractable for AI when work is legible: the state 
can be seen whole, the moves listed, the outcomes checked, the 
feedback captured. Chess was born legible. Code became legible 
through repositories, tests, types, diffs, linters, CI, issues, and 
review. Poker remains legible despite hidden cards because rules, 
actions, payoffs, and randomization are formal.

Enterprise work is illegible by default. The same word means 
different things across functions, customers, jurisdictions, and 
moments. The map and the rails do not make the work simple. 
They make state visible enough, actions limited enough, gates real 
enough, and outcomes traceable enough for humans, agents, and 
automation to share one system.

What automation supplies
The execution layer must provide properties the institution can 
design and inspect. None arrives automatically merely because the 
component is called automation; each is an engineering obligation.

Determinism. Under the same declared conditions, the system 
follows the same path.

Auditability. Actions are logged and traced through records; in-
ternal transitions can be replayed, and external effects reconstruct-
ed or compensated.

Governance. Permissions, roles, approvals, separation of du-
ties, and change control limit what the system can do.

Rollback. When something fails, the system can undo, compen-
sate, or correct.

Safe long-chain execution. The common path runs cheaply and 
reliably; exceptions return to agent and human attention.

These properties are not automatic. They are design obliga-
tions, and that is precisely why they can be tested and governed. 
The limits describe what the model does not carry internally. The 
map and the rails supply it externally.
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Figure 4. The four limits become the system’s requirements: what the 
model does not carry, the map and the rails supply.



P A R T  I I

The  
Operating Model





Where the system completes the model                 67

Part I explained why a capable model is not yet a production 
system. Part II follows what the enterprise must do about it.

It begins with a constitution: fifteen commitments that hold the 
machine and the people in one program. Then comes the hando-
ver — how work passes from people to agents, automations, and a 
process orchestrator while authority moves more slowly, through 
evidence of capability and a gate. The map and the rails supply the 
environment that handover requires. The final chapters follow the 
consequences into the workforce, the transition, and the identity 
people built through work.

Figure 5. The architecture, whole: AI proposes, humans decide, 
automation executes — on a map the institution owns, with models 
rented outside it.
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A Constitution for  
the New Enterprise

Fifteen articles an institution can adopt: how the work runs, what the 
institution builds and keeps, and what happens to its people.

The AI labs learned early that a powerful model needs a constitu-
tion. Anthropic gave its models a written statement of principles on 
the theory that guidance living in no document ends up living no-
where. The enterprises deploying those models mostly have noth-
ing comparable. They have pilots, policies scattered across security 
reviews, and instincts held by whoever attended the last briefing.

This is the missing document for an institution that intends to 
run on AI and remain an institution — accountable, continuous, 
still able to keep its commitments by name.

It is built from three sections. The first says how the work runs. 
The second says what the institution builds and keeps while it runs 
— because adoption done well leaves assets behind, while adoption 
done badly leaves little but invoices. The third says what happens 
to the people. That last section is not an appendix. AI adoption and 
workforce transformation are one program.

I. How the work runs
Article 1. Outcomes are the unit of value. Judge an AI program by 
what happened to the work: faster, fewer errors, lower cost, less 
human effort, control that holds. Count those. Do not count agents 
deployed.
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Agent count is the vanity metric of this era; it will read in ret-
rospect the way “number of apps” read in the mobile era. The five 
measures above can be compared before and after the program, 
which turns improvement from a claim into a fact. Control belongs 
beside speed and cost deliberately: efficiency bought with weaker 
control is not improvement. The institutional ledger in Article 12 
belongs on the same scorecard.

Article 2. AI proposes, humans decide, automation executes. 
Agents read context, handle variation, gather evidence, and pre-
pare. Humans hold the decisions that carry consequence and the 
accountability that follows. Automation commits the approved 
change.

The division is both a safety rule and an economic one. “Hu-
mans decide” does not mean a person clicks every case forever. As 
evidence of model capability accumulates, people decide policies, 
thresholds, and exceptions while routine decisions earn their way 
to running under audit. What does not disappear is accountability: 
a machine cannot own an outcome, so a person with a name does.

Article 3. Do not spend intelligence on work that does not 
need it. Wherever work can be written down and checked, it runs 
as tokenless automation: no model in the loop, no tokens on the 
meter, the same declared behavior every time. Reserve models for 
judgment, language, and variation.

For execution, probably right is wrong. A payment posting has 
no acceptable creative variance. The economics point the same 
way: even cheap model calls multiplied across millions of stable 
steps remain a bill, while a declared automation has a predictable 
cost and a clean audit trail. Ask the model to reason through the 
same stable step ten thousand times a day and you are paying for 
improvisation where you needed a habit. Tokenless describes the 
run, not the build. AI may build or repair the automation; once the 
path is stable, the run should not improvise it again.

Article 4. Orchestration holds the work together. Work span-
ning people, agents, automations, and systems needs a declared 
structure that owns progression, state, and recovery. Where the 
path is known, declare it. Save goal-seeking freedom for outcomes 
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that genuinely outrun a path, and limit it hardest exactly there.

A claim or onboarding crosses systems, people, and time. When 
step nine fails, something must know the state and how to resume. 
That something cannot be a person’s attention or an agent’s mem-
ory of the moment. A declared structure can be read, tested, chal-
lenged, approved, and audited.

Article 5. Authority is earned by the work, never granted to 
the model. An agent may assist on supplied context. It receives 
authority only over work that is described, limited, and evidenced. 
Authority shrinks automatically when performance falls.

Without the relevant context, the agent is a bright stranger 
guessing at your business. Granting the stranger authority is how 
enterprises manufacture incidents. A model’s general reputation 
says little about the risk of your workflow. Trust attaches to its re-
cord on this kind of work, under these conditions. Do not promote 
the model; promote the work.

Article 6. Design for the exception factory. The enterprise as 
it runs is an exception factory: the missing field, the blocked but 
critical vendor, the policy that collides with a customer promise. A 
design that handles only the happy path automates a fiction.

Escalation, consequence, rollback, and recovery are decided at 
design time. The exceptions are where the institution’s operating 
knowledge lives.

II. What the institution builds and keeps
Article 7. Build the map and the rails as you go. Every deploy-

ment should leave behind a better map of how the work actually 
runs and automations for the parts that proved stable. Build both 
from the first project, not as a cleanup program later.

The context AI needs — what words mean here, which rules 
matter, how exceptions are handled, who decides — is scattered 
across heads and documents. Let the model help draft it. Let the 
people who own the work correct it. Let stable paths become rails. 
Done well, each project leaves a map, review data, and reusable au-
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tomation that make the next project cheaper. Done badly, the pilot 
ends and nothing remains but the invoice.

Article 8. Capture judgment, not conversations. Keep the pro-
posal, correction, decision, and reason attached to the work they 
belong to. Not every conversation deserves preservation. Every 
meaningful correction does. Capture starts with the attended pat-
tern of stage two.

The richest teaching the institution ever gets is the correction 
made while the system is being broken in: this was wrong, here is 
why, here is what should happen. Buried in a chat log, it teaches no 
one. Attached to the case and reason, it becomes precedent.

Article 9. Rent the models; own the memory. Switch models by 
capability, cost, and data requirements without rewriting the work. 
Own the map, the record of decisions and corrections, and any models 
trained on validated institutional work. Ownership means provenance, 
access, portability, and the power to switch — not necessarily hosting.

You pay for intelligence twice: with money and with the knowl-
edge revealed to make it useful. The corrections your reviewers 
make are know-how no competitor can buy off a shelf. If they do 
not land in your own record, they compound to no one. The cloud 
era accumulated data; this era accumulates learning — under your 
governance or not at all. Models will come and go. The governed 
memory of your work is what remains when one is replaced.

The likely settled shape is two tiers. For operations that are rel-
atively well defined — the claims triage, the invoice investigation, 
the classes of work the record has made legible — the architecture 
gravitates to frontier-class open-weight models, fine-tuned on the 
institution’s own validated work: steadier, cheaper per case, and 
under the institution’s governance. For the exceptions and the gen-
uinely novel — the cases no tune has seen — rent the latest frontier 
model, because that is where its edge earns its price. The map and 
the rails feed both tiers, which is the point of owning them.

Article 10. Learning is governed, not self-modifying. Evidence 
proposes; a named owner approves; nothing becomes operational 
without that approval. Recorded decisions are never silently rewrit-
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ten. Changes are additive, attributable, and auditable.

A system that grades its own evidence and rewrites its own 
rules cannot be owned — no one can answer for a policy no one 
approved. The loop should close quickly. The syllabus should still 
have an accountable author.

III. What happens to the people
Article 11. One program, not two. AI adoption and workforce 

transformation are the same program. Every deployment changes 
work; every workforce decision changes what the system can safely 
know and do.

Run them separately and each damages the other. The technology 
program cuts the people whose knowledge the map still needs. The 
workforce program retrains for roles the deployment plan is about 
to remove. The map in Article 7 is built from what people know; the 
judgment in Article 8 is captured from decisions they make. Separate 
the programs and both assets can disappear in the same quarter.

Article 12. Keep two ledgers. The productivity ledger records 
what became faster and cheaper. The institutional ledger records 
what was lost, preserved, or rebuilt: trust, mentorship, customer 
memory, judgment under pressure, culture. Report both.

Most companies track only the first. That is how an institution 
hollows itself out while reporting gains. The second ledger is hard-
er to count. That is why it must be made explicit.

Article 13. Redesign roles around the work that remains. 
Roles often produce two outputs: the visible work product AI in-
creasingly absorbs and a developmental output in the form of trust, 
mentorship, customer relationships, and judgment in the excep-
tional case. Weigh both before deleting either.

The account manager’s reports can be drafted by a model; the 
reason the customer stayed through the outage cannot. Cutting 
by visible output alone removes both and reveals the second loss 
too late. Where the developmental output is real, redesign the role 
around it. Where it is negligible, say so and act honestly.
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Article 14. Rebuild the apprenticeship on purpose. Routine 
work once trained juniors in the trade. As machines absorb it, 
rebuild that training deliberately: the map as a training ground, 
seniors teaching judgment, juniors teaching AI-native speed. Do 
not cut the juniors.

The old apprenticeship carried a hidden curriculum: how de-
cisions are really made, when policy bends, what quality feels like 
before it can be measured. That curriculum has to be rebuilt on 
purpose. The invariant is the pipeline, not the old job description. 
Every institution needs a credible way to grow future trust-bearers. 
Hiring juniors into redesigned roles that put them near real deci-
sions is the default and usually the best way. Cut them indiscrim-
inately and you lose both the bench and the people most likely to 
show the institution where its process is obsolete.

Article 15. Democratization, not anarchy. The people who 
own the work should be able to author apps, automations, agents, 
delegated tasks, and corrections to the map inside guardrails the 
institution defines and the platform enforces.

Adoption begins with the people closest to the pain. Coding 
agents do not eliminate the citizen developer; they expand what an 
operator can build. Governance makes self-service safe. An oper-
ating model built only for architects abandons the people who will 
actually change the work.

The amendment clause
A constitution that cannot say what would amend it is a creed.

Article 3 would soften only if the generator itself became an 
inspectable component that could be held to an invariant, and if 
spending cognition on a stable step ceased to cost anything worth 
counting. A better benchmark or an independent verifier would 
not qualify; the verifier would be the assurance layer this architec-
ture already requires. I expect neither, but both are stated, which is 
what makes the article amendable rather than sacred.

Articles 8 through 10 rest on how institutions learn and answer 
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for themselves, which changes more slowly than technology. The 
people articles face the greatest political pressure because quarter-
ly numbers reward the hollow version first. If machines ever ac-
quire genuine stake, initiative, and something to lose, Articles 2, 13, 
and 14 will need rewriting, along with much of this book.

Amendments should be earned by evidence of capability and 
made in public.
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The Handover

Every process has always had a person quietly running it — deciding 
what happens next, and deciding what becomes final. AI takes over the 
first job quickly. The second moves only as fast as trust.

The constitution says what to hold. It leaves the practical question 
on the table: who does what tomorrow morning, in a real process 
with deadlines and failures?

The answer begins with orchestration. In vendor briefings, 
“agentic orchestration” can mean a prompt calling another prompt, 
two models talking, a workflow engine with a new logo, or a su-
per-agent supposedly running the company. The term is abused 
because these functions are not interchangeable. The resulting 
confusion is also unnecessary: people orchestrate work every day 
without naming it. The architecture becomes clear once the term is 
taken apart.

Orchestration has two duties. Coordination decides what 
happens next — which step follows, who gets the work, when to 
wait, when to move. Governance decides what becomes official — 
whether the step is allowed, the result acceptable, and the change 
ready to be committed so the enterprise can rely on it. The commit 
may be mechanical; the authority to commit is not. A dispatcher 
routing trucks coordinates. A notary validating documents governs. 
Most confusion about agents begins by blurring the two.

Neither duty was invented by AI. Enterprises have orchestrated 
work for as long as they have existed. What is new is only who — 
and what — can hold the duties.
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The invisible orchestrator
Watch an accounts-payable specialist work an invoice that failed its 
match. She pulls the purchase order, checks the contract, emails 
the buyer, waits for the answer, updates the record, routes the case 
to a manager for an approval she cannot give, and moves on. Ask 
what her job is and she will say invoice exceptions. Look closer and 
it has three parts: she performs the work, decides what happens 
next, and makes the result official. Executor, coordinator, governor 
— three duties in one job title. Nobody named the last two because 
they were fused with working.

The enterprise gave her help with orchestration years before 
anyone said “agent.” The ticketing system routing her queue is a 
case orchestrator. It holds a lifecycle — open, in progress, waiting, 
resolved — carries handoffs, remembers state overnight, and sur-
vives her vacation. Nobody calls it artificial intelligence, which is 
exactly why it is instructive: it coordinates everything and decides 
nothing. A system can hold the first duty of orchestration for twen-
ty years while people keep the second.

That arrangement — machinery that coordinates while people 
govern — is the key to the whole transition. Keep it in mind.

Two altitudes
One distinction has to be made early, because everything else 
stands on it. A task is one piece of work with a clear finish: match 
this invoice, draft this response, check this clause. Someone hands 
it to you; you hand back a result. A process is work moving across 
people, systems, and time: the claim from arrival to settlement, the 
invoice from receipt to payment, the customer from order to re-
newal. Tasks live inside processes the way scenes live inside a film.

Orchestration happens at both altitudes. Inside a task, someone 
sequences the steps of the work itself. Across a process, someone 
decides how the tasks flow — what triggers what, who takes the 
handoff, what happens when a step fails. The specialist did both 
without noticing: she orchestrated inside each investigation, and 
she orchestrated the flow between them.
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At the task altitude, an agent is orchestration in a box. Give it a 
goal with clear edges — investigate this mismatch, find the three 
closest prior cases — and it plans, calls tools, sequences the work, 
and adapts. What it produces remains provisional until something 
outside it says yes.

That is why coding agents became the first serious agents at 
work. A developer delegates the inside of a task to a small orches-
trator. The agent proposes changes while deterministic machin-
ery — compiler, type system, tests, pipeline — verifies much of 
the work within seconds, and a person reviews what ships. Even 
the labs most confident in model capability wrapped their coding 
agents in what the industry calls a harness — a controlled environ-
ment of tools, permissions, and checkpoints around the agent — 
plus checks and human review. Anthropic built Claude Code, and 
the shape of the product is the tell: the lab arguing for a country of 
geniuses in a data center wrapped its genius in a harness, checks, 
and review. Coding is the friendly case: verification is fast and for-
mal, mistakes roll back, and nearly every move gets an immediate 
verdict. What generalizes to enterprise work is not the autonomy. It 
is the architecture.

The altitudes connect through one door. When a task starts 
waiting on the world, changing route, accumulating evidence, pass-
ing between hands — it has outgrown being a task. That is the mo-
ment work crosses from one altitude to the other, and the moment 
it deserves a process orchestrator: machinery that holds a process’s 
lifecycle, state, handoffs, waiting, and recovery.

Three shapes, and where they live
Orchestration comes in three shapes, and the shape follows the 
work.

When the path is known — the same steps, the same order, 
exceptions as defined branches — the shape is a workflow. Standard 
provisioning, matching, reconciliation.

When the overall arc is stable but the path inside it is not, the 
shape is a case — and the word means what it has always meant 
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in medicine, law, and detective novels. A case is opened, worked, 
decided, and closed. Everyone always knows what phase it is in, yet 
no two cases run the same way inside, because what happens next 
depends on what was just found. A claim, a dispute, an onboarding, 
an investigation all have this shape. And when something breaks 
along the way — a missing document, a fraud suspicion — it does 
not derail the whole; it opens a smaller case of its own, worked 
alongside, while the parent waits. This is the shape the ticketing 
system has been carrying all along; it just never knew what the 
work inside it meant.

When the outcome can be specified better than the path — save 
this account, investigate this fraud signal — the shape is a goal, and 
something or someone has to discover the path at runtime.

The shapes are not maturity levels and they are not exclusive. 
A process may use a case to hold the lifecycle, workflows for stable 
stretches, and goal-directed agent tasks inside them. Nor are the 
shapes tied to an AI stage. What changes through the transition is not 
the machinery. It is how much of the deciding the person still does.

The first handover: the inside of the task
The first handover occurs inside of the person’s own tasks. This is 
stage two, the attended stage: she starts the agent, gives it a well-de-
fined assignment, watches it work, corrects it, and accepts or re-
jects the result. Every consequential move still passes through her. 
Three things happen at once.

She learns to delegate. A good delegation carries the goal, 
context, constraints, sources, and definition of done — the same 
discipline a good manager applies to a new hire, now applied to an 
assistant whose memory of yesterday is only what someone pro-
visioned for it. This is a management skill, not a prompting trick. 
Organizations that teach it early build a capability that compounds 
across every later stage.

The enterprise is learning what its work actually is. Repeat-
ed gray-zone work gets written down as skills — small operating 
manuals the agent follows. Repeated rule-based work reveals itself 
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as automation waiting to be built: if the path stopped changing, it 
belongs on rails, exact and cheap, with the agent stepping in only 
when the path breaks. Stage two explores the work; automation 
locks in what has stabilized.

And the evidence is kept. Every inspected acceptance, correc-
tion, changed reason, or rejection is an exercise of institutional 
judgment. The person is working, not keeping minutes, so the 
system records what was proposed, what changed, and why. That 
record is not ground truth — reviewers can be hurried or wrong — 
but it is the best account of institutional judgment at the point of 
decision. Capture starts the first time the agent works under super-
vision, not later when formal autonomy arrives.

Notice what has not moved. The person still orchestrates the 
process: she decides what her tasks are, when to run them, where 
the results go, who gets the handoff. She has delegated the inside of 
the work. The flow between the work is still hers.

