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"The single biggest frustration developers report with AI coding tools is
output that is almost right, but not quite."
— Stack Overflow Developer Survey, 2025 (66% of respondents)
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A Note on Sources
Every factual claim in this book is traced, where possible, to the strongest source I could get my hands on: the study itself, the court filing, the company's own statement, the survey with its sample size attached, the government document, or the incident report.
That isn't an academic decoration. It's the argument of the book applied to the book.
If I'm going to spend the next eighteen chapters telling you that plausible output needs to be checked, then I don't get to hide the caveats that make my own argument less dramatic. Where the evidence is thin, I say so. Where a study has been criticized, I give you the criticism. Where I'm offering an interpretation instead of a fact, I label it.
And if something in here turns out to be wrong, I want to know.
That's the whole point.
Why I Started Checking
I didn’t come to this subject as an engineer, an academic, or somebody looking for a reason to distrust artificial intelligence.
I came to it as a simple user.
I spent most of my adult life in sales. I didn’t have an engineering degree. I wasn’t some master computer whiz. I sat down one day and started playing with a thing that I thought was cool.
I was editing photos, screening large amounts of information, and doing all the awesome things that basic, everyday people were discovering they could do with AI. And I wasn’t sitting behind some elaborate computer setup.
I was using my cell phone.
Just a simple app on a simple phone.
I learned very quickly that AI had some really neat features. Then I learned that it could do things I never expected. I could produce software and business systems that previously would have required several people with skills I simply did not possess.
The capability was amazing.
But so were the problems.
I learned very quickly that producing something and knowing whether it was the right thing—or whether it actually worked—are completely different jobs.
This amazing machine could generate faster than I could inspect. It could give me an answer that looked finished while leaving behind a small failure that I didn’t even know to look for. The more capable the output became, the easier it was to mistake plausibility for verification.
Suddenly, I found myself spending countless hours checking work that the machine had taken only seconds to produce.
That’s when I realized there was a major problem.
And that became the question behind this book:
What happens when production becomes nearly instantaneous, but judgment does not follow?
I went searching for the answer in a lot of different places. I researched software, law, medicine, education, labor economics, security, and aviation. Eventually, I went all the way back and researched the history of artificial intelligence itself.
What I found surprised me.
The problems I was dealing with weren’t isolated problems. Versions of them were showing up everywhere. Researchers, professionals, companies, and institutions were reporting them in different forms and different industries.
What I couldn’t understand was why more people weren’t demanding a solution.
Eventually, I started to understand why.
That is what this book is about: how things got this far, why an incredibly useful machine can also produce incredibly convincing mistakes, and what happens when our ability to create begins moving faster than our ability to check what we created.
This is not an argument to stop using AI.
That would be foolish.
I use AI. I’d use it again and again. I’m using it right now.
The argument I’m making is that we have to preserve the thing this technology still depends on: the people and systems capable of recognizing when an answer that looks absolutely right is not right.
Because when the consequences actually matter, there is one principle we cannot afford to forget:
Almost right is still wrong.
A Note on What This Book Is — and Isn’t
Doing the research, I quickly realized that there were two easy books I could have written.
One book says artificial intelligence is going to save the world.
The other says artificial intelligence is going to destroy it.
Either book would have been simpler to write. But neither is the book the evidence gave me.
The systems described in these pages are genuinely useful. They make some workers faster. They help beginners and average Joes just like me perform tasks that previously required more experience. They can expand access to knowledge, lower the cost of creating software, and give an ordinary person leverage that would have looked absurd just a few years ago.
But the evidence also points out something very clearly:
The machine makes mistakes.
That fact alone isn’t particularly interesting. People make mistakes. It happens. That’s what we do as humans.
The interesting part is the combination: these systems can produce professional-looking work at enormous speeds while remaining unreliable in ways that can be extremely difficult to detect from the appearance of their output alone.
That changes everything.
It changes the economics of checking. It changes our ability to distinguish fact from fiction. It changes responsibility. And it changes what expertise is for.
As humans, we sometimes fall back on the excuse, I’m only human. And you know what? That’s okay. We understand that people are imperfect.
But when we put our faith in a machine that is marketed as being above human capability—superhuman, revolutionary, absolutely amazing—then the product needs to match the confidence we place in it.
This book is an attempt to follow the consequences of that gap without pretending the evidence is cleaner than it actually is.
Some of the evidence is experimental. Some is observational. It comes from labor-market administrative data, court records, incident reports, professional surveys, security benchmarks, institutional guidance, and other forms of documented evidence.
Those forms of evidence do not deserve identical confidence.
When a randomized trial establishes a result in a narrow setting, I try to keep the claim narrow. When an observational study shows an association, I don’t want to call it causation. When a vendor benchmark reports a failure rate, I treat it as a benchmark result rather than a universal law.