In stage two, the specialist’s morning starts in the queue. She 
decides which invoice to work first, remembers Thursday’s pay-
ment run, and knows which case has to clear before it. What 
changed is the inside of each case: the agent pulls the purchase 
order, compares the contract, drafts the email to the buyer — the 
moves that used to be in her hands — and she reviews what it pre-
pared. Everything the agent took, it took inside the tasks. The day 
itself — what runs, when, where the results go, which case walks to 
her manager for the approval she cannot give — still runs on her.

Watch one investigation up close. The agent’s work has a shape: 
it thinks, it calls a tool, and it thinks about what came back. Hand-
ed a mismatched invoice, it reads the case and decides what it 
needs first. It queries the ERP for the purchase order — a tool call, 
permissioned and logged — and reasons over the result: quantities 
match, price does not. It fetches the contract and reads the pricing 
clause; it searches the mail archive for the last exchange with this 
supplier; each retrieval is machinery doing the reaching, and each 
conclusion about what the retrieval means — “this is the operative 
clause,” “that thread explains half the discrepancy” — is the model 
doing the thinking. Then it composes: a draft reply to the buyer, 
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a proposed correction to the record, a note on what it found and 
what it could not resolve. Tools act on the world’s records; cogni-
tion decides what to reach for and what the reaching revealed. And 
nothing in the whole sequence commits anything. Every call was a 
read. Everything it produced is a draft, waiting for her.

The second handover: the process 
Coordination transfers cheaply. People have let ticketing systems 
route work for twenty years because routing usually decides noth-
ing consequential. A process orchestrator can therefore appear 
early, even while every decision remains human. The machinery is 
not the milestone.

Governance is the transfer that counts, and it is slower for a 
reason. To govern is to commit: to say a step is official — a payment 
released, a claim denied, a record changed. To hand governance 
over to an agent is to let a step become official without a person 
making that specific call, which is why it is the gravest transfer in 
the whole transition. It moves the way trust moves everywhere else 
in an institution: gradually, for narrow kinds of work, on a record 
of evidence, with the authority to take it back.

The mechanism of that transfer is stage three, and it has a 
simple architecture. A business event starts the work — a claim 
arrives, an invoice fails its match. The stage-two agent was attend-
ed: a person started it and stayed with it. This agent is unattended: 
no person starts it, and no person watches it work. It carries the 
investigation and prepares a complete proposal. The person’s role 
narrows to the point where consequence lives: the gate. There 
she sees the proposal, the evidence behind it, the rules checked, 
the change that will happen, and the authority being spent — and 
she approves, edits, rejects, or escalates, with a reason. Her yes 
does not return to the agent. It returns to the process orchestrator, 
which calls the declared automation with exactly the parameters 
she approved; the automation executes and writes the audit record 
as it goes. Between her decision and the committed change there is 
only declared machinery — the model is out of the execution path, 
and nothing can be hallucinated into a call it never makes.
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AI proposes. Humans decide. Automation executes.

Below the gate, the agent retrieves, computes, drafts, and checks 
— moves whose worst case is a wrong proposal nobody acts on. The 
gate sits at consequence, not at every search. Put it everywhere and 
approval becomes noise: asked to bless every harmless read, the 
reviewer learns to click without looking — and the click that guards a 
real consequence gets the same reflex as all the others.

The gate is not a pause button. It is a verification interface, and 
its second job is to capture judgment — and to capture it better than 
any stage before. Stage two caught judgment as it could: corrections 
folded into the flow of supervision. The gate catches it as a record: 
one proposal, one verdict, one reason, the evidence attached, the 
authority named, filed the same way every time. That formality is 
an advantage of stage three in its own right — everyday deciding 
becomes an institutional asset without anyone doing extra work. A 
rubber stamp teaches nothing; an inspected decision with a rea-
son teaches the system what this institution means by correct. The 
reviewer is not a checkpoint. The reviewer is a teacher. And she is 
something plainer. An agent arrives at the gate confident by con-
struction — proposing is what it does, and its certainty costs it noth-
ing. What the person brings is the thing no scaffolding manufac-
tures: doubt, the trained hesitation that asks the second question. 
The gate is where the institution wires human doubt into a system 
that cannot generate its own.

From an airplane, this move looks like an infrastructure 
change: take the agent off the person’s desktop and give it a ma-
chine of its own. Over the course of two decades of automation, we 
have seen robots walk the same road from attended to unattended. 
The attended agent borrows silently, running under the person’s 
login, inside her permissions, and when something unexpected 
appears the person is right there — she fixes it, often without notic-
ing she did. Unattended, every loan is called in. The agent needs its 
own identity and its own permissions, granted and audited on their 
own terms. Every exception the person absorbed with a glance has 
to be anticipated: detected, routed to someone who can answer, 
resumed when the answer arrives. Stage two is a mesh of human 
work and agent work, woven so tightly the strands are invisible. 
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Stage three requires separating that mesh cleanly — and the separa-
tion, not the infrastructure, is the work.

What the gate must survive
Everyone’s safety answer is “a human in the loop,” said as if adding 
the person were the simple part. It is the hard part. Review is an 
economy, not a checkbox: it creates value only where the proposal 
is good enough to save effort and uncertain enough to deserve at-
tention. Outside that band, review costs more than it protects. Two 
failure modes stalk the gate.

The first is the narrow band itself. If the agent is poor, it interrupts 
with work the person already knows and she learns to ignore it — and 
misses the rare moment it says something that matters. If the output 
is polished but subtly unreliable, checking it requires mentally redo-
ing the work. The band of value varies by task and reviewer, and it is 
narrower than most dashboards admit. It is why so many copilot pro-
grams report enthusiasm in the demo and fatigue by the third month.

The second failure is rubber-stamping at machine speed. The 
proposal rate grows faster than human attention, review collapses 
toward a click, and the corrupted record teaches the system that 
everything was right. The defense is design, not exhortation: vary 
review depth using indicators that do not come from the agent 
being reviewed; require full review for irreversible or high-thresh-
old actions; measure review time, edit rate, and escalation so that 
performance becomes visible. Reviewer attention is the scarce 
resource. Spend it where consequence lives.

Agents become superhuman wherever they can practice — act, 
see the result, try again, at no cost. Rehearsal can manufacture evi-
dence of capability faster than production alone. In a faithful replica, 
an agent can run yesterday’s cases before touching tomorrow’s, and 
a reviewer can watch what a pending action would change before ap-
proving it. A few systems offer this well; Stripe⁸ lets an entire genera-
tion of developers practice against its test mode at zero consequence. 
Most enterprises do not. Anyone who has migrated automations 
between vendors has seen it: test environments drift, staging data 
goes stale, and changes are often tested in production because the 
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complete consequence chain exists nowhere else. The scarce prop-
erty is not a sandbox label but fidelity: current state, integrations, 
permissions, and downstream effects behaving as production would.

That reality is not an argument for recklessness. Production 
learning must be a control system: judgment before commitment, 
narrow exposure, observability, rollback or compensation, and a 
blast radius limited by design. The gate holds the judgment; it is 
not the whole safety system. Rehearsal accelerates evidence of ca-
pability where it is faithful. It never replaces judgment.

Trust, then, is granted the only way it can be: to narrow kinds of 
work, on evidence, a rung at a time — drafting before recommend-
ing, recommending before preparing, preparing before executing, 
executing routine cases before running under audit. And what 
climbs the rungs is deliberately small. Never the whole process: 
a claims process mixes easy decisions with hard ones, and they 
earn trust at different speeds. Never the model: a stronger model 
is a stronger engine, and no one licenses an engine to drive. What 
climbs is one kind of decision under known conditions: approving 
routine document requests on standard claims, say, and nothing 
else. And demotion is automatic: the thresholds are agreed in ad-
vance, so when the error record worsens, the authority steps back 
down on its own, and nobody needs to call a meeting.
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Figure 6. Authority climbs one rung at a time, per decision class, on 
evidence of capability — and demotion is automatic.

One process, whole
Put the pieces together and watch a claim move.

The case orchestrator owns the lifecycle: opened, investigating, 
decided, closed. It has held that lifecycle since before the agents ar-
rived, when it was just the system the adjusters worked their queues 
in. Inside the investigation stage, the stable stretch — policy check, 
coverage rules, document requests — runs as declared workflow on 
rails, exact and tokenless. Where the stretch needs judgment, an 
agent takes one well-defined task and discovers the path at runtime: 
it pulls the file, compares the loss description against three prece-
dent cases, and drafts the coverage position. A missing document 
does not derail anything; it opens a subcase that waits on the world 
while the parent stage holds. When the proposal is ready, the event 
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that matters reaches a person at the gate — with the evidence, the 
rules, and the consequence in front of her — and on her “yes” the 
orchestrator calls the automation with the parameters she approved.

Figure 7. One claim, moving through every piece at once.

The stages live side by side. A routine document request may 
already run under audit. A standard coverage decision remains at 
stage three. A novel injury claim with unusual policy language stays 
human-led, with the agent fetching what the adjuster asks for. The 
process is not “at” one stage; each decision class has advanced as 
far as evidence of its capability permits.

That is what the abused phrase “agentic orchestration” was 
always pointing at. Not a super-agent running the company — three 
shapes of orchestration, nested across two altitudes, with authority 
distributed by evidence and a person at every point where conse-
quence lives.
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What the person keeps
Follow the specialist after the handover. Agents perform many 
tasks, automation executes stable paths, and the process orchestra-
tor carries flow that once lived in her head. She reviews the excep-
tions — the cases outside the trusted bands, where the institution’s 
real knowledge lives. She sets the thresholds and tripwires, decides 
what may run under audit and what must always reach a person, 
keeps the map true as the business changes, and owns the conse-
quences. An institution may delegate execution, coordination, and 
governance within limits. It cannot delegate answering for what 
happened.

Executor, coordinator, governor were always three duties wear-
ing one badge. The handover unfuses them. But every duty she 
keeps depends on a precondition. Policies have to be written into 
something. Exceptions are visible only against a description of nor-
mal work. A map has to exist before anyone can keep it true.

Almost no enterprise has one.
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The Map and the Rails

The handover assumes something almost no enterprise has in usable 
form: a description of its own work. Building that map, with the rails 
beneath it, is the real project of enterprise AI.

The last chapter named the precondition for effective deployment 
of AI. The agent investigating the mismatched invoice, the orches-
trator routing the case, and the automation posting the approved 
change all need a description of the work they are inside: what an 
invoice means here, which rules apply, who may approve what, 
what happens next, and what to do when something fails.

Most enterprises do not have that description in a form an agent 
can use. They have mapped their nouns — customers, invoices, 
claims, contracts — through decades of investment in databases. 
They have not mapped the work: what may be done to those things, 
by whom, under what conditions, with what consequence.

The knowledge exists in pieces: experienced people, process 
charts, runbooks, access control permissions, decision tables, API 
catalogs. It is fragmented, stale, and often written for a human 
who already knows what the document leaves out. A new employee 
closes the gap through apprenticeship — watching, trying, asking. 
An agent either receives a usable description or guesses. Every-
thing in Part I says what guessing costs.

The real project of enterprise AI is therefore not procuring 
agents. It is producing a governed description of how the business 
actually works — the map — and the machinery that executes stable 
parts exactly — the rails.
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Figure 8. The map says what may happen; the rails make the stable parts 
happen exactly.

What the map holds
Return to the specialist and inventory what she knows that no sys-
tem does. “Blocked vendor” means a compliance review here, not a 
payment dispute. Some rules are enforced and others ornamental. 
One mismatch is a clerical slip; another is the opening move of a 
fraud. One supplier gets a call instead of an email. One approval 
belongs to her manager, another to treasury, and a third to nobody 
who will admit it. She knows what changes in the ERP, what the 
customer sees, and how a wrong payment is recovered.

That inventory is the map. Some of it is facts: the things the 
business handles, the states they move through, the relationships 
between them, the systems that own the truth about each. Some 
of it is examples: the playbooks, the prior cases, the institutional 
voice, the way policy is actually interpreted when it meets a real 
situation. And some of it is authority: who may propose, who must 
verify, who approves, what gate stands before consequence, what 
audit gets written, what rollback exists. Facts without examples are 
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sterile; examples without authority are only documentation; au-
thority without facts is dangerous. A usable map carries all three, 
linked. It declares the gate; the rails enforce it.

The map is not a chatbot, retrieval layer, vector database, API 
catalog, or single product. Nor is it a replacement for systems of 
record. It sits above and across them, linking their objects and ac-
tions into a description of the work. A vector store can find a policy 
paragraph; it cannot decide whether this invoice may be paid. An 
API exposes a call; it does not say whether the call is legitimate, 
what must be true first, or what must be recorded afterward. A 
prompt can describe policy, but the map states it in a versioned and 
published form the rails can enforce. Extracting that description 
from the systems makes the work easier to navigate. The facts stay 
where they always were — in the systems of record; the map holds 
the institution’s account of what the work means and how it runs.

The common failures become easy to see: an agent with sen-
sitive-system access but no map of the work; a retrieval layer that 
cannot show its source; an approval button with no named owner; 
a reviewer who sees a recommendation but not its consequence; 
a workflow promoted because the model improved rather than 
because the work earned trust.

A living map has three disciplines. The people who own the 
work author its meaning while engineers make the representation 
safe and enforceable. A map only engineers can update goes stale, 
and a map only operators can edit becomes unsafe. It is versioned, 
so meaning never changes silently under a running agent. And it is 
published in a form the agent, operator, reviewer, and auditor can 
all read. The API is an execution surface. The map is the discov-
ery and reasoning surface. If an agent must infer your business by 
stitching together API calls, you have exposed systems, not de-
scribed work.

One more thing belongs on the map, and most process 
charts omit it on purpose: the exceptions. The enterprise as it 
actually runs is an exception factory — the missing field, the 
blocked-but-critical vendor, the policy that conflicts with the cus-
tomer promise, the claim that looks routine until one document 
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changes everything. The process chart shows the normal path; the 
company lives in the deviations, and the knowledge of how to han-
dle them is the institution’s real operating wisdom. A map that cap-
tures only the happy path teaches the agent a fiction of the work.

The rails, and who builds them now
The map says what may happen. The rails make stable parts hap-
pen exactly — matching, posting, routing, checking — repeated 
thousands of times and expected to be right every time. Part I made 
the architectural case. The newer argument is economic, and it be-
gins with an inversion that reflects the industry’s backward pricing.

The expectation was that agents would be the fast path — drop 
them in, let them learn — while automation stayed the slow, ex-
pensive thing you eventually retire. Production taught the oppo-
site. The agent at the point of consequence turned out to be the 
hard part: it needs the map, the gate, and earned trust, and it stalls 
wherever they are missing. Automation turned out to be the part 
that got easy: the same models that stall at consequence are superb 
at writing and repairing deterministic code, so the cost of building 
rails collapsed and the cost of maintaining them — historically the 
real killer — collapsed with it. The hard thing and the easy thing 
traded places. Most strategies have not caught up.
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Figure 9. The inversion: the agent at consequence got hard; the 
automation beneath it got cheap.

Deterministic automation was always the right architecture 
for any task you could afford to build it for. The problem was the 
affordability. Professional software economics priced out the long 
tail of automatable work — most of it, by any honest count. A devel-
oper-month to automate a process used twice a week by a regional 
team in Belgium never penciled out. So enterprises ended up with 
a few highly automated core processes and an enormous unauto-
mated periphery, and the periphery is where most of the labor was.

Coding agents are changing that arithmetic by multiples, 
though the ratio varies by process and control burden. Work that 
once needed a developer-month may take days. More important, 
the finance operator who owns month-end close can increasing-
ly describe what she needs while AI helps build the automation. 
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Professional developers move faster, and operator-builders reach 
work they could not have built five years ago. The division between 
business owner and builder does not vanish; it changes. The opera-
tor supplies the meaning and exceptions. Engineering supplies the 
controls, shared components, and production discipline.

The next enterprise wave is therefore not mainly a general 
agent replacing a worker at runtime. It is AI-generated automation 
reaching work that was never economical to automate.

Building automation was one half of the cost and coding agents 
are collapsing it. The discovery was the other, just as difficult and 
less discussed: finding out how the process truly runs, which rules 
are real, where the exceptions hide, who decides what. That de-
scription is the map and it collapses the other half of the cost. An 
institution that builds the map to make its agents effective has al-
ready done the daunting part of every automation it will ever build: 
each candidate for the rails arrives pre-discovered — trigger, path, 
exceptions, owner, consequence — and the artifact the agent reads 
at runtime is the same specification the builder casts into automa-
tion. The map is built once and pays off twice.

The new work also needs its own interfaces — a surface for 
deciding at the gate, for correcting the map, for delegating a task, 
for following a case — none of which is a chat window or a record 
system’s screen. Building them is exactly the kind of work coding 
agents are excellent at.

The model moves up the stack. Its economic role is increasingly 
not to perform the work but to build the thing that performs the 
work: it designs the claims-processing automation, the vendor-on-
boarding workflow, the support routing logic, and the determin-
istic system runs each of them forever after. Instead of reasoning 
through the same messy action every time, the model helps design 
the environment in which deterministic systems act. Consequence 
is contained at design time rather than rediscovered on each run.

Every operator now faces a small version of the choice: do this 
task with the agent today, or have the agent help build the automa-
tion that will do it thereafter? Consequential, frequent, stable work 
belongs on rails. One-off, exploratory work belongs with the agent. 
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Consequential work that will not hold still is the diagonal case: 
agent proposal within limits, human decision at the gate, stable 
substeps on rails.

Cheap automation also creates cheap shadow IT. The phe-
nomenon is older than the tools. Every enterprise already runs on 
spreadsheets that mushroomed in the gaps between systems — op-
erator-built automation before anyone called it that, load-bearing 
and inventoried nowhere. Without shared components, inventory, 
permissions, review, and audit, operator-builders can produce hun-
dreds of fragile scripts touching systems of record, with no main-
tainer after the author leaves and no answer when the regulator 
asks what is running. Democratization is safe only inside the same 
map and controls that govern professional development. The map 
and the rails are the first credible way to absorb the spreadsheets 
that already exist: discovered, described, given owners, their stable 
logic cast onto rails.

The asset that compounds
If AI can generate automation, it can help generate the map too. 
Why is the map then a durable asset rather than a temporary scaf-
fold?

Because the argument was never about who types it. The map 
is the shared description through which work is reasoned about, 
verified, audited, and governed. An AI-built map is still a map. The 
questions are who owns it, who approves its meaning, and whose 
judgment it accumulates.

The operators already running this pattern make it concrete. 
Ramp⁹ runs a policy agent that checks every transaction against the 
firm’s expense policy and approves, rejects, or escalates with cita-
tions; early users reportedly cut manual review by about 85 percent, 
and each escalation resolves into a policy update that, once approved 
by its owner, the agent applies on the next round. Block¹⁰ calls its 
version an “economic graph” — in other words, the living map its 
products write into. The vocabulary differs; the architecture does 
not: a structured map the agent acts inside, owned and governed by 
the institution, compounding with every captured decision.
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Generic maps will commoditize. Vendors will sell them, models 
will draft them, industries will standardize them. The durable asset 
is the governed institutional map with the judgment inside it: the 
meaning specific to your company; the corrections, reasons, and 
exceptions captured at your gates; and the speed of the loop from 
event to proposal to verified decision to improved automation. The 
institutional map cannot be inferred from an industry template. 
The corrections, reasons, and exceptions exist nowhere until your 
people make the decision. The speed of the loop determines how 
quickly the first two become a better operating system.

The agent is not the durable asset. The governed map is what 
every future agent inherits on day one.

Who owns what
The build rule has three clauses. Buy the universal: invoices, suppli-
ers, approvals, payments, and standard procure-to-pay primitives 
are commodity. Configure the domain: claims in insurance, KYC 
in banking, and prior authorization in healthcare follow industry 
patterns strong platforms can carry. Own the institutional: your ap-
proval matrix, risk appetite, escalation culture, customer promises, 
and reason codes encode what your company means. A vendor can 
implement the rule; an agent can draft it. Only the institution can de-
cide when it applies, who may override it, and what risk it will carry.

Buy the universal, configure the domain, own the institutional. 
Never outsource the meaning of your business.

One slice, and a cartographer
The map becomes concrete when built around one workflow — a 
first workflow slice takes weeks, though the control burden of 
the workflow sets the real clock. The burden is the consequence 
the slice carries and the controls it must therefore earn before it 
runs: whose authority each action spends, what the auditor must 
be able to reconstruct, what happens when a committed change 
turns out wrong, which data may be shown to whom. A slice that 
only reads and drafts can run in days. A slice that releases pay-
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ments runs when the rollback has been rehearsed and the approv-
al matrix signed — and that is proper. The clock is measuring the 
consequence, not the technology. Start with a consequential slice 
that has volume, meaningful error cost, and an owner who wants 
it fixed. Describe the work with the people who run it, exceptions 
first: what triggers it, what it touches, how it normally runs, how 
it breaks, who decides, what happens when it goes wrong. Let AI 
draft from observation and interviews; let operators correct the 
draft. Their testimony is not automatically truth, but it is where the 
governed description begins.

Then divide the work: stable steps to rails, variation to the 
agent, consequence to a person at a gate. Capture reviews with rea-
sons from the first day. Publish and version the slice so agent, re-
viewer, operator, and auditor read the same map. Plain language is 
enough. A map can be authored wiki-style, as linked pages people 
write and agents read — open formats for exactly this are emerg-
ing, Google’s Open Knowledge Format among the first. The book’s 
point is the shape.

Give the map an owner. Someone has to keep not only the data 
schema but the work itself true: activities, decisions, exceptions, 
reason codes, review loops, and the links back to the systems of 
record. For one workflow, this may be the operator who already 
knows it. Across the enterprise, it becomes a small function work-
ing between the business and the platform team. This is an oper-
ating role, not documentation assigned to IT after the project. Call 
the role the cartographer.

The business changes. Regulation changes. Customers change. 
Models change. A project builds the first map. The cartographer 
keeps it true.

Cartography is never finished.
The last chapter ended with the specialist keeping four duties, and 
the map is where two of them live: the policies she sets are articles 
in it, and the cartography she practices is its maintenance. Which 
leaves the largest question of the transition — what happens to ev-
eryone else. That is where this book has been heading all along.
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The Workforce After  
the Handover

The work most exposed is work that follows a playbook that someone 
else wrote — and the moat moves to the people who write, validate, and 
answer for the playbook.

The last two chapters followed one specialist through the handover. 
She did not disappear. Her job changed: fewer routine tasks, more 
exceptions, policy, cartography, and consequence.

Now look at the rest of her building. Adjusters work the claims 
her process feeds. A compliance officer keeps the rulebook. A 
manager turns floor reality into what executives hear. An account 
team keeps large customers from leaving. Across the street, as-
sociates and consultants arrive whenever something important 
needs analyzing.

What happens to all of them?

Both loud answers are wrong. The workforce will not stay 
broadly as it is, and it will not collapse overnight. One large layer 
shrinks. Most of the economy holds, for reasons that differ trade 
by trade. And a smaller, denser set of roles emerges — roles the org 
chart has never named well.

What follows is a structural prediction, not an employment 
forecast disguised as fact. The architecture explains which work 
is exposed; it does not fix the timing. Interest rates, remote work, 
offshoring, the post-pandemic correction, regulation, and manage-
ment quality all move the same labor numbers. Early studies point 
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in different directions, including evidence that some experienced 
developers were slower with early AI tools on familiar repositories. 
The sources carry that debate. This chapter carries my bet, and the 
architecture is why I make it.

The playbook layer
Start across the street, at the professional firm the insurer calls 
when something large needs analyzing.

An associate is building the valuation model for an acquisition. 
She is fast, precise, and highly trained. But look at where the shape 
of the judgment came from. The partner designed the deal model 
years ago. The comparables method is the firm’s. The memo struc-
ture, caveats, and language of risk follow a playbook the institution 
spent decades writing.

Her skill is real. The playbook is not hers.

That is playbook work: judgment exercised inside a playbook 
somebody else wrote. The associate inside the partner’s deal mod-
el. The analyst inside the firm’s method. The paralegal inside the 
checklist. The consultant inside the engagement template. Back in 
the insurer, the underwriter inside the manual and the compliance 
officer inside the rulebook.

Much of the credentialed middle — the degreed professionals 
between the entry job and the top of the pyramid — does this work. 
The people are not stupid or interchangeable. They are doing exact-
ly what the institution trained and paid them to do. The institution 
built the playbook, hired people to master it, and then attached 
status to mastery. For decades, knowing the playbook cold was the 
moat: executing it faster, more accurately, and with fewer mistakes 
justified the salary and the route upward. The threat is not that the 
expertise was fake. It is that the architecture has found a cheaper 
way to supply much of the same execution.

AI increasingly supplies that execution. The quality gap varies 
by domain and is not closing uniformly, but the direction is clear. 
The model has read every playbook ever published, and the map is 



The Workforce After the Handover                 101

teaching it yours. Once the work is described, the sources available, 
the output checkable, and the consequences contained by a gate 
or rails, deep familiarity with the playbook no longer protects the 
same volume of human work.

The blunt version:

Playbook expertise is no longer a moat for 
employment by itself.

The moat moves to writing the playbook, recognizing when it 
has gone stale, validating what the system produces, owning the 
consequence, keeping the culture, representing the company to 
customers, vendors, and partners, and carrying context the system 
has not lived.

Expertise does not disappear. It moves one seat over. A per-
son cannot validate a legal answer without legal knowledge, an 
invoice exception without procurement and finance knowledge, 
or a strategic escalation without customer memory and commer-
cial judgment. The remaining role becomes denser: less routine 
production, more validation, exception judgment, system design, 
customer trust, and mentorship.

None of this is a plan to burn people out. The routine moves 
underneath the person; the person does not carry two jobs forever.

The firm feels the shift before the individual does. Its pyramid 
was a development and leverage machine built around playbook 
mastery. Juniors produced inside the framework; seniors reviewed; 
partners sold judgment at the top. AI changes the leverage. The 
machine now develops the wrong thing if it keeps rewarding more 
rotations through the same templates. Future value grows through 
client-facing stake, novel problems, exposure to consequence, 
and mentorship that develops judgment rather than technique. 
Promotion systems have to move with the work: fewer rewards for 
producing more inside the old playbook, more for improving the 
playbook, taking responsibility for the difficult case, developing 
others, and carrying the client when the answer is not obvious. The 
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compression of the credentialed middle is the visible symptom. 
The misaligned development machine is the deeper problem.

The squeeze arrives in two waves. The first is simple augmen-
tation: an associate drafts faster, and the firm concludes it needs 
fewer associates. That wave needs none of this book’s machinery, 
and it is already here. The second runs deeper: event-triggered 
agents and AI-generated automation take over whole stretches of 
playbook work — and that wave does need the operating model in 
this book. Most companies are living through the first wave and are 
unprepared for the second.

Compression is not elimination. The consultant who only ex-
ecutes the firm’s framework is exposed. The consultant who also 
builds new frameworks, develops associates, and carries client 
trust has a different role despite the same title. The senior partner 
whose value is the frame she created, the relationships she carries, 
and the judgment she stakes remains valuable; the partner whose 
value was mainly managing leverage over junior throughput has 
a smaller business. The senior individual contributor who is the 
institutional memory of a function differs from the equally senior 
operator whose work remains entirely inside a stable method. The 
durable traits run within job categories, not only between them: 
two people with the same title can face opposite futures.

Hold two concepts apart, because the debate keeps blurring 
them. Work gets absorbed. A person is exposed only in proportion 
to how much of the role was that work. And a redesigned role is not 
the old role minus some tasks — it is a different job with a different 
center of gravity.

What the role was also producing
Go back into the insurer and up two floors.

A manager spends her mornings synthesizing the floor’s work 
into reports and translating executive goals into assignments. A 
model and collaboration tools can absorb much of that visible out-
put. If output is all you count, the role looks redundant.
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But she is also why two new adjusters became good this year. 
She knows which executive promise is about to collide with floor 
reality. She carries the trust that lets bad news travel upward before 
it becomes an incident. None of that appears in the unit-cost calcu-
lation. All of it may be load-bearing.

Most roles produce more than their visible artifact. The memo, 
deck, analysis, forecast, or configuration is what the role is paid 
for. The same role may also produce trust, apprenticeship, institu-
tional memory, culture, customer continuity, and the next genera-
tion’s judgment. Middle management often carries the translation 
between executive intent and operating reality. Customer-facing 
roles accumulate a relationship that survives a bad quarter. Senior 
individual contributors transmit technical taste and the reasons 
behind decisions no document records. Long-tenured operators 
know which controls are real, which exceptions are dangerous, and 
who to call when the chart stops matching the company.

Figure 10. Two outputs from one role: the artifact AI absorbs, and the 
developmental output the institution must now produce on purpose.

The account manager’s renewal forecast can be drafted by a 
model. The customer’s decision to stay through an outage may 
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depend on a particular person answering the phone. A senior 
engineer’s code is partly absorbable. His taste, mentorship, and 
memory of why the system was built this way are not captured in 
the diff. A twenty-year finance operator may produce reports the 
model can draft while carrying the trust network through which 
the close actually happens: she knows who picks up the phone on 
the last Friday of the quarter, whose numbers to trust on sight, 
which discrepancy justifies a midnight call. The checklist describes 
the close. Her relationships are why it finishes on time.

Roles therefore have both a visible curriculum and a hidden 
one. The visible curriculum is the work product. The hidden cur-
riculum is what someone learns by producing it: how decisions are 
really made, which policies bend, what customers care about, who 
can be trusted, what quality feels like before it can be measured.

When AI absorbs the visible curriculum, the hidden one does 
not automatically reproduce itself. The institution has to rebuild it 
deliberately. The map helps: the same governed description that 
lets an agent act safely can become a training asset for a new em-
ployee, replacing a stale wiki with current rules, cases, exceptions, 
and reasons. If building the map did nothing but cut onboarding 
time, it would still be worth it; everything the agents do with it 
comes on top. But the map is a training ground, not a substitute 
for experience. People still need exposure to real decisions, cor-
rections, customers, incidents, and consequence. They need to see 
not only what the institution decided, but who challenged the easy 
answer, what pressure was present, and what happened afterward.

Before any role is deleted, ask what else it was producing. Call 
it the multi-output test if it needs a name. Where the second output 
is real, redesign the role around it. Where it is genuinely nothing, 
say so and act honestly. The mistake is to assume the visible output 
was the whole contribution merely because it was the easiest part 
to measure. What used to arrive as a free byproduct of the old role 
— trust networks, institutional memory, the promotion pipeline 
— now has to become an explicit organizational capability. Most 
companies have never had to build those things on purpose. The 
ones that learn will look similar to their competitors on a quarterly 
productivity chart and very different a decade later.
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The traits that gain value
The most durable capacities are the ones the institution needs car-
ried by name: ownership, customer trust, culture under pressure, 
mentorship, and accountability. Call it the no-self cluster — the 
traits that need a self to exist, which is why the model does not car-
ry them. None of it is soft decoration. It is how commitments, rela-
tionships, standards, and the next generation actually get carried.

A second group — the judgment cluster — remains valuable for 
holding initiative, taste, individuated judgment, pattern transfer, 
pragmatism, and courage. These capacities notice the faint signal, 
recognize quality before the metric proves it, and make calls un-
der sparse evidence. They do not age equally. The knowing side — 
taste, pattern transfer, the judgment that enough judged examples 
can teach a system — may soften as agents and maps improve. The 
staked side cannot: initiative answers for what it starts, and cour-
age pays for what it says. A system with nothing to lose can imitate 
their output, never the act.

A third group — the system cluster — becomes more valuable 
because it builds the new system: architectural thinking, cross-do-
main expertise, translation between business and technology, 
workflow and case design, verification, and the ability to locate 
consequence. This may be the fastest-appreciating human skill 
of the era, and the reason is velocity. When many hands do many 
kinds of work at machine speed, the scarce good is coherence — 
the shared scaffolding of maps, components, and guardrails that 
lets a thousand fast builders produce one enterprise instead of a 
thousand fragments. The systems thinker sees the big picture the 
way the map describes it: every piece of work located in the whole. 
The cartographer sits here, but the category is wider than one role.

The habit is learnable, and the cleanest statement of it comes 
from Elizabeth Stone¹¹, who runs product and technology at Net-
flix. Zoom out one level from your task — ask what bigger problem 
it serves, and whether it should become a capability other offerings 
share. Netflix earns its mention for a personal reason too. When 
UiPath began to grow, around 2015, we drew on the famous Netflix 
culture deck, as half the industry did. A decade later the AI labs con-
verged on the same traits — high talent density, high agency, context 
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over control — most of them without ever visiting the deck. That 
culture keeps being rediscovered wherever fewer people are trusted 
with more consequence. It is the culture of the workforce this chap-
ter describes.

Companies should tie these capacities to outcomes or the mar-
ket will keep underpaying them. Trust should show up in retention. 
Mentorship in the quality of the promotion pipeline. Culture-keep-
ing in the incidents that never happened. Pattern transfer in better 
calls under sparse evidence. System design in cycle time, error 
rate, audit quality, and the number of stable paths moved from ad 
hoc human work onto governed rails. These capacities are not de-
veloped through a competency slide. They grow through real load: 
customers, incidents, exceptions, launches, postmortems, and de-
cisions whose consequences return to the person who made them.

The bench
Go down to the claims floor and find the youngest person on it. She 
was hired eight months ago and is still learning which mismatch is 
a typo and which is the first visible sign of fraud.

The prevailing logic says she should not have been hired. If AI 
absorbs junior work, why pay juniors to do it? That logic optimizes 
this quarter’s output. It does not optimize whether the company 
has senior judgment ten years from now.

The load-bearing capacities cannot be bought fully formed for 
this institution. A culture-keeper becomes one by living through 
this culture. Trust is built locally through repeated conduct. Institu-
tional taste comes from seeing this company make choices under 
pressure. Mentorship grows through chains of people who were 
themselves mentored. Professional technique transfers between 
companies; standing and judgment calibrated to this place do not 
transfer intact. A brilliant external hire can bring better methods 
on day one. She cannot arrive with ten years of earned trust inside 
a company she has never inhabited.

The durable layer is grown from the playbook layer over time. 
The senior operator who carries a function’s memory was once the 
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junior on the floor. The trusted partner began as the associate. AI 
may absorb much of the work product that filled those junior years. 
It does not eliminate the need for the years.

Companies that stop hiring juniors will look lean immediate-
ly. The deeper cost arrives later, when the senior layer hollows 
out and rebuilding the pipeline takes a decade. The labor market 
adds a twist. If most companies stop growing juniors, the few that 
maintain serious pipelines gain a supply of future senior talent 
the cost-cutters cannot manufacture quickly. Those few may end 
up selling that talent back at a premium — when they part with it 
at all. Labor markets leak and AI tutoring may replace part of the 
old apprenticeship, but neither removes the years required to earn 
standing inside a particular institution. The dominant strategy 
looks like cost-cutting. The dominant outcome, ten years out, is 
competitive disaster for the cost-cutters.

The answer is not to preserve the old junior job unchanged. It 
is to keep growing people, on purpose. The new junior spends less 
time producing first drafts and more time observing decisions, 
validating real work, meeting customers, reviewing exceptions, 
contributing to the map, and learning through postmortems. Own-
ership begins with small outcomes and expands as judgment im-
proves. Rotation across functions matters more, not less, because 
the dense human roles require translation between worlds rather 
than mastery of one narrow queue. The trade runs against the 
narrow specialist and toward the adaptable generalist — the person 
who knows a domain well enough and is willing to imagine its next 
version. The meta-skill is learning to learn.

Call it a two-way apprenticeship. Seniors teach context, taste, 
customer memory, and what the company will not do. Juniors 
teach AI-native speed, tool instinct, and impatience with obsolete 
process. Cut the juniors and you lose the bench and some of the 
best teachers of the new operating model.

A junior cannot become senior by watching AI produce pol-
ished work from a distance. She has to see why the answer was 
accepted, edited, rejected, or escalated. The old training ground 
is shrinking. The institution has to build the new one on purpose. 
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The materials are already there: the map the agents run on, and the 
record of gated decisions, each carrying its reason. The old appren-
ticeship watched a senior work. The new one watches the institu-
tion judge, in writing.

What struggles
Who struggles, then? Titles will not tell you. The shape of the work 
will.

A role made almost entirely of playbook judgment and 
throughput is exposed, regardless of title. That includes judgment 
whose stake is absorbed by someone above it: the analyst whose 
recommendation flows to a portfolio manager, the associate 
whose work flows to a partner, the manager whose decision flows 
to a director. Where those roles also mentor, build trust, or ac-
cumulate institution-specific judgment, they can be redesigned. 
Where they are pure throughput, the title offers no protection. 
The same is true of reactive language work whose substance is 
producing the right text in response to a prompt: drafting, sum-
marizing, reorganizing, translating institutional language into 
more institutional language.

The highest-status version is pure strategy without continuity, 
stake, or development. A strategist who arrives, analyzes, recom-
mends, and leaves — without carrying the culture, owning the 
result, or developing the people who must execute it — competes 
with a model that has read every public framework and operators 
who know the institution better. A strategist who also bears stake, 
holds trust, mentors, and has individuated against the institution is 
doing different work.

Another exposed shape is confident language that never gets 
scored: the pundit whose predictions are never tallied, the internal 
consultant whose recommendation never touches execution, the 
forecaster protected from the record of being wrong. Judgment that 
is never scored drifts in people and systems alike. Scored means the 
verdict returns: the forecast meets the quarter, the recommenda-
tion meets its result, and the gap lands on whoever judged. Remove 
the verdict and nothing separates being right from sounding right 
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— so judgment quietly optimizes for the only thing still graded: how 
convincing it sounds. The model produces fluent confidence more 
cheaply. Institutions that use postmortems, tallied predictions, and 
direct feedback develop people whose calibration becomes valuable. 
Institutions that protect everyone from ever being wrong produce 
the human version of the model’s worst failure mode.