That standard matters because this book is about verification.
It would be ridiculous to argue that plausible output should be checked and then hide the caveats that make my own argument less dramatic.
So read the numbers as evidence, not decoration.
Read the stories as examples, not proof that every organization behaves the same way.
Read the predictions for what they are: predictions.
And where the evidence changes, the conclusions should be allowed to change with it.
That last part matters especially in AI.
Technology is moving quickly enough that a benchmark can become stale while a book is still being edited. METR’s early-2025 developer study found a slowdown in one population and setting. Its later work suggested newer tools may be faster, while also warning that selection effects made that later estimate weak.
The correct response isn’t to choose whichever result best fits the thesis.
It’s to preserve the timeline.
Because the question underneath the changing benchmark is much more durable:
When machines become capable of producing more work, what happens to the systems that determine whether that work deserves to be trusted?
That question survives whether the next coding model is twenty percent faster or two hundred percent faster. It doesn’t matter.
The faster the generator becomes, the more urgent the verification question should become with it.
I’m not arguing that every task needs an expert committee. Most of what people do with AI today is relatively low stakes. If a restaurant recommendation is bad, that’s fine. Eat somewhere else. If the first draft is clumsy, rewrite it. If a brainstorming list contains nonsense, delete the nonsense.
Not much consequence.
Verification should be proportional to consequence.
The problem begins when that same casual relationship with generated output migrates into software, law, medicine, finance, education, public policy, security, or any system where an error can travel farther than the person who clicked the Generate button.
That is where almost right stops being an annoyance.
It becomes an operating condition.
And when that condition spreads across enough systems, it starts to look like an epidemic.
The rest of this book is about what to do with that condition.
The distinction I want you to carry forward is simple:
Output is not verification. Fluency is not evidence. Assistance is not competence. Oversight is not validated merely because a human name appears at the end of the process.
These things can overlap. They are absolutely not interchangeable.
That sounds obvious when it’s written plainly. But in practice, modern AI products are extraordinarily good at making those distinctions disappear. They collapse research, drafting, explanation, calculation, recommendation, fact-finding, and presentation into one smooth interaction.
The convenience is the product.
The danger is that the user can lose track of which step actually established the truth of the answer.
That’s where the problem begins.
Throughout the chapters that follow, watch for the handoff. Watch the moment when generated material becomes relied-upon material.
That is where the economics, the liability, the training problem, and the verification problem all meet.
Don’t stop the machine.
Don’t worship the machine.
Build the safeguards. Build the checks. And keep checking the checks.
We should not freeze today’s rules around tomorrow’s technology. We need to preserve a method: measure what the system actually does, identify what matters when it fails, maintain independent ways to detect those failures, and change the controls when the evidence changes.
And when these systems scale, the safeguards have to scale with them.
When machines produce more, we have to become better at checking more. When their outputs travel farther, the systems responsible for verification have to become stronger. The speed of generation cannot be allowed to become an excuse for weakening the standard of proof.
A verification culture is not suspicious of progress.
It is how real progress becomes dependable enough to trust.
PART I — THE GUESSING MACHINE
Chapter 1
The Bet at Dartmouth

If you’re like me, I once thought AI was a new technology.
I learned pretty quickly that it started a long time ago.
Today is August 31, 2026. And believe it or not, today marks exactly 71 years since one of the defining events in the birth of artificial intelligence.
On August 31, 1955, four men put their names on a proposal for a summer research project and sought support from the Rockefeller Foundation. The surviving typescript runs seventeen pages plus a title page—not the tidy two-page origin story it is sometimes reduced to.
They were not cranks. John McCarthy was a young mathematician at Dartmouth. Marvin Minsky was at Harvard. Nathaniel Rochester had helped design IBM's first commercial scientific computer. Claude Shannon, at Bell Telephone Laboratories, had already invented the mathematics that every phone call, every hard drive, and every internet packet still runs on. If you wanted four people in 1955 who understood what a machine could and could not do, you would have had a hard time doing better.
Here is what they wrote:
"We propose that a 2 month, 10 man study of artificial intelligence be carried out during the summer of 1956 at Dartmouth College in Hanover, New Hampshire. The study is to proceed on the basis of the conjecture that every aspect of learning or any other feature of intelligence can in principle be so precisely described that a machine can be made to simulate it. An attempt will be made to find how to make machines use language, form abstractions and concepts, solve kinds of problems now reserved for humans, and improve themselves. We think that a significant advance can be made in one or more of these problems if a carefully selected group of scientists work on it together for a summer."
Read that last sentence again. A summer.
They asked the Rockefeller Foundation to cover it. The budget included salaries of $1,200 for each faculty-level participant who wasn't already being paid by somebody else. McCarthy and Shannon had already gone to New York that June to sit down with a man named Robert Morison at the foundation and make the case in person.
The document is the first time the phrase "artificial intelligence" appears in the historical record. McCarthy picked the name. He needed something that would sound like a field, not a hobby, and he needed it to not sound like anyone else's field. It worked. Seventy-one years later, that name is on the front page of every newspaper on earth, attached to companies worth more than the economies of most countries.
But I want you to sit with the bet itself, because the bet is the whole story.
Four of the smartest people alive looked at the problem of human intelligence — language, abstraction, concepts, the ability to improve yourself — and estimated that ten people could make "a significant advance" on it in ten weeks. Not solve it. They were careful about that. But make real progress. Over a summer. In New Hampshire.
They were off by roughly seven decades. And I would argue they are still off, in a way that matters more now than it did then, because in 1956 the only thing riding on the bet was a Rockefeller grant. Today it's your job, your kid's homework, your doctor's judgment, and the software that holds your bank balance.
What happened that summer
Not much, and that's not an insult.
The workshop happened. Eleven people were originally planned to attend; more than ten others drifted through for shorter visits over the course of the summer. Some of the names on the guest list would go on to define the field for the next fifty years. They argued. They wrote on chalkboards. They disagreed about what "thinking" even meant and about whether the problem was mostly logic or mostly learning.
There was no final report.
I want to be fair to them, because this book is going to be hard on a lot of people who deserve it, and these four don't. They were doing what scientists are supposed to do: take a wild idea seriously enough to test it. The Dartmouth proposal is one of the most consequential documents of the twentieth century precisely because it was wrong in an interesting way. It set the agenda. Every argument you will hear about AI in 2026 — can it think, does it understand, will it replace us, is it dangerous — was on a chalkboard in Hanover in the summer of 1956.
But I also want you to notice something about the shape of the bet, because you're going to see this shape again and again in the chapters ahead, and it's going to cost real people real money and real careers.
The bet was: intelligence is describable, therefore intelligence is buildable, therefore we are close.
The first part is a philosophical position. The second is an engineering claim. The third is a sales pitch. And the trick — the thing that has been happening for seventy years — is that people who believe the first part let it carry them straight through to the third without stopping to check whether the second is true.
Before Dartmouth: the man who asked the question
The conjecture didn't come from nowhere. Six years earlier, in October 1950, a British mathematician named Alan Turing published a paper in the philosophy journal Mind. It's called "Computing Machinery and Intelligence," and it opens with a question that Turing himself immediately says is too muddy to answer: Can machines think?
Turing's move was to replace the question with a game. Put a person in one room and a machine in another. Let a judge in a third room type questions to both and read their typed answers. If the judge can't reliably tell which one is the machine, then — Turing argued — arguing about whether the machine "really" thinks is a waste of everyone's time. It's doing the thing. What else do you want?
This is the imitation game, and it has been misread for seventy-five years, so let me say plainly what it is and isn't.
It is not a definition of intelligence. Turing knew that. It is a test of indistinguishability — of whether a machine's output can pass for a human's. Turing proposed it because he thought the philosophical argument was unwinnable and the practical question was the only one worth having.
Hold onto that, because it's the seed of everything. From the very first serious paper in the field, the goal was not "build a machine that understands." The goal was "build a machine whose output you can't tell apart from someone who understands."
In 1950 that seemed like the same thing. In 2026 it is the single most important distinction in your life, and almost nobody talks about it.
1958: The Navy's machine that would be conscious
Two years after Dartmouth, the bet got its first press tour.
On July 7, 1958, a psychologist named Frank Rosenblatt gave a demonstration in Washington. Rosenblatt worked at the Cornell Aeronautical Laboratory, and the Office of Naval Research was paying for his work. He had built something he called a perceptron — a machine that could learn to tell the difference between simple patterns by adjusting its own internal weights when it got an answer wrong. It was, in the plainest sense, a machine that got better with practice. That was new.
The next morning, The New York Times ran the story under the headline "NEW NAVY DEVICE LEARNS BY DOING." The subhead promised a computer "Designed to Read and Grow Wiser."
Here is the first sentence, verbatim:
"The Navy revealed the embryo of an electronic computer today that it expects will be able to walk, talk, see, write, reproduce itself and be conscious of its existence."
The Navy. Expects. Conscious of its existence.
The article went on to describe the first full perceptron as a machine with about a thousand "association cells," fed by an eye-like device of 400 photocells, estimated to cost around $100,000 to build. The New Yorker weighed in too, calling it "the first serious rival to the human brain ever devised."
Now — what had Rosenblatt actually built?
A machine that could learn to sort simple visual patterns into two piles. Left from right. Square from triangle. It was a genuine scientific achievement, and Rosenblatt's paper describing the mathematics, published that same year in Psychological Review, is a real piece of work. The idea inside it — that you can build a network of simple units, show it examples, and let it adjust itself until it gets the answers right — is the direct ancestor of every AI system you have used this week.