A popular shorthand divides the AI economy into builders and 
sellers, with translators in the middle. It catches obvious cases in 
technology but fails as a workforce plan. Job category is not the 
cut. The cut runs through the verification structure of the work, the 
stake the person bears, and the depth of institution-specific expe-
rience. Those properties also protect the long-tenured operator, 
trusted adviser, senior compliance officer, mentor, clinician, and 
cartographer. Use the job category shorthand as an org-design rule 
and you will remove people whose titles look like middle layers but 
whose actual function is carrying trust, culture, or consequence.

The account team upstairs shows why. In some businesses, 
trust is not a wrapper around the product. Trust is part of the 
product. A strategic customer buys the person who answers when 
the system breaks. A patient buys the clinician whose judgment 
she trusts. A regulator watches whether the institution has people 
whose word means something. AI can draft the answer. It cannot 
be the relationship.

The blank-slate company
Ask a blunt question:

If you were building the company today, with AI and 
automation already understood, who would you 
hire after the founder, builder, and seller?

You would still need people who translate capability into busi-
ness need. You would also need the cartographer who owns the 
map of the work; operators who carry consequence and customer 
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memory; people who design the apprenticeship; and system build-
ers who can join model, workflow, gate, automation, owner, audit, 
and rollback into one operating system.

The new high-leverage roles are not all technical. Some are 
deeply human: mentor, culture-keeper, customer-trust carri-
er. Others are hybrid: cartographer, process architect, opera-
tor-builder. The org charts we inherited overweight portable 
analysis and underweight the people who carry meaning, conse-
quence, and development. AI and automation strip away the pure 
throughput, and the human layer gets denser: fewer passengers, 
more drivers; fewer handoffs, more judgment; fewer people pass-
ing work along, more people carrying trust, customer memory, 
culture, and consequence. A smaller human layer must also be 
a denser one: when routine throughput runs on machines, each 
remaining person’s judgment steers more output per decision — a 
mediocre hire costs more than it used to, and an excellent one 
compounds further. Talent density stops being a philosophy and 
becomes arithmetic. The destination has the ownership density 
of a startup and the execution discipline of an institution: small 
teams, heavy ownership, deep maps, solid rails, without chaos 
and heroic burnout.

Compare the org chart you have with the one you would build 
from scratch. The gap is the transformation work.

Who stays, and what it does to status
The playbook layer is large. It is not the whole economy. Skilled 
trades and field service remain durable because work is embodied, 
local, and consequence-bearing. Clinical and care roles add trust 
and physical presence. Sales hunting and small-business operation 
carry direct stake. Customer-facing work is durable where the re-
lationship is part of the product. System builders are constructing 
the new architecture itself.

They stay for different reasons — there is no single defense of 
human labor here. Robotics, regulation, capital, and demand will 
bend each market. Embodied work may eventually face robotics; 
regulated work may be protected longer by law than by architec-
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ture; trusted relationships can still be weakened by price or plat-
form change. The panic story overstates total collapse. That does 
not make the transition mild. The blast radius inside credentialed 
playbook work is large and concentrated enough to create real eco-
nomic and political stress.

Timing follows the architecture more than the headlines. The 
first work absorbed is not necessarily what a general agent could 
theoretically do. It is the work regular enough to be cast into auto-
mation cheaply. As AI-assisted builders create more templates, the 
long tail accelerates. The transition may feel gradual until the reus-
able patterns begin compounding. It will also be uneven: a func-
tion with clean state and strong controls can move years before a 
neighboring function whose exceptions remain tacit, even inside 
the same company.

A carpenter running her own crew may hold more architec-
turally durable work than a senior associate at a consultancy. An 
independent therapist may hold more than an executive in a por-
table staff role. A field-service engineer may hold more than a 
mid-tier banker. A fifteen-year individual contributor who carries a 
function’s memory may hold more than the newly arrived strategist 
with the stronger résumé.

Architectural durability is not the same as current pay. Markets 
reprice slowly and sometimes irrationally. But the salaries were 
attached to exactly the work the new architecture absorbs best. The 
skills everyone has feel easy because evolution spent ages perfect-
ing them; the market pays them least, because everyone has them, 
and AI replaces them last. The skills schooling trains and examina-
tions certify feel hard because they are recent and thin; the market 
pays them most, and AI reaches them first. Value is moving toward 
having a stake, taking initiative, carrying trust, knowing this partic-
ular place, and building or governing the system around the model.

For those of us who climbed the credentialed pyramid — and I 
include myself — the temptation will be to defend the structure that 
rewarded us. The honest question is different: how much of my 
work is response inside a playbook, and how much is origination? 
What consequence does my name carry? What has this institution 
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made particular in me? What trust, judgment, or people am I pro-
ducing alongside the visible output?

Chapter 11 turns those questions into the transition itself: how 
to change the work without cutting away the institution that still 
has to perform it.
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How to Change  
Without Hollowing Out

Four traps dominate the transition, and all four come from treating it as 
tool deployment instead of organizational design.

The structural argument matters only if it changes action. For exec-
utives, the transition is organizational design. For employees, it is 
a decision about where to place a career. The two sides meet in the 
same question: what work is really moving, and what else disap-
pears if the role moves with it?

For executives
The most consequential mistake is to deploy AI on top of an un-
changed organization. The model becomes a feature; the work, 
hierarchy, incentives, and handoffs stay the same. Local productivi-
ty rises, the operating model does not, and disappointment follows. 
AI-plus-automation is not a feature of the old operating model. It is 
the beginning of a new one.

Four traps recur.

The copilot trap. Give every employee an assistant, measure 
faster drafts, and call the result transformation. The gain is real: 
cycles shorten, drafts improve, some capacity is released. The cate-
gory is wrong. Playbook work is still being performed by the same 
role, only somewhat faster, so the process economics barely move. 
Augmentation is useful, especially in stage one. It is not the desti-
nation. A competitor that redesigns the work rather than accelerat-
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ing the old role can capture a step change while the copilot compa-
ny celebrates a percentage gain.

The pilot trap. A demo can ignore everything hard: state, permis-
sions, audit, rollback, integration, the cost of being wrong. Produc-
tion cannot ignore any of it. Most pilots prove the model can produce 
the answer — the easy half — and never build the path that makes 
the answer safe to act on. A pilot earns its budget when it is real: 
connected to the systems of record, running under real permissions, 
built to survive failure. Otherwise it is theater with a budget. Take the 
demo as proof of the model, never as proof of the deployment.

The headcount trap. Cut in anticipation of future absorption 
and the work remains, now carried by fewer people. Quality falls, 
the survivors burn out, and savings are lost to attrition, rework, 
and customer loss. Worse, the company may have removed exactly 
the operators whose knowledge the map still needed. The error 
compounds when the role also produced mentorship, customer 
trust, institutional memory, or culture. Those outputs vanish before 
anyone has designed a replacement, and the loss becomes visible 
only after the people who carried them are gone.

The credential trap. Preserve the old pyramid, give its mem-
bers AI tools, and assume the economics will survive. Profession-
al-service and enterprise hierarchies were built to scale human 
playbook judgment through leverage: one partner’s method, ex-
ecuted by thirty associates and billed by the hour, turns a single 
person’s judgment into an army’s output — and the ratio of juniors 
to seniors is the profit engine. AI changes that leverage: the meth-
od no longer needs the thirty. The relationships and brand at the 
top may remain valuable, which is why the old structure can look 
healthy for a while. But the economics underneath are moving. The 
firm must rebuild around a smaller throughput layer and a differ-
ent developmental system, rather than preserve the pyramid until 
the market dismantles it from outside.

The correct sequence follows the architecture. This is not an-
other checklist to delegate to an AI program office. It is an order of 
operations owned by senior leadership, because each step changes 
the institution that the next step depends on.
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Start by mapping the work with the people who actually do it, 
including the exceptions and the hidden owners. Do not begin with 
the org chart or the savings target; both bias the diagnosis toward 
the answer management already wants. Begin with the work.

Build the agent, gate, and rails for the portion that appears 
absorbable. Run it in production under control long enough to see 
what it truly absorbs, where the errors concentrate, what reviewer 
attention costs, and which apparent routine cases keep turning into 
exceptions. Only then decide what happens to the roles. A model 
benchmark cannot answer that question. Production evidence can.

Before that decision, apply the multi-output test. What visible 
product did the role create? What trust, judgment, customer mem-
ory, culture, or future talent did it create at the same time? Which 
second outputs still matter? Where will they be produced after the 
redesign? The people with the most prestigious titles are not auto-
matically the people carrying those functions. Mapping the work 
often reveals that the load-bearing operator is the person manage-
ment had classified as expensive support.

The order cannot be reversed, because each step produces the 
evidence of capability the next one needs. The map tells you what 
to build. Production tells you what the build actually absorbed — 
which routine cases held, where the exceptions swarmed, what 
reviewer attention really cost. Only that record tells you what the 
role has become, and only the redesigned role tells you the hon-
est headcount. If you run it backward — set the number first, then 
redesign to hit it, then validate whatever is left — every input be-
comes a forecast, and every forecast leans toward what the budget 
wanted to hear. Headcount is the consequence of a working oper-
ating model, not a substitute for one. This book’s obligation is to 
make the sequence hard to misunderstand: map, build, validate, 
redesign, then adjust.

One expectation belongs to every role while the ladders are re-
drawn: AI fluency — an experimental habit, genuine curiosity, com-
fort with ambiguity. It needs no per-level specification. It needs to 
be universal.

For people whose current roles no longer fit, the mechanisms 
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vary: redesign in place, redeployment, lower hiring, natural attri-
tion, managed exit. The choice among them depends on timing, 
labor markets, regulation, and the institution’s ability to create new 
roles. The decision rule should be clearer than the mechanisms. 
A person gets either a credible future role or a clear and fair exit. 
What cannot be allowed is a long middle in which the company 
privately knows the role is ending while publicly selling mobility it 
has not designed.

“Credible” means the role is named, the owner accountable, 
the path evidenced, and the deadline real. Mobility without those 
things is delay disguised as hope. A clean exit is not a judgment on 
the person’s worth or past performance; it is a structural mismatch 
handled without slow ambiguity, with enough notice and support 
for the person to act. Not everyone can be retrained into the du-
rable layer. Pretending otherwise is as dishonest as cutting before 
looking for genuine mobility.

The rule has one honest exception, because the new organization 
is still forming while the old one is being judged. Sometimes the role 
cannot be named yet — new roles emerge as the work is rethought 
— and a person who scores high on everything durable is left, for a 
while, without one. Keeping her is not the forbidden long middle, on 
two conditions: she is told plainly that the old role is ending and that 
she is being kept while the new ones take shape, and the ambiguity 
wears a clock measured in months, not quarters. The long middle 
the rule forbids is private knowledge behind public pretense. This is 
the opposite: shared uncertainty, honestly held.

Humanity here is operational, not ornamental. Brutal transi-
tions drive out the wrong people, harden internal resistance, and 
damage the employer’s ability to recruit after the restructuring. 
Sentimental transitions preserve roles the work no longer requires 
and prevent the new system from forming. The two errors are 
opposites, and they arrive at the same hollow institution. The right 
posture is unsentimental about the structure and humane about 
the people. That combination is harder than either extreme be-
cause it requires saying clearly what is ending while still treating 
the people affected as part of the institution rather than as friction 
in a cost model.
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The best institutions offer more than compensation. They offer 
a credible answer to who someone can become inside them: great-
er responsibility, judgment, trust, and contribution than the market 
would grant immediately. That promise binds exceptional people 
through difficult years because it is specific to the institution. Cash 
can be matched elsewhere. Becoming the person trusted to run this 
customer, this product, this operation cannot be copied as quickly.

The promise is real only when the structure supports it. A com-
pany cannot say ownership matters while centralizing every deci-
sion, or say customer proximity matters while treating customer-fac-
ing work as low status. Bureaucratic process was what institutions 
used when context could not travel. The map makes context travel 
— the institution can govern with shared context and a few enforced 
guardrails instead of layers of control, and tolerate people deciding 
differently inside them. AI should make the promise more valuable, 
not destroy it. As routine throughput moves underneath the human 
layer, the remaining work should become more consequential and 
more worth doing. A company that uses AI only to shrink has missed 
the chance to become a better place to build a career.

For employees
Titles and credentials are poor guides to durability. Look at the 
structure of your day.

How much is origination rather than response? Does your 
name ride on the consequence? Have you become particular to this 
institution — the person trusted with the difficult customer, ambig-
uous case, or people coming behind you — or could the same job 
be performed elsewhere with almost no loss of context? What are 
you producing besides the visible artifact: trust, judgment, people, 
customer memory, a better system?

These are not aspirational questions. They identify where the 
role sits now: origination or response, stake or insulation, institu-
tion-specific judgment or portable technique, developmental output 
or pure throughput. A senior title can sit on either side of each line.

If much of your work is already in the durable layer, develop a 
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serious partnership with AI. Let it handle language-shaped through-
put, search, comparison, first drafts, and routine construction. Use 
the released capacity for judgment, relationships, system design, and 
consequence. The partnership has to be active: ask the model for 
alternatives and objections, inspect its grounds, and keep ownership 
of the call. Do not protect yourself by refusing the tools; that merely 
preserves the least durable part of the role. People who combine the 
durable human layer with AI-native speed will compound an advan-
tage over those who treat AI only as a threat or a convenience.

If your role is mostly playbook work, move before the organi-
zation moves you. The first move is inside the role: own outcomes 
instead of tasks, become the validator, build customer relationships, 
improve the playbook, mentor, carry the function’s memory. This is 
usually the cheapest move because it uses standing you already have.

The second move is within the industry: from execution toward 
system design, from a large institution toward a place where initia-
tive is visible and consequence returns quickly. 

The third move may be outside the credentialed pyramid alto-
gether — independent practice, a trade, a small business, or starting 
a company — where stake and consequence are direct. The creden-
tial system may describe such a move as downward even when the 
architecture says it is toward more durable work. Status is a lagging 
indicator of the old economy; it is a poor compass for the new one.

None of these moves is universally available, and not everyone 
facing displacement can solve it through better personal position-
ing. Some careers are built almost entirely on work the architec-
ture will absorb, and some people will be caught without a clean 
bridge. Employers owe them clarity and fair treatment. Societies 
will have to answer the larger transition questions. Individual ad-
vice should not be used to deny structural loss.

But waiting usually reduces options. The firms are changing on 
their own timetable. Repositioning is easier before the old role has 
disappeared than after.

Chapter 12 closes with what both sides should hold while the rest 
changes.
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The Work That Remains

The advantage belongs to institutions that build the map and the rails while 
growing, on purpose, the human capacities the architecture still needs.

Human work is being redefined, not eliminated. The redefinition 
is structural, uneven, and painful where identity was built on the 
work that moves.

The four limits do not carry equal durability. Exact execution is 
the keystone: when the work must be right, the model should not 
be what the institution trusts to make it right. The other limits may 
soften as agents gain better memory, more of the room is translat-
ed, and review data accumulates. That is why the operating model 
is staged. Authority advances with evidence of capability rather 
than with confidence in a model generation.

Ranked by confidence, the claims about people come out this 
way. The most durable work is whatever the institution needs 
carried by name — trust, culture, mentorship, accountability — be-
cause no improvement in models manufactures a self with some-
thing to lose. The knowing side of judgment may soften as agents 
and maps improve; the staked side stays. The fastest-appreciating 
skill is building the system itself, because somebody has to join 
map, gate, rails, audit, and owner into one enterprise. And the 
same ranking holds for the assets: generic maps and components 
will commoditize, while the owned map, the owned record, and 
the speed of the loop between them compound.

For executives and for employees, the guidance is already on 
the table — the questions that close Chapter 10, the sequence and 
the traps of Chapter 11 — and it compresses to a sentence each. 
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Executives: redesign the operating model, and let headcount be its 
consequence, never its substitute. Employees: move toward work 
your name rides on, before the timetable is the firm’s.

The practical beginning is the slice Chapter 9 drew — one work-
flow, honestly described, divided among rails, agent, and gate, a 
cartographer keeping it true. That slice creates the evidence that 
earns the next one.

The default is to act rather than wait. If model progress slows, 
the map and the rails still improve today’s work. If capability ac-
celerates, more work can move through the same governed archi-
tecture. If models partially close the open-world judgment gap, 
the system absorbs the new capability one decision class at a time, 
moving work from stage three toward stage four. At the limit, exact 
execution, permissions, audit, rollback, and named ownership still 
need a production home. If generic maps commoditize, the institu-
tion’s own judgment and loop speed matter more.

There are edge cases. A regulator may block production de-
ployment. An organization may lack the execution capacity to run 
the build. A vendor may commoditize the capability faster than 
an internal program can justify. Model capability may close the 
institution’s judgment gap before the map can be built, reversing 
the trade. In those cases, buy, partner, or change the timing. The 
calculus changes when the institution cannot operationalize what 
it builds, not merely when the build feels difficult. Outside those 
cases, waiting preserves no real option. It pays the cost of delay 
while forfeiting the evidence that would make the next decision 
easier. Waiting for the model to make the institution legible is not 
a strategy. The work still has to be understood before consequence 
can be governed.

Waiting has a compounding cost. Stage three produces review 
data as a byproduct of operation when the gate is real.

Approvals are not data. Verifications are data.

Each inspected approval, edit, rejection, or escalation records 
how this institution judged this case. Some of those judgments will 
be wrong and must themselves be sampled and checked. Even so, 
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the record cannot be purchased later. It accumulates only through 
governed use, and the institution that begins earlier has more time 
to correct its own blind spots. Waiting therefore costs more than 
delayed productivity. It forfeits the institutional learning that would 
have made later autonomy safer.

Azeem Azhar and Nathan Warren¹² put the competitive frame 
directly in their May 2026 Exponential View essay: firms will com-
pete on loop speed. A case arrives, the agent proposes inside the 
map, a person validates the exception, the decision is captured, the 
map or automation improves, the next similar case moves faster. 
Loop speed is not merely model latency. It is the time from event to 
verified institutional learning. The institution that closes that loop 
learns faster than the one still waiting for certainty.

Figure 11. Loop speed: event to verified institutional learning, and the 
next similar case moves faster.
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A note on how this book was made
This book is itself an instance of the argument. It was written in 
partnership with Claude and ChatGPT. I supplied the questions, 
lived experience, convictions, corrections, theses I had to abandon, 
and final judgment about what the book should say. The models 
supplied articulation, structure, objections, alternatives, and pres-
sure on weak formulations. I ran them in roles, the way a publisher 
runs people — one drafting while the other attacked, one editing 
while the other defended — and then inverted the roles, because a 
model judges another model’s work far more honestly than its own. 
It was the constitution practiced at a desk — Article 9 in miniature: 
the models rented and swappable, the roles and the record owned 
— and either model could have been replaced tomorrow without 
the book losing a page. They extended intuitions into arguments I 
would not have built alone; I kept insisting when fluent formula-
tions were still not true to the thought. I would not have produced 
this version alone. The models would not have produced it without 
a person with a stake in the argument.

The clearest proof came late. After dozens of full reviews, I 
proposed a structural change myself — moving one chapter to the 
front — so obviously right that the book clicked into place around 
it. I asked the models why, in months of reading this manuscript 
end to end with total recall, none of them had ever proposed it. The 
answer was honest. Every review I had commissioned asked what 
was wrong with the book, and that question polishes a structure 
without ever questioning it. Asked the better question — what is the 
best book hiding in this material? — they argued my move better 
than I could have, in minutes. But the move was mine, and so was 
the question. That is the division of labor in one story: the seeds 
and the questions stay human; everything downstream, the models 
build magnificently.

The partnership worked only when both sides resisted the easy 
answer. The models had to push back instead of agreeing. I had 
to reject fluent formulations that were not yet true to the thought, 
including formulations I had already become attached to. The mod-
els arrived confident by default; supplying the doubt was my half 
of the work. The models were strongest at extending, comparing, 
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structuring, and exposing weak joints. I remained responsible for 
the seed ideas, the editorial direction, what the argument commit-
ted to, and what it refused.

None of it was push-button. The first version was twice as long 
as the one you are reading, and this one is the bigger book — the 
craft moved from the writing to the cutting, and most paragraphs 
were argued, cut, and restored in different clothes more times 
than I can count. If we had captured every instruction I gave the 
models, the prompts would make a book longer than the book. One 
working rule earned its place the hard way: the model that wrote a 
draft never cuts it. An author defends its darlings — even a machine 
author, whose attachment lives entirely in the project’s own record. 
The cutting went to the model that had not written the text, and the 
disputes came to me.

Treating the model as a dispensing machine produced averages. 
Treating it as a partner to argue with produced work neither side 
would have made alone. The durable capacity here was not writing 
faster; it was knowing what deserved commitment, recognizing 
when fluent language was still wrong, and staying with the argu-
ment until it became particular.

That is not a theory of every AI use, and the boundary is the 
book’s own rule: how freely the model may run is set by what its 
output can touch. A manuscript is all proposal — nothing commits 
until publication, and the worst case of a wrong draft is a wrong 
draft — so the models could run free while I stood as the gate on 
every line. Where work commits, at volume, this book argues for 
the opposite posture: controlled tooling inside governed structure. 
It is the same rule read twice. In thinking and writing, partnership 
was the posture that paid, and the disposition will matter every-
where: use the model aggressively without surrendering ownership 
of what the work means.

The work that remains
Return to my lawyer friend at the beginning.

The work changes. The self some people built through the work 
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changes with it. Not everyone comes through as the same person. 
Some will have to become someone different. That is the hardest 
part of the transition and the part the surrounding discussion has 
been least honest about.

There is no clean prescription. Institutions cannot solve an iden-
tity crisis with retraining modules, and individuals cannot always 
will themselves into a new economic position. Some people will lose 
work that carried status, community, and a story about who they 
were, without receiving an obvious replacement. That loss should 
not be romanticized. But the capacities that remain valuable — initia-
tive, stake, judgment, trust, mentorship, courage, partnership — are 
also materials from which a person can rebuild. For some, the work 
absorbed by AI was the scaffolding of an identity. The work that re-
mains may become the scaffolding of another one, perhaps a better 
one, if people have time and support to build it.

And the thread from the first pages can now be tied. The intu-
ition before that fireside chat — that the most human thing about 
us is seeking the felt line between truth and untruth — turned out 
to be this book told in advance. Every limit in Part I is the shadow 
of a missing verifier. Every structure in Part II is a verifier built by 
hand. We are the creatures who care which way that line runs — 
who seek what is true about the customer, the claim, the company, 
and ourselves — and we live in the right world for it: one that an-
swers back, where consequences keep the score honest and others 
check our work. The machines are born confident, and their confi-
dence costs them nothing. We are born doubting, and build con-
fidence the expensive way — failure by owned failure — which is 
why it is worth something when it arrives. The machines will draft 
beside us, tirelessly and well. The seeking stays ours.

That building — of maps, rails, institutions, and selves — is the 
work that remains.



A D D E N D U M  T O  P A R T  I

Why the Limits Hold

The main chapters give the operator version of the argument. This 
addendum carries the deeper defense for readers who want to test 
it against technical objections.

A. Chess: state, search, and consequence
Chapter 4 makes its argument in the enterprise’s own terms. This 
addendum runs the cleanest laboratory version: chess — and why 
superhuman chess engines prove the action-boundary argument 
rather than refute it.

A chess engine is superhuman. The engine holds the board. It 
knows the exact position of every piece — its explicit state. It knows 
which moves are legal right now. It searches for every candidate 
move, it counts the replies, and the replies to the replies, millions 
of positions deep. It evaluates by assigning a number that indicates 
how good the resulting position is. And it gets feedback: every 
game ends in a win, a loss, or a draw, and the verdict arrives in 
time to learn from it. State, legal moves, search, evaluation, feed-
back — that machinery is what superhuman chess is made of.

And none of that machinery is a language model. A chess en-
gine does one task and plays nothing else. The search is explicit, 
and the evaluation runs on a compact network built to score posi-
tions. Stockfish’s is a few small layers updated on a CPU in micro-
seconds; some newer engines borrow the transformer, but none of 
them are trained on language. Superhuman play did not come from 
general intelligence reaching chess. It came from purpose-built 
machinery in a perfectly legible world.
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A frontier language model has read every chess book ever writ-
ten. It has absorbed the openings, the tactical patterns, the com-
mentary, the grandmaster interviews. It can sound like a wonder-
ful coach. But sounding like a coach is not being the engine. The 
coach’s sentence and the engine’s move are different products: the 
brilliant sacrifice and the blunder can look exactly alike until the 
line is counted — and the bare language model is not counting the 
line. That is what it means to have no world model: the language 
model holds the words about the position, not the position.

Watch what that costs in a real game. A person at the table sees 
the board whole: a bishop parked seven squares away on the long 
diagonal is simply there, its line crossing the king’s square, visible 
at a glance. The model holds a transcript. That bishop entered the 
record twenty moves ago as four characters and has not been men-
tioned since; its attack exists only if the model reconstructs every 
consequence of every move played since. So language models at the 
board commit a signature error no club player would: they move 
a piece that was shielding their own king — the pinned pawn cap-
tures, the pinned knight steps away — and the distant bishop nobody 
mentioned takes the king. The move is not merely weak; it is illegal, 
and the model proposes it fluently, because in the transcript it looks 
like a move. Only on a board is it a disaster. Measured in actual play, 
frontier language models keep proposing illegal moves. The engines 
above cannot even form the thought — their move generator holds 
the board, so only legal moves exist for them. One system holds the 
position. The other holds the story of the position.

Math lets the model reason in language. Chess forces the model 
to act in state.

Chapter 4 told that asymmetry as autobiography; here is its 
anatomy. The same model outperforms trained mathematicians 
on many problems while losing at chess to mediocre players, and 
the difference is structural. A math problem sits still. Solving it is 
composing known patterns — substitutions, inductions, inequalities 
— and a wrong choice is free to undo: the problem is unchanged by 
the attempt, the whole solution lives in language, and the answer 
can be checked at the end. That last property is exactly what recent 
training exploits — millions of practice problems, each verifiable, 
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teaching the model which compositions succeed. Chess grants none 
of it. Every move changes the state, the opponent answers, and the 
position never returns; a bad move is not a draft to revise but a con-
sequence to live with; and the model must hold the true board across 
sixty moves, which a system trained on words about boards fails to 
do. Backtracking — the mathematician’s basic freedom — is precisely 
what state forbids. That is why one system can be superhuman on 
the page and mediocre at the board. An enterprise is a board, not a 
page, and should read the math benchmarks accordingly.

Chess is also the friendliest case the world has ever offered that 
machinery: complete visible state, a free legal-move checker, exact 
win/loss feedback, unlimited self-play, and cheap engine evaluation. 
Reinforcement learning against a verifier works wherever a verifier 
that clean exists. Consequential enterprise work almost never has 
one — which is Chapter 4’s feedback argument in laboratory form. 
And you cannot build a chess engine for every enterprise situation: 
the engine’s machinery exists because chess has one fixed board, 
one rulebook, and one definition of winning; an enterprise has thou-
sands of shifting ones. What can be built is the general equivalent 
Chapter 4 names — explicit state, allowed moves, permissions, audit, 
rollback, verification — assembled per process, not per game.

Two controlled comparisons expose what the model’s compe-
tence is made of, and they matter because each changes exactly 
one thing — so whatever future models bring, the comparison 
shows what today’s competence is made of. Fischer Random chess 
keeps the same board, pieces, rules, and logic — only the back-rank 
starting position is randomized, which deletes opening memoriza-
tion and changes nothing else. In DeepMind’s study, the nine-mil-
lion-parameter chess transformer plays around 2054 blitz Elo at 
standard chess and about 1539 at Fischer Random. Five hundred 
points evaporated because the positions stopped resembling the 
training data — while an engine loses nothing, because nothing 
about the game changed. Scale narrows the gap — the study’s larg-
est model reaches grandmaster-level play — but the dependence is 
the point: an engine plays an unfamiliar position exactly as it plays 
a familiar one, because it computes every move from the rules; 
the network handles the unfamiliar only as far as its training data 
reaches, and nobody can say in advance where that reach ends.
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The second comparison is the simplest experiment in this book. 
Blocksworld is a child’s puzzle: blocks on a table, written rules 
for picking them up and stacking them, a target tower to build. A 
1970s program solves it every time, and language models with the 
rules in front of them do fine. Its twin, Mystery Blocksworld, plays 
one trick: the same puzzles, the same rules, the same solutions, 
rewritten with invented words. “Pick up” and “stack” — the puzzle’s 
predicates, its working words — become terms that mean nothing, 
while every rule stays spelled out on the page. Nothing about the 
puzzle changed; only its costume did. A person reads the rules and 
solves it anyway. The models collapse. Reasoning-trained succes-
sors do better, at heavy compute cost — but they still solve far fewer 
renamed puzzles than plain ones. If the model were truly planning 
— reasoning from the written rules — the words could not matter. 
The words mattered enormously. What looked like planning was 
pattern recognition wearing planning’s clothes.

Why the person solves what the model cannot — and what his 
success is actually made of — is the next section’s subject.

Put the two comparisons together and the mechanism is ex-
posed. The model produces chains that resemble valid reasoning; it 
does not produce them because they are valid. Plausible and valid 
coincide exactly where the training data made them coincide — 
and the model cannot tell you where the coincidence ends, because 
the faculty that would check the chain is the faculty that generated 
it: success on familiar ground and failure off it are equally fluent 
and equally confident. The enterprise version is harsher than 
either experiment because your business renamed the predicates 
decades ago — your reason codes, approval limits, and exception 
categories are ordinary words in the training data and load-bearing 
meaning in your company. And that renaming is crueler than the 
experiment’s, because the words are not nonsense: an invented 
word carries no borrowed meaning, so when the model fails on 
it the failure is plain to see. Your “approved” arrives loaded with 
everyone else’s meaning, and the model answers fluently from the 
wrong one — visible confusion traded for confident error. What 
exactly is missing when a model fails these tests, and what the labs 
are doing about it, is taken up in Addendum G.
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Step back and the section’s deepest point comes into view. Chess 
gave the model everything — a perfect verifier, complete visible state, 
free practice without limit — and what came out is a system that plays 
one game, spends its attention blindly, and collapses when the furni-
ture is rearranged. A person handles consequence with none of those 
gifts. Nobody gets a million practice Fridays; one bad transfer, felt in 
the stomach, is a lesson for life. Even under laboratory-perfect condi-
tions, a generalist language model did not learn to carry consequence 
the way people carry it — it learned to be coached by machinery that 
carries the consequence for it. That is the honest baseline for every 
enterprise hope: if the perfect laboratory could not produce it, the 
claims queue — no verifier, half the state hidden, every predicate 
renamed — will not be the place it first appears. What enterprise work 
can do is what chess did: build the machinery around the model.

Self-driving, at public scale, adds one refinement to the chap-
ter’s version. The useful distinction is not “one company uses an 
engineered environment and another does not” — every serious au-
tonomy program has telemetry, simulation, testing, software gates, 
and human oversight. The distinction is the degree and kind of 
engineered environment: restricted operating areas, maps, remote 
support, staged expansion, and supervised miles versus broader 
generalization across a larger long tail.

B. Logic and the world model:  
why the person still wins
Addendum A left a person solving a puzzle the models cannot, and 
his success deserves its own section, because it is not what it looks 
like — and because what it actually is points directly at what an 
enterprise must build.

The person does not follow the alien rules as rules. He reads 
through them, and shapes begin to show: a resource that is taken 
and released, a relation made and unmade one object at a time. 
Within a minute the costume slips, and he says what everyone who 
tries it eventually says — these are just blocks. From there he stops 
reasoning about symbols and starts watching an imagined scene, 
and the scene does most of the work: he cannot picture a block in 
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two places at once, or a hand holding two blocks, so the rules he 
was given are enforced free of charge, by the way the imagined 
world is built. The logic did not get easier. It got absorbed. And 
notice why the model never makes his move. He was forced into it 
by his own weakness — a person cannot push meaningless symbols 
around; the text resists him until he understands it. Nothing re-
sists the model. Every next word comes fluently whether the words 
mean anything to it or not, so it never receives the signal that says 
stop, translate first. The person turns the words into a world. The 
model can only turn words into other words.

Psychologists ran the mirror image of this experiment decades 
before anyone built a language model. Show educated adults four 
cards and one rule — if a card has a vowel on one side, it has an even 
number on the other — and ask which cards must be turned over to 
check the rule. About one in ten gets it right. Now dress the identical 
logic as a doorman’s problem — if a person is drinking beer, he must 
be of legal age — and show four cards again: a beer drinker, a soda 
drinker, someone clearly of age, someone clearly under it. About 
three in four solve it at a glance. Psychologists still argue about why. 
What no account disputes is the shape of the result: the logic did not 
change between the two versions. The world did.

Set the two experiments side by side and the symmetry is the 
finding. Rename the blocks and the model collapses: its competence 
follows the words, because words are what it holds. Strip the world 
from the cards and the person collapses: his competence follows the 
world, because a world is what he holds. Neither entity runs logic na-
tively. The person’s advantage in novel, consequential work is not a 
rule-follower the model lacks — Addendum G shows he lacks it too. It 
is that his reasoning runs inside a simulation, and the simulation en-
forces the constraints for free: he does not check that a block cannot 
be in two places at once — he cannot imagine otherwise. Decades of 
research on human reasoning gave this machinery a name: mental 
models. People reason by building a small world and reading the an-
swer off it, and their errors trace whatever the small world failed to 
include. Where a world can be found under the words, the person is 
superb. Where none can — the naked cards, the alien symbols — he 
is barely better than chance, and he reaches for paper and notation, 
the technology built to compensate.
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Now put the mechanism in the enterprise, because it walks the 
halls every day. A payment reconciliation shows a twelve-thou-
sand-dollar break. A model can draft every plausible explanation 
fluently — and somewhere in the list, without embarrassment, will 
be one in which the same dollar sits in two accounts. The controller 
who has closed the books for fifteen years never generates that can-
didate, and not because she checked it against a rule. She does not 
reason over sentences about money; she walks the money through 
a world where it is conserved — every dollar came from somewhere 
and went somewhere — so if it left the bank and not the ledger, 
the explanation must live in timing, fees, or a split, and the impos-
sible explanations never occur to her at all. Money cannot be in 
two places at once is the business twin of a block cannot be in two 
places at once. Her simulation prunes the search before it starts; 
the model’s fluency prunes nothing.

The enterprise met this problem long before the models ar-
rived, and its answer is instructive. Double-entry bookkeeping — 
codified five centuries ago and in daily use ever since — is a world 
model built out of ledger paper: every movement of money record-
ed twice, from somewhere and to somewhere, so the books enforce 
conservation by construction and an error anywhere surfaces as 
imbalance somewhere. It was invented because human memory 
could not be trusted with the state of the business. It is the oldest 
rails the enterprise owns — and the reason the controller can walk 
the money at all: the ledger is the walkable world.

So the world model comes in three forms, and the book’s archi-
tecture emerges from the list. The person carries one built in — as-
sembled by evolution, topped up by a life, superb wherever the work 
resembles a world he has lived, and nearly helpless without notation 
where it does not. The labs are trying to learn one inside the network 
— real, early, and approximate by design, and no amount of watch-
ing the world teaches your approval matrix. Addendum G grades 
that program. The enterprise does not have to wait, because a world 
model can be built outside the model, process by process: explicit 
state, allowed moves, consequences declared, wrong states made 
impossible to build. A transaction system that refuses the second 
approval is not checking a rule; it is making the wrong state impos-
sible. The map and the rails are the imagined scene, engineered: the 
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enterprise handing the model the world instead of the words about 
it. The chess engine holds the board. The controller holds the books. 
The agent holds what you build for it.

Name the division plainly, because the word reasoning hides 
two different jobs: proposing the next step, and checking it. Every 
reasoner — person or model — is a proposer married to a checker. 
The model is the widest proposer ever built, and it has no check-
er of its own: a chain of thought is generation all the way down, 
and when a generator grades its own work, the grader repeats the 
generator’s blind spots. So the checking has to come from some-
where, and where it comes from decides who wins. Wherever a 
checker stands outside the reasoning and pronounces on the goal 
itself — the test suite that runs the code, the answer key that grades 
the proof — the model now out-reasons almost every human alive, 
the skilled ones included: it proposes more widely than any of us, 
and the verdicts are not its job. But the checker must check the 
goal, not the grammar. Give a model a referee that only confirms 
its chess moves are legal, and it still loses to a club player — legality 
was never the hard part; choosing among the legal moves is, and 
that verdict arrives forty moves later, entangled with everything in 
between. Chess fell to machinery built around that delayed verdict, 
not to the model. Wherever the checker must be carried inside — 
novel ground, thin evidence, no key to consult — the person still 
wins, and not because her logic is stronger. Her checker is a lived 
world and a trained doubt, and it does not run as a second pass: it is 
fused into the generating itself. The absurd candidate mostly never 
forms, because the world she thinks inside refuses to build it — the 
controller cannot imagine the dollar in two accounts, so she never 
has to reject it. The model’s only native filter is what sounds right, 
so it can follow a wrong road for miles at perfect fluency, making 
mistakes no person would make in between moves no person could 
find. Anyone who has worked beside one has watched both. And 
where the checking must be exact across millions of steps, neither 
serves: that is machinery’s seat. Ask of any work not can the model 
reason? but who supplies the checker here? — and this book sorts itself: 
the rails check what must be exact, the verifier-rich work goes to 
the model, and the person at the gate is the checker the institution 
hires for the questions that have no key.
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C. Bridge: hidden information and shared 
meaning
Chess is the clean case. Bridge is the enterprise case.