But the distance between "sorts simple patterns into two piles" and "conscious of its existence" is not a gap in engineering. It is a gap in honesty. And that gap was not created by Rosenblatt's machine. It was created by the people describing Rosenblatt's machine to the public — a funding agency, a newspaper, a magazine — each of whom had a reason to make it sound bigger than it was.
I sold things door to door for a living before I ever touched any of this. I know what a pitch sounds like. That first sentence in the Times is a pitch. It's a very good one. And it set the template that the AI industry has followed, with remarkable discipline, for sixty-eight years:
Build something real. Describe something imaginary. Let the reader close the gap themselves.
You might be wondering why a book about AI opens with a grant proposal and a newspaper clipping from the Eisenhower administration.
That’s a simple question to answer.
Every time you read a headline about AI in 2026—a CEO saying it will eliminate half of all entry-level jobs, a researcher saying it will make us all smarter, a lab saying its new model is “approaching” something-or-other—you are reading a descendant of that Times article.
The genre was invented in 1958. The structure has never changed. Something real gets built. Something enormous gets promised. The gap between the two is where the money is, and the gap is your problem, not theirs.
And there’s a second reason, which is the one this whole book is about.
The Dartmouth proposal set out to make machines that could "use language, form abstractions and concepts, solve kinds of problems now reserved for humans." Turing's test only asked that the machine be indistinguishable from someone who could. Rosenblatt's perceptron did neither — it learned to give the right output on simple patterns, without anything inside it that you or I would call a concept.
Guess which of those three the industry actually built.
Not the Dartmouth version. Not a machine that forms concepts. The Turing-Rosenblatt version: a machine that produces output you can't tell apart from a person's, by adjusting itself until its answers look right.
That is not a criticism. It is a description. And it has a consequence that the next three chapters will spell out, but that I'll give you now so you can carry it with you:
A machine built to produce answers that look right will, by design, produce answers that look right when they are wrong.
That is not a bug somebody forgot to fix. It is the finish line the field was running toward since 1950, and in 2022 it crossed it.
In September 2025, OpenAI — the company that put this technology in front of the world — published a research paper on why its own systems make things up. The paper's explanation, in its own words, was that these models "hallucinate because the training and evaluation procedures reward guessing over acknowledging uncertainty." The paper opens with a comparison I'll ask you to remember: like students facing hard exam questions, the models guess when they don't know, "producing plausible yet incorrect statements instead of admitting uncertainty."
Plausible yet incorrect. Almost right.
The men at Dartmouth thought they were describing intelligence. What they were actually describing — what the whole field would spend seventy years perfecting — was a machine for producing plausibility. It turns out plausibility is enormously valuable. It turns out you can sell it for hundreds of billions of dollars. And it turns out that a society which stops being able to tell plausibility from truth is in a very specific kind of trouble that nobody in Hanover in 1956 was thinking about, because in 1956 there were still going to be humans checking the work.
This book is about what happens when the humans are no longer checking the work.
That’s the equivalent of letting the fox guard the henhouse.
The perceptron got its press tour in 1958. Eleven years later, Marvin Minsky — one of the four names on the Dartmouth proposal — co-wrote a book that proved, mathematically, what a machine like Rosenblatt's couldn't do. The funding dried up. The field went into what its own people still call a winter.
It came back. It went into a second winter. It came back again — and the thing that finally brought it back was not a better idea about intelligence. It was more data and more chips than anyone in 1956 could have imagined. Which is a fact the industry would prefer you not dwell on, for reasons that will become obvious.
Let’s dive into those reasons.
Sources for this chapter: McCarthy, Minsky, Rochester & Shannon, "A Proposal for the Dartmouth Summer Research Project on Artificial Intelligence," dated August 31, 1955 (archived at Stanford; reprinted AI Magazine 27(4), 2006). Turing, "Computing Machinery and Intelligence," Mind 59(236), October 1950. The New York Times, "New Navy Device Learns by Doing," July 8, 1958. Rosenblatt, "The perceptron: a probabilistic model for information storage and organization in the brain," Psychological Review 65(6), 1958. Kalai, Nachum, Vempala & Zhang, "Why Language Models Hallucinate," arXiv:2509.04664, September 4, 2025.
Chapter 2
Two Winters

In 1969, one of the four men who signed the Dartmouth proposal killed the machine that had gotten the field its first headlines.
Marvin Minsky, with his MIT colleague Seymour Papert, published a book called Perceptrons. It is a mathematics book, dense and careful, and its most important result is a proof of what Frank Rosenblatt's machine could not do. A single layer of those self-adjusting units — the thing the Navy said would become conscious — could not learn certain simple patterns no matter how long you trained it. Not "hadn't yet." Couldn't.
Minsky and Papert were right. The math holds. And the effect on the field was roughly what happens to a sales office when the top producer walks in and announces that the product isn’t working.
All the money walks out the door.
This is the first thing to understand about the history of artificial intelligence, and it’s the thing the industry wants you to look past:
The field has collapsed not just once, but twice.
Collapsed. Not slowed. Completely collapsed.
Funding gets cut. Labs get closed. Everything comes to a grinding halt. The phrase artificial intelligence itself became something researchers avoided putting on grant applications because it marked you as somebody associated with a field that had overpromised.
The people who lived through these periods called them AI winters.
That term is still in use, actually, because the people who use it are still waiting to see whether there will be a third.
The first winter
The perceptron's collapse in the United States was matched, almost on schedule, in Britain. In 1973, the UK government asked a mathematician named James Lighthill to evaluate the state of AI research and report on whether it deserved continued public funding. Lighthill's report, published by the Science Research Council in 1973, put its verdict in one sentence: "In no part of the field have the discoveries made so far produced the major impact that was then promised." Historians have summarized his charge as AI failing to meet its "grandiose objectives," and the effect was the same either way: British funding for AI research was gutted for the better part of a decade.
In the U.S., the Defense Department's research arm — the main source of money since the beginning — pulled back sharply in the mid-1970s. The pattern was the same everywhere: a decade of promises measured against a decade of demos, and the promises lost.
So what went wrong?
Some people would say nothing. Some people would say everything.
The researchers of the 1950s and ’60s had done real science, and they learned real things. But what went terribly wrong was the bet—the same bet from Chapter 1:
Intelligence is describable, therefore intelligence is buildable, therefore we are close.
They’d been running on that third clause for fifteen years and never delivered the second.
They had not figured out how to build intelligence.
The second winter
The field came back in the 1980s with a new idea and a new pitch. The idea was the "expert system": instead of trying to build general intelligence, you would sit down with a human expert — a doctor, a chemist, a loan officer — write down their decision rules as a long list of if-then statements, and put that list in a computer. The computer would then make expert decisions without the expert.
It worked, sort of, in narrow places. Companies bought it. Japan launched a national program, the Fifth Generation Computer Systems project, in 1982, with the stated aim of leaping past the United States in intelligent computing within a decade.
By the early 1990s it was over again. The expert systems turned out to be brittle — they broke the moment a situation fell outside their rules — and expensive to maintain, because the rules had to be rewritten by hand every time the world changed. Japan's Fifth Generation project wound down in 1992 without the leap. The companies that had sold expert systems either folded or quietly renamed what they did. Second winter.
I want to pause on the expert systems, because they're the closest ancestor to the thing you're using today, and the way they failed is instructive.
An expert system was, literally, a human expert’s judgment written down and run by a machine.
It didn’t have its own judgment or a mind of its own. It had a recording of someone else’s behaviors, someone else’s decisions, someone else’s examples.
When the recording matched the situation, it could be as good as the expert. But when it didn’t, it could be worse than a first-year trainee. Because at the very least, even a trainee knows when they’re out of their own depth.
The expert system had no idea.
It just applied the rules. It gave you an answer with the same exact confidence whether it was completely right or catastrophically wrong.
Remember that, because this isn’t a new phenomenon. This problem has been there from the beginning.
And we’re going to take a look at a much more powerful version of that exact failure in Chapter 4.
Now, if that doesn’t make you uneasy, here’s the part that should.
The idea that was sitting there the whole time
While the expert-system money was flowing, a small number of researchers kept working on Rosenblatt's discredited idea: networks of simple units that adjust themselves. Minsky and Papert had proven a single layer couldn't learn much. But what about many layers, stacked? The problem was that nobody had a good method for training the deeper layers — for figuring out which of thousands of internal connections to adjust when the final answer came out wrong.
In 1986, three researchers — David Rumelhart, Geoffrey Hinton, and Ronald Williams — published a paper in Nature describing a method that did exactly that. It's called backpropagation. In plain terms: when the network gets an answer wrong, you measure how wrong, and you push that error backward through every layer, nudging each connection a little in the direction that would have made the answer less wrong. Do that millions of times and the network learns.
That paper is the technical foundation of every AI system you've used this week. It was published forty years ago.
Three years later, in 1989, a researcher named Yann LeCun used a version of the technique to get a network to read handwritten digits — the kind on the front of a check. In 1997, two German researchers, Sepp Hochreiter and Jürgen Schmidhuber, published a design called the Long Short-Term Memory network that let these systems handle sequences — text, speech, anything where order matters.
So by 1997, the core ideas were in print. The methods worked. The people who would later win the field’s highest prizes for them were already publishing.