A reader who does not know bridge only needs the basics. 
Four players sit in two partnerships. Each player sees only his own 
cards. Before play begins, the partners bid. The bidding is a con-
strained language. It communicates information about the cards, 
but not everything. The partners then commit to a contract: how 
many tricks their side promises to take, and in what suit or no-
trump. Then the hand is played.

The rules matter. The hard part is meaning.

A bid of two clubs is not just “two clubs.” In one partnership it 
may be natural; in another, a convention asking about major suits; 
in a third, part of an entirely different system. The meaning is not 
contained in the words — it lives in the partnership agreement.

Nor is the meaning secret. Serious bridge requires disclosure: 
partnerships file convention cards, and an opponent may ask 
at the table what a bid signifies. The answer gives the declared 
meaning. It does not give the ten thousand hands of calibration 
behind it — the styles, the tendencies, the judgment about when 
the pair steps outside its own system and how it recovers when 
a convention is misapplied. The gap between declared and lived 
meaning is measurable in the machines. Chess fell to AI decades 
ago. Restricted bridge — declarer play with the bidding removed 
— fell in 2022, to a neuro-symbolic hybrid. The full game, with the 
conventional bidding language intact, has no superhuman player 
as of this writing — one of the last of the famous games still stand-
ing. The part of bridge that resists the machines is not the cards. 
It is the shared meaning.

The mechanism explains why attention and computing power 
have not simply fixed this. Every conquered game fell to the same 
weapon: self-play against a verifier — play yourself a billion times, 
check the result, improve. Bridge’s bidding breaks both halves of 
the weapon. Self-play optimizes the wrong thing: a pair of ma-
chines improving together drifts into a private code that works 
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between them and is no longer bridge as humans play it, since the 
system must be disclosed, explained, and held in common with 
human partners and opponents. And there is no free verifier for 
meaning: whether a bid was right has no independent answer — it 
is right only relative to the partnership agreement, which is the 
very thing being learned. The loop that made machines super-
human everywhere else cannot be engineered here, because the 
target is an agreement, not a rule. That is also the enterprise’s situa-
tion exactly: the meaning of its moves lives in agreements, most of 
them undisclosed even internally, which is why the map has to be 
built before the loop can run.

That is why bridge is closer to enterprise work than chess is.

In chess, everyone sees the board. In bridge, the world is partly 
hidden. You infer the missing state from signals, conventions, part-
ner behavior, the bidding history, and the play so far. Your partner 
is not another piece on the board but another actor with a shared, 
imperfectly executed understanding of the system. The opponents 
are also inferring, hiding, signaling, and adapting.

Enterprise work behaves the same way. A customer escalation 
is not just a ticket. The customer may be angry because the product 
failed, because procurement is pressuring them, because a com-
petitor is in the account, because the internal champion is losing 
power, or because the relationship has been damaged for months 
and only now became visible.

The same goes for the procurement exception that failed a 
match — behind it may be a missing PO, a critical supplier, a 
blocked vendor, a duplicate risk, a policy exception, or a fraud 
signal. And an insurance claim carries policy language, customer 
history, jurisdiction, medical evidence, fraud risk, precedent, regu-
lator expectation, and company promise.

AI can help with all of this — summarize the hand, retrieve the 
policy, find similar cases, propose a bid, prepare the response. But 
acting safely requires a shared system of meaning.

The map is the partnership agreement of the enterprise: enti-
ties, states, activities, decisions, gates, actions, transactions, per-



Why the Limits Hold                 135

missions, ownership, audit, rollback, and the conventions by which 
people know what a move means. Without it, the model may gen-
erate a plausible bid. The enterprise question is whether that bid 
means the right thing here, to these partners, under this policy, in 
this state, with this consequence.

Chess shows why the agent needs state and search. Bridge 
shows why the agent also needs shared meaning.

D. Why feedback is not enough
The obvious objection to Chapter 4 is that feedback trains models. 
If the model makes bad moves, collect human ratings and improve 
it. This is how frontier systems become useful. Why not do the 
same for consequential business judgment?

Feedback works best when comparison is cheap, outcomes are 
close in time, and raters can see the relevant evidence. Those con-
ditions hold for many language tasks. A rater can compare summa-
ries, drafts, explanations, or code. The label is cheap.

Consequential business judgment is different. The feedback is 
late, sparse, and expensive. The correctness of a claim denial may 
become clear months later. A pricing exception may look wrong 
until the renewal saves the account. A legal position may look fine 
until litigation reveals the missed risk. A strategic customer esca-
lation may be about product failure, procurement pressure, inter-
nal politics, or a competitor’s wedge. A rater looking at the output 
cannot cheaply know the true label.

The cases that matter most are the rare ones. They do not ap-
pear at the scale required to calibrate a general model. They also 
often require the very institutional knowledge the model lacks: 
who owns the relationship, which customer promise matters, 
which regulator cares, which policy is written but not enforced, 
which exception is common and which one is dangerous.

Feedback is not useless. It has to be captured where the real 
judgment occurs. Stage three does that in production: the agent 
proposes, the human validates, and the gate records why the pro-
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posal was approved, edited, rejected, or escalated. The correction 
is tied to a real workflow, state, source, and consequence.

The reviewer is not a checkpoint. The reviewer is a teacher.

E. Why AI-plus-automation mirrors human 
cognition
The AI-plus-automation pattern has the same broad shape as hu-
man cognition.

Humans explore cognitively when a goal is new. We pay atten-
tion, reason, test, correct, and improvise. When the goal repeats, 
we build routines. The routine runs cheaply and mostly outside 
awareness. When the routine breaks, attention comes back online. 
Cognition handles the exception and updates the routine.

Wake in the night, walk to the fridge, get water, return to bed. 
Most of the sequence runs as routine. Move a stool into the path or 
remove the bottle from its shelf and attention returns. The excep-
tion is handled; the routine is repaired.

Enterprise AI should follow the same economy. Cognitive AI is 
expensive per use, exploratory, flexible, and suited to novelty and 
exception. Deterministic automation is cheap per use, fast, pre-
dictable, auditable, and suited to repetition. When the stable path 
is clear, run it on automation. When the path breaks, route the 
exception to the agent and the human. When the exception repeats, 
repair the automation.

This is why computer-use agents, cowork-style systems, coding 
agents, and business agents do not replace deterministic automa-
tion in production. They discover, build, and repair it. They are the 
exploratory layer. Stable work belongs on rails.

F. Computer use: the case for how to act
Chapter 4 ends its computer-use passage with a hard conclusion: 
research yes, action no — the action belongs on rails, or at the gate. 
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Of everything in Part I, that conclusion draws the sharpest push-
back from capable readers, usually from the person who would 
have to sign the deployment. The objections deserve their strongest 
form and straight answers — and watch what each one concedes on 
the way.

“Irreversibility is an architecture choice, not physics — so 
build the reversibility and let the agent act.” Nothing forces an 
enterprise action to be irreversible. Dry runs, diffs before commit, 
transaction rollback, staged approval — every one of those safe-
guards lives off the screen. A dry run requires a system that can 
tell rehearsal from commitment; a diff requires a declared change 
to compare; rollback requires a transaction boundary; approval 
requires knowing what is about to happen. The interface offers 
none of them, which is why the chapter calls the desktop unsafe: 
on the UI path, the machine’s actions are indistinguishable from a 
person’s clicks. Build the safeguards and something important has 
happened — the action has left the screen and entered declared, 
permissioned, auditable machinery. The remedy proves the diag-
nosis. What the objection calls making computer use reversible, 
the chapter calls building the engineered territory.

“You skipped the middle tier — human-in-the-loop, narrow 
permissions, simulated execution.” The middle tier is not skipped; 
it is this book’s operating model. An agent proposing under nar-
row authority while a person decides at the point of consequence 
is stage three, and Chapter 8 spends its length on it, including the 
honest version of simulated execution, the replica, with its fidelity 
problem: most enterprises test in production because the com-
plete consequence chain exists nowhere else. What the middle 
tier does not mean at enterprise scale is confirming clicks one at 
a time. Per-action confirmation is a personal-productivity pattern; 
at production volume it collapses into the rubber stamp Chapter 8 
dissects. The scalable form of human-in-the-loop is the gate at con-
sequence, not a shoulder tap per click.

And note what the gate requires, because it decides whether 
computer use can ever graduate. The gate works because a pro-
posal can wait and the approved change can be committed by 
machinery afterward: the agent prepares on its own clock, the 
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person decides on hers, automation executes. An un-instrumented 
screen session cannot wait at the Submit button for a remote deci-
sion — the state behind the screen moves, the session expires, and 
the reviewer would have to be summoned into the exact second 
of the click, which is not review but co-piloting. Un-instrumented 
screen-driving therefore does not graduate to stage three. The han-
dover ladder does not run through the screen.

What remains for consequential clicks is attended use — the 
person present while the agent drives her desktop. Some actions 
may reasonably be delegated there, if models become trustworthy 
at detecting which on-screen actions carry consequence and stop-
ping short of them. That is a real if, however, because a screen-lev-
el consequence sensor is a version of the very thing Chapter 4 
found missing. And the attended pattern has a ceiling no bench-
mark measures: the models drive slowly, watching one work is 
tedious, and when the agent deviates and retries in front of you, it 
is not a pleasant thing to watch. The person has become the safety 
driver — present, bored, and accountable — and sustained vigi-
lance over a mostly competent machine is the task people do worst. 
This is why background research is where computer use earns its 
keep: the agent is at its best working on its own clock, with nobody 
watching it think. One honesty note belongs on that carve-out. 
Read-only is a property of the task, not of the desktop: enterprise 
systems rarely offer a read-only mode, and an agent on a person’s 
machine acts with the person’s own credentials — whatever she 
may change, it may change. The discipline holds only as well as the 
agent holds it, so even research deserves the cheap engineering 
where it exists — scoped accounts, read-only roles — and open eyes 
where it does not. The territory is safe because nothing in the work 
commits. The driver still carries the keys.

That last sentence is a product demand waiting to be made. A 
read-only agent mode is the cheapest piece of safety equipment 
an enterprise vendor could ship: a delegated identity for the agent 
that may look and never touch, running beside the person’s session 
rather than inside it. Most of the parts exist — viewer roles, del-
egated tokens with read scopes, the read replicas databases have 
had for decades. There is one subtlety: in old systems even look-
ing writes something — the record lock, the last-accessed stamp, 
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the case that changes state when opened — but the writes that 
matter are the ones applications already treat as named actions, 
which makes the mode an engineering task, not a rebuild. And it 
would repair three of the missing pieces in one stroke: the system 
would know a machine is at the wheel, the permissions would be 
designed for it, and the audit trail would say what the agent read 
rather than that someone clicked. Buyers should ask for it by name. 
The vendor who ships it first turns the warning into a feature.

“Your own analogy licenses geofenced action.” Robotaxis 
earned the right to act inside mapped territory; by parallel, comput-
er use should earn action authority inside well-scoped, high-volume, 
low-variance workflows. This is the best of the objections, and it 
breaks on one fact about software: you can lay track. A city street is 
shared with pedestrians and physics; nobody can make a boulevard 
deterministic, so the probabilistic driver — watched, geofenced, 
rehearsed — is the best traffic will ever allow. A workflow scoped 
tightly enough to geofence is, in software, a workflow that can be 
cast onto declared automation, and AI now writes that automation 
cheaply (Chapter 9). Keep a probabilistic driver on a route that never 
changes and you are paying for improvisation where you needed a 
habit; run it at high volume and the arithmetic of Chapter 5 forbids 
the choice outright. The objection is right about the destination and 
wrong about the vehicle. The mapped, high-volume, low-variance 
case is precisely where the work leaves the screen and gets cast onto 
rails — not where the screen-driver earns tenure.

“Enterprise applications are not unmapped cities.” A company 
runs a finite, known set of systems, many instrumented with APIs 
and fifteen years of automation work, and the core vendors ship 
slow, versioned releases — the roads are not rebuilt overnight. Each 
concession lands somewhere other than computer use. Where the 
system is instrumented, use the instrument: the API and the de-
clared automation are the action path, and they are categorically 
better at acting. Where the platform is standard, the meaning still 
is not: most enterprise applications are customized even when 
built on a standard platform — the controls repeat; the meaning is 
local — and that is the map problem wearing a familiar skin. And 
where an interface truly is stable, deterministic UI automation has 
acted against it reliably for two decades; a selector is a surveyed 



140         THE WORK THAT REMAINS

road, and that industry’s existence is the city thesis in evidence — 
reliable action through interfaces was always purchased with per-
screen engineering, never with a driver’s general confidence. The 
fork closes from both sides: stable roads are an argument for auto-
mation, unstable roads are an argument against trusting the driver. 
Either way, the action leaves the screen.

“By your own inversion, screens should be easy.” Moravec’s 
asymmetry says the ancient sensorimotor stack is hard for ma-
chines and recent conventions are comparatively easy — and a user 
interface is a recent, legible, deliberately human-friendly conven-
tion. So computer use should not get to borrow driving’s difficulty. 
Correct about the mechanism — and the conclusion never rested 
on it. The difficulty of computer use is not in the eyes or the hands; 
screens are legible by design. It is three of the book’s limits wear-
ing a screen. The meaning of the interface lives off it — what Post 
does to the ledger, which of two similar buttons commits, what this 
company means by the field: unwritten knowledge. Action rewrites 
state in a world that offers no practice: nobody gets a million free 
losses against a production ERP. And enterprise volume demands 
an exactness no probabilistic actor can promise. Driving is the 
right parallel not because the pathology matches but because the 
treatment does: whenever a probabilistic actor meets consequence 
in an open world, deployment takes the same shape — mapped 
territory, staged expansion, a safety net. Same treatment, different 
disease; the treatment follows from consequence.

“Where are the numbers?” In the sources, and they move too 
fast to bind a book to. The benchmark record measures completion 
of routine desktop tasks, and as of writing the best agents complete 
meaningfully fewer of them than a person does. But suppose parity 
arrives. The record would still measure completion, not account-
ability — and a robotaxi at superhuman safety still drives inside a 
territory, on a staged expansion, with a safety net. A computer-use 
agent at benchmark parity would still need the map, the gate, and 
the rails. The argument is structural, which is why it does not ex-
pire with this quarter’s leaderboard.

Watch what the objections conceded. Build the safeguards — you 
have built rails. Map the workflow — you have built rails. Use the 



Why the Limits Hold                 141

instrumented path — you were never on the screen. Computer use 
keeps the ground the chapter gave it, and it is valuable ground: cross-
ing unmapped territory where nothing commits, reading the world 
so that someone — or something built for acting — can change it.

G. Verifiers: what fell to AI, what resists,  
and why
Line up everything AI has conquered outright and ask what the do-
mains have in common. Chess and Go: every game ends in a verdict, 
every move is legal or not, and a system can play itself billions of 
times at no cost. Poker: the cards are hidden but the score is not; 
over millions of hands the noise averages out and the verdict stands. 
Code: the compiler and the test suite pronounce within seconds. 
Competition mathematics: the final answer checks mechanically, 
which is what let reinforcement learning turn fluent proposers into 
strong solvers. Even protein folding obeyed the pattern, in a slower 
key: no rule can check a fold, so every verdict had to be bought by 
experiment — decades of solved structures, each one expensive — 
and banked. By the time the system trained, checking an answer cost 
nothing, because the paying had all been done earlier: one exper-
iment at a time, over fifty years. The common property is not sim-
plicity, and it is not even data. It is a verifier: something outside the 
system that says right or wrong, cheaply, quickly, and without mercy. 
Give the machinery a verifier and volume does the rest.

The pattern keeps repeating in miniature. Logic-grid puzzles 
— five houses, who owns the fish — embarrassed the models for a 
season. Then the labs noticed what a grid puzzle is made of: it is 
built backwards from its own answer, so a generator can mint mil-
lions of fresh ones, each arriving with its answer key attached. That 
is a manufactured verifier, and it fed the training loop — attempt, 
check, reward, repeat — until the capability arrived on delivery: 
today’s models solve most of them. But watch where the capability 
stops. The key checks a big grid as cheaply as a small one, yet the 
models still collapse on grids larger than their training covered — 
where a true solver would slow down gradually, they fall off a cliff. 
The loop installed the coverage, not the procedure. The lesson 
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generalizes: wherever a verifier can be manufactured, resistance is 
rented, not owned.

Now line up what resists. Full bridge: the correctness of a bid 
exists only relative to the partnership’s agreement — a verifier 
would have to contain the very meaning being learned. In the 
linguistics Olympiad, each problem hands you a dozen sentences 
in a language you have never seen, with their translations, and 
asks you to work out the grammar — every problem is a new rule 
system, so there is no distribution to cover and no answer key to 
manufacture in advance. In driving’s long tail, the world verifies, 
but at the price of blood — so the industry spent billions build-
ing a substitute verifier out of simulation, mapped territory, and 
staged exposure, and the resistance yielded exactly as fast as the 
substitute grew. In enterprise judgment, the claim approved today 
is verified by a lawsuit two years out, a renewal next spring, a reg-
ulator’s letter — verdicts that arrive late, entangled, and unrepeat-
able. Ask four questions of any domain. Who says the answer was 
right? How fast? At what cost? Can attempts be free? The answers 
predict, better than any benchmark, where AI runs away from 
people and where it stalls.

Formal logic holds a special place in this story, because it is 
the oldest verifier technology we own. A proof is a machine for 
converting the unanswerable question — is this true? — into a 
chain of answerable ones. Does each step follow, and does the last 
step meet the demand? Logic is the narrow strip of truth-seek-
ing where checking was made independent of content, which is 
exactly why it mechanized first and most completely — the com-
puter is that project finished. When reasoning models leapt for-
ward on mathematics, they were not escaping the pattern; they 
had found the one domain whose verifier is built into the artifact 
itself. And even there, the verdict on each step is delivered from 
outside the generator. Chapter 6’s lesson stands wherever any-
thing stands.

Name the limitation exactly, because the naming settles what 
kind of fix to expect. Formal reasoning (logic, arithmetic, following 
a written procedure) has one defining property: it works the same 
on any content. A rule, once stated, fires whether the words in it 
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are familiar or invented; a program that sorts numbers does not 
care what the numbers mean. That property is what the models 
lack. And it is worth killing the comfortable explanation first. The 
trouble is not that machines have no body and no contact with the 
world, because the two experiments that expose this most clean-
ly are made entirely of words: the renamed block puzzle and the 
linguistics Olympiad put the whole universe of the problem on 
one page, in the model’s own medium, with nothing hidden and 
nothing physical. The model still fails, and a person still succeeds. 
So the missing thing is not contact with the world. It is the ability 
to hold a rule as a rule and apply it indifferently to content. Inside 
the model, knowing and computing are the same learned fabric: 
the rule fires where the training data made it fire, not wherever it 
applies. It does not contain a small computer that follows rules. It 
contains an enormous memory that resembles one — closely where 
the examples were dense, loosely where they were not.