And almost nobody cared, because the networks were too small and too slow to do anything a customer would pay for. The researchers who stuck with it through the 1990s and 2000s did so on thin funding and thinner respect. Hinton has said, in interview after interview, that for years he could barely get his students’ papers accepted at the field’s own conferences.
So the idea wasn’t the bottleneck. It had to have been something else.
Let’s look at what actually changed.
In 2012, a graduate student of Hinton’s named Alex Krizhevsky entered a competition.
The competition was called the ImageNet Challenge. Researchers were given a dataset of millions of photographs, each labeled with what it showed — a dog, a truck, a mushroom — and asked to build software that could label new photographs it had never seen. Every year the best teams in the world competed. Every year the error rates crept down by a point or two.
Krizhevsky, with Ilya Sutskever and Hinton, entered a deep neural network — many layers, trained with the 1986 method — that had been trained on graphics cards built for playing video games. Their system's top-five error rate was 15.3 percent. The next-best entry in the competition came in at 26.2 percent.
That is not a creep. That is the floor falling out. In one year, one team cut the error rate nearly in half using an idea that had been sitting in the literature since the Reagan administration.
Within two years, essentially every serious team in the competition had switched to deep neural networks. Within five, the technique had spread to speech, to translation, to medicine. The second winter ended not with a new idea about intelligence but with a graduate student, a pile of gaming hardware, and a dataset big enough to matter.
And that brings me to the question this chapter exists to ask:
If these ideas were already there in 1986 and 1997, why didn’t anything happen until 2012?
The answer is simple. The ideas were never the constraint.
The two things standing in the way were the amount of data you could feed the network and the amount of computing power you could throw at training it.
In 1997, neither existed at the necessary scale. But by 2012, both did. The internet had produced an ocean of labeled photographs and text, and almost by happenstance, the video-game industry had built the chips necessary to process it.
Let me backtrack here, because I don’t want to minimize what happened during those years.
Plenty happened. There were real inventions, better ways to train deep networks, better architectures, and an enormous amount of hard engineering. The researchers didn’t just put their books away and say, Forget it. Let’s wait until the technology exists.
They kept working.
It’s just that none of those advances amounted to a new theory of intelligence. They were increasingly better answers to a different question:
How do we make this thing bigger without it completely falling over?
The field got much better at scaling. The world got bigger. And eventually, the old methods finally had enough data to eat—and enough computing power to actually eat it.
2017: The Paper That Built the Thing You Use on Your Phone
Five years after ImageNet, eight researchers at Google published a paper with the least modest title in the history of the field: Attention Is All You Need.
The paper introduced a network design called the Transformer.
I’m not going to walk you through the architecture because it’s not necessary to understand. What you do need to understand is what it was for.
The Transformer was extraordinarily good at one task: given a sequence of words, predict what comes next. And it was designed so that you could make it bigger—more layers, more connections, more training data—and it would keep getting better at that task without immediately hitting the scaling walls earlier approaches had faced.
The T in ChatGPT stands for Transformer. So does the T in GPT-4, GPT-5, and every other GPT model named like them.
Anthropic’s Claude. Google’s Gemini. Meta’s Llama.
All of them use Transformer-based architectures.
And all of them descend from the breakthrough introduced in that 2017 paper. At their foundation, they perform the same fundamental operation at an enormous scale: predict what token comes next.
Most of the eight authors have since left Google. Several went on to found companies, some of which became worth billions of dollars.
A paper about predicting what comes next turned out to be one of the most valuable documents Silicon Valley has ever produced.
The prize and the resignation
In 2018, Geoffrey Hinton shared the Turing Award—computing’s equivalent of the Nobel Prize—with Yann LeCun and Yoshua Bengio, for work the field had ignored for decades.
In October 2024, Hinton received the actual Nobel Prize in Physics, shared with John Hopfield, for foundational work on neural networks.
But between those two honors, something remarkable happened.
On May 1, 2023, The New York Times reported that Hinton had resigned from Google. He had worked there for a decade. He left so that he could speak openly about the risks of the technology he had spent his life building.
Understand what happened here.
The man who helped keep this idea alive through the AI winters had decided that the public needed to hear his doubts about the spring.
He told the Times that part of him now regretted his life’s work.
“I console myself with the normal excuse,” he said. “If I hadn’t done it, somebody else would have.”
And:
“It is hard to see how you can prevent the bad actors from using it for bad things.”
On the speed of what he had helped build:
“I thought it was 30 to 50 years or even longer away. Obviously, I no longer think that.”
What does it say about a technology when one of the people most responsible for building its foundations walks away from one of the most powerful companies developing it so that he can speak freely about its risks?
Note the shape of it.
One of the most important living contributors to this technology decided, six months after ChatGPT launched, that one of the most valuable things he could do with his remaining reputation was warn people about what could go wrong.