But be careful what the person’s success proves, because he 
does not contain a small computer either. Addendum B watched 
his logic ride on a world — and fail where no world can be found 
under the words. What he has besides the world is humbler, and 
stranger: he can hold himself to rules written on a page. His 
reading of symbols is exact — the mistakes of his eyes have noth-
ing to do with the mistakes of his reasoning — so he can apply 
a written rule slowly, step by step, checking each substitution 
against the text. Logic itself was built on this anchor — invented 
once, late, and carried by notation ever since — a technology, 
not an instinct. The model has neither the world nor the exact 
reading. When it consults its own record, the consulting runs 
through the same fabric that guesses. For a model, even copying 
is an act of generation.

Three properties make the missing faculty hard to repair 
from the inside, and none of them is a matter of scale. First, the 
machine underneath is probabilistic: even a perfect procedure 
represented in the weights gets executed by sampling words, 
and a hundred sampled steps meet the arithmetic of Chapter 5 
— exactness needs a per-step error of zero, and sampling never 
delivers zero. More care does not repair this: a careful person 
converts time into certainty — read the step again, slower, symbol 



144         THE WORK THAT REMAINS

by symbol, and the error falls toward zero — while a model given 
more time can only sample more opinions from the same fabric, 
and their mistakes travel together. Effort buys a person exactness; 
it buys a model volume. Deliberation and self-critique raise the 
average; the invariant still has to come from outside. Second, the 
learning is statistical: training wants smooth surfaces, and a rule 
is a cliff, so what gets installed is an approximation that holds 
where examples were plentiful, which is precisely why renaming 
the words breaks it. And third, the training signal never pays for 
exactness: average performance over an enormous corpus barely 
notices the rare failure, so nothing presses the system toward be-
ing exactly right everywhere rather than nearly right mostly. The 
specific broken piece has a name in the literature: binding, which 
means attaching a value to a symbol and substituting exactly, 
what algebra does with an x. The critique is older than the models 
themselves; philosophers of mind pressed it in the 1980s and it 
has never been answered.

So what are the labs trying, and why is it still early? Four direc-
tions emerge, and we grade them honestly here. The first direction 
is to grow the faculty inside the network, and there is a real result: 
small networks have been shown to internalize exact arithmetic 
rules, genuinely crystallized in their weights. It has only happened 
in tiny closed worlds densely covered by training. No general 
rule-follower has emerged at any scale, and the earlier attempt to 
build one directly — differentiable memory machines, a decade 
ago — learned toy algorithms and stalled. The second direction is to 
train on manufactured rule systems, so the system learns to induce 
rules in general. It works at small scale and it has a snake-eating-
its-tail problem: to generate the training systems that would teach 
the right instinct, you must already possess the instinct, because 
arbitrary invented rules only teach a taste for arbitrary invented 
rules. The third direction is the most serious, and it agrees with 
this book’s diagnosis: learn a model of the world inside the system, 
the program Yann LeCun left a lab to pursue, aimed first at robots 
and physical space. If it succeeds it attacks state, not exactness 
— a learned world model predicts approximately by design, and 
no amount of watching the world teaches your approval matrix. 
The fourth direction is to manufacture verifiers where none exist: 
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universal verifiers, judges trained to grade reasoning step by step. 
Where the verifier is real, the domain falls, as this addendum has 
shown. Where it is a model grading a model, the judge is another 
recognizer whose mistakes correlate with the mistakes it is judging, 
and it can be gamed by the system it grades. A learned universal 
verifier is a plausibility judge with better manners.

Notice what all four directions share: each tries to put inside 
the model something the world already has outside it. Meanwhile 
every landmark of recent years was built the other way — a model 
proposing while a symbolic engine checked the proof, a coding 
agent inside a compiler and its tests, a robotaxi inside its maps and 
sensors. Content-independent computation is not an innovation 
waiting to be discovered. It was discovered first. Ordinary software 
has been exactly that since the beginning: state, rules, verification, 
executed indifferently to names. The open question was never how 
to build the faculty but where to put it. Betting on the internal path 
is betting that statistics will turn into rules, but nothing at scale 
points that way, and if it ever happens, what arrives will be a pro-
gram by another name. The system completes the model, because 
the model’s missing half is the computer we already had.

There is one more thing the computer cannot settle, and it 
hides inside verification itself. Verifying a claim has two parts: 
deciding what the checkable pieces are, and checking them. The 
machinery this addendum keeps pointing to — the proof checker, 
the test suite, the rails — has made the second part exact and near-
ly free. The first part has no machinery at all. Somebody looks at 
“this customer qualifies” and decides how it breaks down: the date 
inside the window, a piece the rails can check; the product on the 
covered list, a piece the rails can check; the clause actually apply-
ing to this situation, a piece that needs a named person and is sent 
to one. The skill is the breakdown. And the breakdown fails silent-
ly, which is what makes it dangerous: you can check every piece 
perfectly and still be wrong, because the mistake is not inside any 
piece — it lives in how the problem was split into pieces in the first 
place. The first proof of the four-color theorem — that four colors 
are enough for any map, no two neighbors alike — stood for eleven 
years exactly this way, with each recoloring step correct on its own, 
and the argument quietly assuming two of them could run together 
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when they could not. Machines make this failure worse before they 
make it better: a system that verifies whatever it is handed pro-
duces green check marks at scale, and confidence rises while the 
breakdown stays wrong.

Why experienced people are better at the breakdown than the 
model is worth stating, because it is two of this book’s limits wear-
ing a new coat. The record of bad breakdowns is unwritten. Pub-
lished reasoning is the record of the breakdowns that survived. The 
collapsed drafts, the near-miss caught at midnight, the referee’s 
save — none of it became text. So the model trained on everyone’s 
successes and nobody’s scars, while an experienced person carries 
a private archive of the times she split a problem wrong and paid. 
And the depth of a breakdown is priced. Any piece can be split fur-
ther, forever; the skill is spending the splitting unevenly — waving 
a hundred routine pieces through and cutting four levels deeper 
into the one that smells wrong — and that allocation is made by 
consequence, felt by someone who owns the outcome. The map 
is the enterprise’s breakdown, made deliberately and kept — the 
fuzzy “handle it properly” split once into pieces the rails can check 
and judgments a named person must make, with reason codes as 
the labels on the pieces that needed the person. And it is why the 
gate’s record earns more than anyone credits it for. A reviewer who 
rejects a proposal with a reason is writing down a bad breakdown 
— recording, for the first time anywhere, the kind of knowledge 
that has never been written.

Where did our own verifier come from? The world was the first 
one. It says “no” in the only language every creature understands: 
injury, loss, hunger, death. Pain is the world’s receipt. Evolution 
compiled billions of those receipts into a felt sense that arrives be-
fore any schooling — the line between true and untrue that a child 
keeps before anyone teaches it, the intuition this book opened 
with. A life then continues the compilation privately: the burn, the 
bad transfer, the failure owned and remembered. Doubt is that 
verifier at rest. The hunch is that verifier taking aim. Earned confi-
dence is its ledger, paid out slowly. The model has none of this. The 
industry’s remedy is honest about the gap in its own name: rein-
forcement learning from verifiable rewards is an attempt to print 
receipts for a system that cannot be hurt. It works precisely where 
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receipts can be printed. Which yields the cleanest statement of the 
frontier this book knows: AI progress is limited less by intelligence 
than by the supply of verification.

The most striking demonstration of all arrived while this book 
was being written, and it came from the security world. The newest 
frontier models turn out to be extraordinary at finding vulnerabili-
ties and breaking into systems — thousands of previously unknown 
flaws discovered in production software in a matter of weeks, and 
an end-to-end compromise of a simulated corporate network car-
ried out without human hands. One lab judged such a model too 
dangerous for open release. Read the alarm through this adden-
dum and the capability is not mysterious at all. Attacking someone 
else’s system is the perfect verifier domain. The verdict is free and 
immediate: the exploit works or it does not, and the target itself 
pronounces. Attempts are unlimited — nobody is asked for permis-
sion, and a failed attempt costs the attacker nothing. Above all, the 
consequences land on someone else, so the whole cost side of the 
ledger, the part that disciplines every defender, is simply absent for 
the attacker. Free feedback, free retries, no stake: the three ingredi-
ents that made chess fall, assembled on live infrastructure.

Which is why the same capability does not transfer to the other 
side of the wire. The attacker needs one working exploit and can 
fail forever getting it; the defender must not break the running 
business, needs the fix to be right the first time in production, and 
answers for the outage. Same models, same intelligence — opposite 
verifier economics, and the difference in outcomes is dramatic. 
The pattern this book has followed since Chapter 4 is visible in one 
industry’s headlines: where the world gives verdicts for free and 
mistakes cost nothing, machines become superb; where verdicts 
arrive late and mistakes are owned, the machinery of judgment still 
has to be built and staffed. The asymmetry is uncomfortable, and it 
is not a reason for despair — defenders own something the attacker 
does not, which is the map of their own systems, the record of their 
own decisions, and people accountable for both. That is the same 
answer this book gives everywhere else.

The boundary, honestly drawn, falls where it has fallen 
throughout this book. Resistance is temporary wherever a verifi-
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er can be manufactured — simulators improve, puzzle generators 
multiply, synthetic rule systems may yet teach induction itself. 
Resistance is structural where the verifier would have to contain 
the thing it checks: meaning that lives in agreements, the way your 
company’s words do; novelty, where the question has never been 
asked and no key exists; consequence that cannot be rehearsed, 
where the first real attempt is the only one. An enterprise is all 
three at once. And beneath all three sits a joint no verifier will ever 
cover, even where the formal machinery is complete: the point 
where what somebody meant becomes something the machinery 
can check. A checker compares two exact things, and intent is 
not an exact thing until someone commits it to the map — and no 
machine can certify that the commitment says what the institution 
meant, because certifying that would require understanding the 
meaning, which is another guess. That translation can be drafted, 
assisted, improved; it cannot be certified. It can only be owned. 
The enterprise’s verifier is not for sale and cannot be generated. It 
has to be built — the map to declare what counts, the gate to ren-
der the verdicts, the record to keep them — and it has to be staffed, 
because the only component that arrives with the organ already 
installed is a person. That is the whole architecture of this book, 
derived one more way. Part I asked what the model is missing and 
gave four answers. This addendum gives the short one: a verifier of 
its own — and a world that made it care.
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Glossary and Key Concepts

Action boundary. The line between language output and a state 
change the enterprise must live with. Before it, output can be 
edited or ignored. After it, money moves, records change, or 
commitments form. Chapter 4.

Automation. Executable work placed on deterministic rails: a 
trigger, sequence, rules, state changes, exception path, owner, 
audit, and failure behavior. A workflow describes the work; au-
tomation implements a stable path through it. Chapters 6 and 9.

Capability is not permission. A model’s ability to produce an an-
swer does not authorize the enterprise to act on it. Permission 
comes from decision rights, evidence of capability, gates, con-
trols, and the workflow’s record. Chapters 4 and 8.

Cartographer. The person or function that owns the map of the 
work and keeps it true as the business changes. Chapters 9 and 10.

Case. The orchestration shape for work whose overall arc is stable 
but whose path is not. A claim or investigation is opened, worked, 
decided, and closed; subcases may wait on the world while the 
parent holds. Entities have states. Cases have stages. Chapter 8.

Commentary versus play. Explaining a domain fluently is not act-
ing in it safely. Math lets the model reason in language. Chess 
forces the model to act in state. Chapter 4 and Addendum A.

The current paradigm. Large transformer-based models trained at 
scale and wrapped in tools, memory, agents, and orchestration. 
The book’s structural claims concern this paradigm, not every 
possible future intelligence. Chapter 1.
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Delegated agency. Competent execution of goals the institution 
supplies, inside constraints it sets. Much enterprise work has 
this shape, and AI will be strong at it. Chapter 3.

Einstein Account Test. Give a model email, calendar, files, permis-
sions, meetings, and tasks, then ask whether capability deliv-
ered through an account has become a person inside the insti-
tution. Chapters 1 and 3.

Exception factory. The enterprise as it actually runs: missing 
fields, conflicting policies, unusual customers, blocked but 
critical vendors. The process chart shows the normal path; the 
institution lives in the deviations. Chapters 6 and 9; Article 6.

The four structural limits. AI does not learn on the job — the busi-
ness runs on unwritten knowledge, and people know how to 
read the room. AI does not have a self that persists, originates, 
and individuates. Actions have consequences; Good enough is 
not good — exact execution is the keystone. The first three have 
stated conditions under which they may soften. Part I.

The four stages. The AI adoption ladder defined by the person’s nar-
rowing role: orchestrates, supervises, reviews proposals, handles 
exceptions. Stages are earned with evidence of capability for each 
kind of work; one process may contain several stages at once. The 
agent is attended in stage two — started and watched by a person 
— and unattended from stage three on — events start it, and the 
person meets the work at the gate. Front matter and Chapter 8.

The four traps of the AI transition. Copilots on unchanged work; 
pilots without a production architecture; headcount cuts before 
absorption is real; credentialed structures preserved after their 
economic logic has changed. Chapter 11.

Gate. A verification interface at the point of consequence. The re-
viewer sees the proposal, sources, rules checked, state change, 
authority, and audit, then approves, edits, rejects, or escalates 
with a reason. Present at every stage — implicit while the per-
son runs the work herself, formal once events start the work. 
Chapters 4 and 8.
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Generator-evaluator problem. The candidate generator and critic 
may share the same blind spots. Production systems therefore 
need an independent signature of failure: a test, rule, verifier, 
gate, person, or deterministic executor. Chapters 4 and 6.

Goal. The orchestration shape when the outcome can be specified 
better than the path — save this account, investigate this fraud 
signal. The goal is defined, but the path must be discovered at 
runtime. Chapter 8.

Harness. The controlled environment around an agent: context, 
tool access, permissions, memory, logs, sandboxing, check-
points, and human interruption. The repository or CRM is a 
work system the harness may expose; it is not the harness itself. 
Chapter 8.

Hidden curriculum of work. What a person learns while produc-
ing visible output: how decisions are really made, when policy 
bends, who can be trusted, what quality feels like before it can 
be measured. When AI absorbs the old training work, this cur-
riculum must be rebuilt deliberately. Chapter 10 and Article 14.

Legibility. The degree to which the state can be seen whole, the ac-
tions listed, the outcomes checked, and the feedback captured. 
Chess was born legible. Code became legible through tooling. 
Enterprise work is illegible until the map and the rails expose 
enough structure. Chapter 6.

The map and the rails. The governed layer around AI. The map 
describes entities, states, cases, activities, decisions, gates, 
owners, reason codes, examples, and authority. The rails en-
force permissions and execute approved actions through tools, 
automations, systems of record, audit, and rollback. A gate is 
declared in the map and enforced by the rails. Especially Chap-
ters 6–9.

Memory versus transformation. Information available to a system 
is not the same as a history that has changed what the system is. 
Having memory is not becoming. Chapter 3.
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Multi-output test. A role may produce a visible artifact and a devel-
opmental output such as trust, mentorship, customer memory, 
or culture. Both must be examined before the role is redesigned 
or removed. Chapter 10 and Article 13.

Multiplication test. The demonstration that high-probability token 
generation is not the same as exact algorithm execution. The 
fix — calling a calculator — also identifies which component the 
system should trust with exact work. Chapter 5.

Orchestration. Two duties at two altitudes in three shapes. Coor-
dination decides what happens next; governance decides what 
becomes official. Both occur inside tasks and across processes. 
The shapes are workflow, case, and goal; they are not maturity 
levels and may be nested. Chapter 8.

Playbook work. Judgment exercised inside a playbook somebody 
else wrote. It requires real skill but is increasingly exposed once 
the work is described, checkable, and its consequences con-
tained. Chapter 10.

Process orchestrator. Machinery that holds a process’s lifecycle, 
state, handoffs, waiting, and recovery. It can coordinate every-
thing while deciding nothing. Chapter 8.

Rehearsal. Practicing or previewing consequential work in a faith-
ful replica before production. Rehearsal can accelerate evi-
dence of capability; where no faithful replica exists, production 
learning requires narrow exposure, observability, rollback, and 
a limited blast radius. Chapter 8.

Reviewer as teacher. The person at the gate does more than ap-
prove. An inspected edit, rejection, escalation, or acceptance 
with a reason captures institutional judgment. The record must 
itself be sampled and checked because judgment is not ground 
truth. Chapters 4 and 8.

Structural versus market durability. Work may be hard for the archi-
tecture to absorb without currently commanding a market premi-
um. The occupational comparisons in Chapter 10 concern struc-
tural exposure; markets reprice on their own schedule. Chapter 10.
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Tokenless. No model call during execution. AI may build or repair 
the automation, but the stable run follows declared logic with-
out spending tokens or introducing model variance. Article 3.

Tool. A controlled capability an agent or automation may call un-
der a schema, permissions, logs, an owner, and forbidden uses. 
Chapters 8 and 9.

The trust ladder. Draft, recommend, prepare, execute defined 
routine cases, then run under audit. Each rung is earned by the 
workflow’s evidence of capability, never granted because the 
model improved in general. Demotion is automatic when per-
formance falls. Chapter 8.

Two ledgers. The productivity ledger records what became faster 
and cheaper. The institutional ledger records what was lost, 
preserved, or rebuilt: trust, mentorship, customer memory, 
judgment, culture, apprenticeship, accountability. Article 12 and 
Chapter 10.

Two-way apprenticeship. Seniors teach judgment, context, taste, 
customer memory, and what the company will not do. Juniors 
teach AI-native speed, tool instinct, and impatience with obso-
lete process. Chapter 10.

Workflow. The declared description of work: entities, states, activi-
ties, decisions, gates, exceptions, owners, and consequences. A 
workflow may be implemented by automations and coordinated 
by a workflow engine. It is also the orchestration shape used 
when the path is known. Chapters 6–9.

Workflow slice. One small, consequential workflow used to begin 
the map: described with the people who run it, exceptions first, 
then published and versioned so agent, operator, reviewer, and 
auditor share the same account of the work. Chapter 9.





Sources and Further Reading

This book is not a literature review. Its central arguments are struc-
tural, but the named studies, figures, and examples should still be 
traceable. The sources below are organized by the part of the argu-
ment they support. Inclusion means the book leans on the source; 
omission is not a judgment about quality.

The empirical and operational claims
Ahola, S., and Luoma, J. (2026). “On the difficulty of using algo-

rithms to replace managers in decision making.” Industrial 
Marketing Management, 134, 198–219. Independent academic 
articulation of the gap between algorithmic decision systems 
and managerial prioritization — directly relevant to the Intro-
duction’s argument and the Chapter 1 production-failure-rate 
framing.

Brynjolfsson, E., Rock, D., and Syverson, C. (2021). “The Produc-
tivity J-Curve: How Intangibles Complement General Purpose 
Technologies.” American Economic Journal: Macroeconomics, 
13(1), 333–372. The framework for why general-purpose tech-
nologies such as AI under-deliver on near-term productivity es-
timates and over-deliver later, after complementary intangible 
investments mature. The map-and-rails argument in this book 
is a vertical application of the same logic.

Di Lillo, L., Gode, T., Zhou, X., et al. (2024). “Comparative safety 
performance of autonomous- and human drivers: A real-world 
case study of the Waymo Driver.” Heliyon, 10(14): e34379. The 
empirical record behind the safety-driver-to-no-driver pattern 
in Chapter 4 and Addendum A.
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Waymo (n.d.). Waymo Safety Impact. Retrieved August 10, 2026 
from https://waymo.com/safety/impact/; with Waymo Team 
(2024, May 21). Fleet response: Lending a helpful hand to Waymo’s 
autonomously driven vehicles. https://waymo.com/blog/2024/05/
fleet-response/. The public record behind the restricted oper-
ating-domain pattern in Addendum A, alongside the Di Lillo 
study above.

1. MIT NANDA (2025). The GenAI Divide: State of AI in Business 
2025. https://cloudelligent.com/wp-content/uploads/2026/02/
v0.1_State_of_AI_in_Business_2025_Report.pdf. The source for 
the $30–40B invested, 95% of organizations seeing zero measurable 
return, ~5% extracting significant value numbers cited in Chapter 
1. Distinguishes pilot cancellation from production ROI from 
measurable P&L impact, the three categories the book sepa-
rates explicitly to avoid the common conflation.

2. Gartner (2025, June 25). Gartner Predicts Over 40% of Agentic AI 
Projects Will Be Canceled by End of 2027 [press release]. https://
www.gartner.com/en/newsroom/press-releases/2025-06-25-
gartner-predicts-over-40-percent-of-agentic-ai-projects-will-be-
canceled-by-end-of-2027. Forecast and commentary on agentic 
AI project cancellation rates (the “more than 40% by end of 
2027” figure), the integration cost of legacy systems, and the 
workflow-redesign requirement, cited in Chapter 1 and used as 
one anchor among several for the production-failure framing.

Singla, A. et al. (2025, November 5). The state of AI in 2025: Agents, 
innovation, and transformation [survey]. McKinsey & Company. 
https://www.mckinsey.com/capabilities/quantumblack/our-in-
sights/the-state-of-ai. The finding that workflow redesign is the 
key differentiator among AI high performers — cited as align-
ment evidence in Chapter 1 and threaded through Chapter 11.

12. Azhar, A., and Warren, N. (2026, May 27). Why AI isn’t show-
ing up on your bottom line: A framework to understand your 
firm’s AI transformation. Exponential View. The book and this 
essay reach a similar architectural conclusion from different 
directions: this book from the four limits and their operating 
consequences; Azhar and Warren from the economics of gener-
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al-purpose technologies and organizational redesign. The book 
credits their loop speed competitive frame in Chapter 12.

The structural argument in Part I
3. Amodei, D. (2024). Machines of Loving Grace: How AI Could 

Transform the World for the Better. darioamodei.com. The sub-
stantive statement of the “country of geniuses in a data center” 
position Chapter 1 engages with. The “millions of Einsteins” 
formulation that has been circulating in the workforce-AI dis-
course is a compression of this position rather than Amodei’s 
own framing. The book uses Amodei’s framing in the substan-
tive engagement and the discourse compression where it ad-
dresses how the public reading has run with the claim.

4. X.Pin and CT Zhao (2026, July 23). The DeepSeek Doctrine. X.Pin. 
Liang Wenfeng interview remarks translated from the Chinese 
publication elsewhere. The DeepSeek founder’s statement of the 
per-invocation context problem quoted in Chapter 2 — the diag-
nosis the chapter shares, and the continuous-learning remedy it 
answers. Translated remarks; treat exact wording accordingly.

5. Frankfurt, H. G. (1971). “Freedom of the Will and the Concept of 
a Person.” The Journal of Philosophy, 68(1), 5–20. The first-order / 
second-order distinction Chapter 3 uses as its anchor.

Damasio, A. R. (1994). Descartes’ Error: Emotion, Reason, and the Hu-
man Brain. Putnam. The somatic-marker hypothesis referenced 
indirectly in Chapter 3’s discussion of why language production 
without embodied stake drifts toward plausible-sounding out-
put.

Valmeekam, K., Marquez, M., Sreedharan, S., and Kambhampati, 
S. (2023). “On the Planning Abilities of Large Language Mod-
els — A Critical Investigation.” Advances in Neural Information 
Processing Systems 36. The Blocksworld and Mystery Block-
sworld results Addendum A uses as its controlled experiment 
for resemblance versus reasoning: identical logic, renamed 
predicates, collapsed performance. Read alongside the same 
group’s follow-up on reasoning-trained models, which narrows 
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the collapse at heavy compute cost; the surviving core — a wide 
gap between the plain and renamed versions, growing with plan 
length — is what the argument rests on: the gap’s existence, not 
its size, since renaming changes nothing for a program and 
something for a model.

Wason, P. C. (1968). “Reasoning about a rule.” Quarterly Journal of 
Experimental Psychology, 20(3), 273–281. The four-card selection 
task in Addendum B: about one educated adult in ten solves the 
abstract version.

Griggs, R. A., and Cox, J. R. (1982). “The elusive thematic-materi-
als effect in Wason’s selection task.” British Journal of Psycholo-
gy, 73(3), 407–420. The drinking-age version of the same task: 
roughly three in four solve the identical logic once the rule lives 
in a familiar world — the human mirror of Mystery Blocksworld 
that Addendum B sets beside it.

Johnson-Laird, P. N. (1983). Mental Models. Harvard University 
Press. The account of reasoning as the construction and inspec-
tion of small internal worlds that Addendum B leans on for the 
person’s side of the mechanism.

6. Moravec, H. (1988). Mind Children: The Future of Robot and 
Human Intelligence. Harvard University Press. The source of 
Moravec’s paradox — evolutionarily ancient skills (perception, 
sensorimotor control) are computationally deep while recent 
symbolic skills are shallow — used in Chapter 4’s self-driving 
passage and echoed in Chapter 10’s status argument.

7. Xie, T., et al. (2024). OSWorld: Benchmarking Multimodal Agents 
for Open-Ended Tasks in Real Computer Environments. 38th Con-
ference on Neural Information Processing Systems. The public 
benchmark record behind the computer-use passage in Chapter 
4 and Addendum F: agents measured on routine tasks in real 
desktop applications, where completion rates remain below 
human performance as of writing — on tasks that carry none of 
the consequence structure of enterprise work.

Shojaee, P., et al. (2025). The Illusion of Thinking: Understanding 
the Strengths and Limitations of Reasoning Models via the Lens 
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of Problem Complexity [white paper]. Apple Machine Learning 
Research. The Tower of Hanoi collapse behind chapter 5’s tower 
test. Read alongside the rebuttal (Goedecke, Sean. (2025) The 
Illusion of the Illusion of Thinking. Seangoedecke.com), which 
showed part of the measured collapse was an output-length arti-
fact; the surviving core — that printing the algorithm into the 
prompt does not produce reliable execution — is what the book 
relies on.

Ruoss, A., et al. (2024). Amortized Planning with Large-Scale Trans-
formers: A Case Study on Chess. 38th Conference on Neural 
Information Processing Systems.  Appendix B.6 is the source 
for the standard-chess 2054 Elo versus Fischer Random 1539 Elo 
comparison for the 9M-parameter model — a clean published 
measure of how strongly neural chess performance depends on 
familiar structure.

Brown, N., and Sandholm, T. (2018). “Superhuman AI for heads-
up no-limit poker: Libratus beats top professionals.” Science, 
359(6374), 418–424. And Brown, N., and Sandholm, T. (2019). “Su-
perhuman AI for multiplayer poker.” Science, 365(6456), 885–890. 
The poker results behind Chapter 5’s randomized mixed-strategy 
argument and Chapter 6’s legibility pattern: hidden information 
did not protect the domain; legibility decided it.

Spinney, L. (2022, March 29). Artificial intelligence beats eight world 
champions at bridge. The Guardian. The restricted-bridge result 
Chapter 2 uses — declarer play with bidding removed, won by a 
neuro-symbolic hybrid. The full game, with the conventional bid-
ding language intact, has no superhuman system as of writing.

Tetlock, P. E. (2005). Expert Political Judgment: How Good Is It? How 
Can We Know? Princeton University Press. The anchor for the 
language-without-skin-in-the-game argument in Chapter 3.

Frankfurt, H. G. (2005). On Bullshit. Princeton University Press. The 
essay-turned-book Chapter 3 names: speech indifferent to truth, 
distinguished from lying by the liar’s need to track the truth in 
order to avoid it. Applied directly to language models by Hicks, 
Humphries, and Slater (2024), “ChatGPT is bullshit,” Ethics and 
Information Technology, 26(38).
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Jumper, J., et al. (2021). “Highly accurate protein structure predic-
tion with AlphaFold.” Nature, 596, 583–589. Cited in Addendum 
G as the pattern’s largest instance: decades of crystallograph-
ically solved structures as the answer key — nature’s own ver-
dicts — behind the system’s training.

Lin, B. Y., et al. (2025). ZebraLogic: On the Scaling Limits of LLMs for 
Logical Reasoning. arXiv:2502.01100. The logic-grid-puzzle epi-
sode in Addendum G: sharp early failure, then rapid collapse of 
the resistance once puzzles with attached answers could be gen-
erated at scale — the manufactured-verifier lesson in miniature.

Bean, A. M., et al. (2024). LINGOLY: A Benchmark of Olympiad-Level 
Linguistic Reasoning Puzzles in Low-Resource and Extinct Lan-
guages. arXiv:2406.06196. The linguistics-Olympiad evidence in 
Chapter 6: frontier models score well below human medalists, 
and further below when orthography is obfuscated so retrieval 
cannot substitute for rule induction.

Fodor, J., and Pylyshyn, Z. (1988). “Connectionism and Cognitive 
Architecture: A Critical Analysis.” Cognition, 28, 3–71; with 
Marcus, G. (2001), The Algebraic Mind. The MIT Press. The sys-
tematicity and variable-binding critique Addendum G names: 
rule-following requires exact substitution over symbols, which 
learned soft matching approximates rather than performs.

Power, A., et al. (2022). Grokking: Generalization Beyond Overfitting 
on Small Algorithmic Datasets. arXiv:2201.02177; with Graves, 
A., et al. (2016), “Hybrid computing using a neural network 
with dynamic external memory.” Nature, 538, 471–476. These 
papers demonstrate the two internal-faculty results Addendum 
G grades: exact rules can crystallize in tiny densely covered 
worlds, and directly engineered memory-and-algorithm archi-
tectures learned toy procedures without scaling.

Lake, B., and Baroni, M. (2023). “Human-like systematic general-
ization through a meta-learning neural network.” Nature, 623, 
115–121. The manufactured-prior direction in Addendum G: 
training on generated rule systems produces systematic behav-
ior at small scale, and the generation of those systems presup-
poses the instinct being taught.
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LeCun, Y. (2022). A Path Towards Autonomous Machine Intelligence. 
https://openreview.net/pdf?id=BZ5a1r-kVsf; with Assran, M., 
et al. (2023). “Self-supervised learning from images with a 
joint-embedding predictive architecture.” arXiv:2301.08243; 
and Chen, C. (2026, January 22). Yann LeCun’s new venture is a 
contrarian bet against large language models. MIT Technology 
Review.  The third direction that labs are trying, discussed in 
Addendum G, specifically Yann LeCun’s pursuit. The internal-
ization counter-program Addendum A names: predictive world 
models learned in representation space, aimed at state and 
planning rather than exact execution. Cited as the strongest cur-
rent bet against the joining thesis — and for where its success 
would still leave the architecture.

The workforce evidence in Chapter 10
11. L. Rachitsky (Host). (2026, July 19). Why Netflix is betting on 

systems thinkers—not specialists—in the AI era [audio podcast 
episode]. In Lenny’s Podcast. The zoom-out-one-level habit cited 
in Chapter 10, and the observation that AI-era organizations 
converged on the culture traits Netflix wrote down two decades 
earlier.

Chapter 10’s calibration note says the early labor-market evidence 
is mixed and points in different directions. These are the stud-
ies on both sides:

Brynjolfsson, E., Chandar, B., & Chen, R. (2025, November 13) 
Canaries in the Coal Mine? Six Facts about the Recent Employment 
Effects of Artificial Intelligence [working paper]. Stanford Digital 
Economy Lab. https://digitaleconomy.stanford.edu/publica-
tions/canaries-in-the-coal-mine/. Found employment declines 
among workers aged 22–25 in the most AI-exposed occupations 
while older workers in the same occupations grew — read by 
the authors as early evidence of AI-driven compression on ju-
nior labor.

Levanon, G., Sigelman, M., Mamertino, M., de Zeeuw, M., & Guil-
ford, G. (2025, July). No Country for Young Grads: The Struc-
tural Forces That Are Reshaping Entry-Level Employment. The 

https://openreview.net/pdf?id=BZ5a1r-kVsf
https://digitaleconomy.stanford.edu/publications/canaries-in-the-coal-mine/
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Burning Glass Institute. https://www.burningglassinstitute.org/
research/no-country-for-young-grads. Labor-market analyses 
arguing the recent-graduate employment deterioration reflects 
AI-powered expertise upheaval combined with lean staffing and 
a graduate-supply glut.

Emanuel, N., Harrington, E., & Pallais, A. (2026, June 1). Remote 
work leaves younger workers sidelined. Liberty Street Economics, 
Federal Reserve Bank of New York. https://libertystreeteconom-
ics.newyorkfed.org/2026/06/remote-work-leaves-younger-work-
ers-sidelined/ Argues much of the recent deterioration in young 
white-collar employment may be explained by remote work 
rather than AI exposure, and that earlier AI-exposure findings 
may partly pick up the same confound. The principal counter-
weight to the AI-attribution studies above.

J. Becker, et al. (2025, July 10). Measuring the Impact of Early-2025 
AI on Experienced Open-Source Developer Productivity. METR. 
Working with early-2025 AI tools on their own repositories 
made experienced open-source developers  roughly 19 percent 
slower, although METR cautions that continued research in this 
space has led them to believe that these historical results no 
longer reflect the current impact of AI models on open-source 
developer productivity. The counter-example to the simple “AI 
makes everyone faster” story, and the caution behind the chap-
ter’s refusal to quote a productivity multiplier.

The map, the rails, and the platform vendor 
positions in Part II
Anthropic. (n.d.). Claude Code overview. Claude Code Documenta-

tion. https://code.claude.com/docs/en/overview (Skills: https://
code.claude.com/docs/en/skills) Used as the public example of 
an advanced agent with a harness: codebase access, file editing, 
command execution, tool loops, deterministic hooks, and inte-
gration with existing developer tools.

OpenAI. (n.d.). Codex. https://learn.chatgpt.com/codex (cloud envi-
ronments: https://learn.chatgpt.com/codex/cloud).  Used as the 
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second public example of the same pattern: advanced agents 
operating inside controlled environments with tools, workspaces, 
checks, feedback loops, and human steering.

The operator examples described in Chapter 9 are based on public 
materials and operator reports rather than on any single indus-
try benchmark:

Palantir. (n.d.). AIP Logic overview; Action types overview; Ontology 
building overview. Palantir Foundry Documentation. https://
www.palantir.com/docs/foundry/logic/overview; https://www.
palantir.com/docs/foundry/action-types/overview; https://www.
palantir.com/docs/foundry/ontology/overview A developed 
example of actions becoming first-class inside an enterprise 
ontology.

Anthropic Frontier Red Team. (2026, April 7). Assessing Claude 
Mythos Preview’s cybersecurity capabilities. https://www.anthrop-
ic.com/research/mythos-preview and Anthropic (2026, April 7). 
Project Glasswing: Securing critical software for the AI era. https://
www.anthropic.com/glasswing public materials on frontier 
vulnerability-discovery capability and the decision to restrict 
release. Cited in Addendum G as the clearest contemporary case 
of the verifier thesis: offensive security is a free-verifier, ze-
ro-consequence domain for the attacker, and defense is neither.

8. Stripe (n.d.). Sandboxes. Stripe Documentation. https://docs.
stripe.com/sandboxes (companions: https://docs.stripe.com/
test-mode, https://docs.stripe.com/testing) A useful public 
example of a high-fidelity rehearsal environment in which 
developers can practice without production consequence — the 
existence proof in Chapter 8 that safe rehearsal can be shipped 
as product, even where the state at stake is money.

9. Ramp. (n.d.). Policy Agent overview. Ramp Help Center. https://
support.ramp.com/hc/en-us/articles/44072387128979-Pol-
icy-Agent-Overview; with Ramp. (2026, January 13). How 
1,000+ teams automated expense reviews — and eliminated hidden 
risk. Ramp Blog. https://ramp.com/blog/ramp-policy-agent-
ga-launch. Public materials and operator reports on the ex-
pense-policy agent described in Chapter 9 and the reported 
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reduction of manual review by about 85 percent; treat it as a 
vendor-reported figure.

10. Dorsey, J., & Botha, R. (2026, March 31). From hierarchy to intelli-
gence. Block. https://block.xyz/inside/from-hierarchy-to-intelli-
gence. Public descriptions of the “economic graph” — the living 
map its products write into — as described in Chapter 9.

McVeety, S., & Hormati, A. (2026, June 12). Introducing the Open 
Knowledge Format. Google Cloud Blog. https://cloud.google.com/
blog/products/data-analytics/how-the-open-knowledge-format-
can-improve-data-sharing. An open, vendor-neutral specification 
for organizational knowledge as a directory of linked plain-mark-
down pages, readable by people and agents alike — an early pub-
lic proposal for the wiki-style authoring of map-like descriptions.

Further reading
Gartner (2026, May 26). Gartner says applying uniform governance 
across AI agents will lead to enterprise AI agent failure [press release]. 
https://www.gartner.com/en/newsroom/press-releases/2026-05-26-
gartner-says-applying-uniform-governance-across-ai-agents-will-
lead-to-enterprise-ai-agent-failure. Further reading on matching 
governance to the authority and risk of the work rather than treat-
ing every agent as one category.

Wolpert, D. H. (1996). “The Lack of A Priori Distinctions Between 
Learning Algorithms.” Neural Computation, 8(7), 1341–1390. The 
optimization companion is Wolpert, D. H., and Macready, W. G. 
(1997), “No Free Lunch Theorems for Optimization,” IEEE Transac-
tions on Evolutionary Computation, 1(1), 67–82.
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