And notice the excuse he reached for:
Somebody else would have.
If it wasn’t me, somebody else would have done it.
Think about how many times human beings have used some version of that justification when they knew something carried consequences but continued anyway.
Because you’re going to hear that same excuse, in one form or another, from almost everyone in the next chapter.
What the winters teach
So what do the winters teach us?
Here’s what I take away from all of this.
First: the industry has been completely wrong about timelines before. Not just once, but twice. And not by a little. Catastrophically.
The people running the industry today were not around for either of those collapses. The current generation of AI executives built their careers almost entirely inside the spring that began in 2012.
They were there for the abundance.
They never saw the money leave.
Now, that doesn’t make them wrong today. And it doesn’t mean their predictions are destined to fail.
But it does mean that most of them never personally experienced the cycle that shaped the field they inherited: enormous promises, enormous investment, disappointing results, disappearing money, and researchers continuing to work after almost everyone else had stopped paying attention.
They inherited the spring.
They didn’t live through the winters that made it possible.
That distinction matters when we decide how much confidence to place in predictions about what happens next.
Second: what finally ended the winters was, to a large degree, scale.
There was real engineering progress, and we shouldn’t overlook it. Better architectures were developed. Training methods improved. Researchers solved difficult technical problems.
But nobody in 2012 suddenly arrived with a complete new theory of intelligence that researchers in 1969 had simply failed to imagine.
What they had was vastly more data, exponentially more computing power, and much better methods for putting both of them to work.
And that is still largely the shape of the strategy today:
Make it bigger.
More compute. More data. Bigger models. Bigger infrastructure.
That is why companies are spending hundreds of billions of dollars building the infrastructure required to develop and operate these systems.
And that’s why the next chapter is going to talk about the money.
Third—and this is the one I want you to carry forward—the machine that won was built to produce the right output, not necessarily to understand why that output was right.
Somewhere along the way, we began accepting something different from what the original dream seemed to promise.
We went looking for intelligence.
We became very good at producing answers.
The Transformer does not form concepts in the way the Dartmouth proposal imagined them. At its foundation, it predicts what comes next. It does that extraordinarily well—so well that its output can appear indistinguishable from the output of someone who understands.
That is an extraordinary achievement.
It is also the problem this book is about.
Because producing an answer that looks right and knowing that the answer is right are two entirely different things.
That distance between the two is where almost right lives.
And as these machines become faster, larger, cheaper, and more deeply embedded in the systems around us, that distance matters more, not less.
Now let’s take a look at who paid for all of this—and exactly what they wanted for their money.
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Chapter 3
The Real Reason

On November 30, 2022, OpenAI put a chat window on the internet and called it a “research preview.”
That sounds pretty uneventful.
It wasn’t.
The thing was called ChatGPT.
OpenAI already had the underlying model. What changed was that now ordinary people could use it. You didn’t need to be a programmer. You didn’t need to understand neural networks. You didn’t need to know what a Transformer was.
You typed something into a box.
It answered you.
Within five days, ChatGPT had a million users. Within about two months, it had a hundred million. At that point it was one of the fastest-adopted consumer products anybody had ever seen.
To most of us, it looked like AI had appeared out of nowhere.
But now you know better.
The method went back decades. The Transformer came from 2017. The internet supplied the data. Nvidia and the rest of the computing industry supplied the horsepower.
What OpenAI built in November 2022 was the front door.
And once millions of ordinary people walked through it, something changed.
Not just technologically.
Financially.
Because remember where we left off in the last chapter.
Somebody had to pay for all of this.
And nobody spends this kind of money without expecting something in return.
So that’s what I want to look at now.
Who paid for it?
And what exactly did they think they were buying?
The nonprofit that became a $500 billion company
Let’s start with OpenAI.
OpenAI was founded in December 2015 as a nonprofit. Its founders pledged a billion dollars. The stated mission was to make sure that artificial general intelligence—machine intelligence at or beyond human capability—benefited humanity.
And the nonprofit structure wasn’t an accident.
It was part of the protection.
The idea was that something this powerful shouldn’t be controlled entirely by the normal pressure to make money.
Then reality showed up.
Building frontier AI is unbelievably expensive.
In 2019, OpenAI created a for-profit subsidiary with what it called a capped-profit structure. Investors could make money, but their returns were supposed to have limits. That same year, Microsoft invested $1 billion.
Over the following years, Microsoft’s total investment grew to roughly $13 billion.
Then, on October 28, 2025, OpenAI’s structure changed again.
The attorneys general of Delaware and California reviewed the restructuring. OpenAI’s for-profit arm became a Public Benefit Corporation controlled by the nonprofit, now called the OpenAI Foundation. The old capped-profit arrangement was eliminated.
By then, we weren’t talking about a little research laboratory anymore.
Microsoft’s stake was reported at roughly $135 billion. The nonprofit’s own stake was reported at around $130 billion. OpenAI as a whole was valued at approximately $500 billion.
The restructuring also cleared the way for roughly $22 billion in funding from SoftBank and made a future public stock offering much easier to imagine.
Elon Musk, one of OpenAI’s original founders, had sued to stop the restructuring. That lawsuit was still pending when the new structure was announced.
I’m not going to tell you whether any of that was right or wrong.
Smart people disagree. Two state attorneys general signed off on it. Lawyers can fight about the corporate structure.
I’m asking you to notice the arc.
A project created partly because its founders worried that profit incentives could interfere with the safe development of AI became, ten years later, one of the most valuable private companies on earth.
That changes the pressure.
It has to.
A $500 billion company doesn’t get to wake up one morning and say, You know what? This is interesting research. Let’s see where it goes.
There are investors now.
There are partners.
There are competitors.
There are expectations.
There is a number attached to the company, and eventually somebody expects that number to make sense.
Keep that in your pocket.
Because OpenAI isn’t even where the really crazy numbers begin.
The chip company
Remember those video-game chips from Chapter 2?
The ones that turned out to be extremely useful for training neural networks?
The company making them is Nvidia.
And if you want to understand just how much money flooded into AI after ChatGPT, Nvidia might be the easiest place to see it.
On May 30, 2023—about six months after ChatGPT launched—Nvidia crossed a market value of $1 trillion.
Then $2 trillion.
Then $3 trillion.
Then $4 trillion.
Then, on October 29, 2025:
$5 trillion.
The first company in history to reach it.
Think about that.
One trillion dollars to five trillion dollars in less than two and a half years.
Nvidia hadn’t discovered oil.
It hadn’t invented electricity.
It was selling the hardware everybody believed they needed to build bigger AI.
During a gold rush, Nvidia was selling the shovels.
Then something happened that showed just how much of that value depended on the assumption that AI would keep needing enormous amounts of expensive compute.
A Chinese lab called DeepSeek released a model in January 2025 that performed competitively with American frontier systems and said it had trained the model for about $5.6 million on 2,048 Nvidia H800 chips—a fraction of what American labs were believed to be spending.
The market freaked out.
On January 27, Nvidia fell 17 percent in one day.
About $589 billion in market value disappeared.
One day.
The stock recovered. That’s not the important part.
Here’s the important part:
Half a trillion dollars moved because investors suddenly wondered whether AI might not need to be as big or as expensive as everybody thought.
Remember Chapter 2?
Make it bigger.
More data.
More chips.
More compute.
For one day, Wall Street asked a terrifying question:
What if bigger isn’t the only answer?
The spending
Now look at what “bigger” costs.
In 2024, the four largest American technology companies spent roughly the following on capital expenditures: Amazon around $78 billion, Microsoft around $56 billion, Alphabet around $53 billion, and Meta somewhere around $37 to $39 billion.
In 2025, those four companies collectively expected to spend more than $380 billion.
For 2026, their combined guidance was approximately $725 billion: Amazon around $200 billion, Microsoft around $190 billion, Alphabet between $175 and $185 billion, and Meta between $125 and $145 billion.
Now, I need to be precise.
Those 2026 numbers are guidance. They are not money already spent. Microsoft reports on a fiscal year that ends in June, which muddies the comparison. Companies revise plans.
But don’t miss the scale because the accounting isn’t perfectly neat.
We are talking about four companies planning infrastructure spending on a level larger than the annual economic output of most countries on earth.
Now I’m going to ask you a salesman’s question.
What do they expect to get back?
Nobody spends hundreds of billions of dollars so I can ask ChatGPT to rewrite an email.
Nobody builds data centers across the planet because it’s neat that my phone can make a picture.
They expect a return.
Now, that return does not automatically mean firing everybody.
It can come from new products. New markets. Higher productivity. Entire categories of work that don’t exist yet. Companies have made enormous returns through expansion before, and they may do it again.
But let’s not pretend labor isn’t sitting right in the middle of the equation.
AI performs cognitive work.
Human beings also perform cognitive work.
And human beings are expensive.
So when companies spend this kind of money developing machines capable of doing more of the work people currently do, I think it is reasonable to ask whether part of the expected return is eventually going to come from reducing what that human work costs.
That is my interpretation.
But look at the numbers and tell me the question isn’t worth asking.
The other customer
There is another customer at the table, and this one has been around almost from the beginning.
The United States government.
More specifically:
The military.
Remember Rosenblatt’s perceptron?
The Navy was involved in 1958.
Almost seventy years later, the government is still buying AI.
Only now the numbers, the systems, and the stakes are a whole lot bigger.
On January 28, 2025, OpenAI launched ChatGPT Gov, a version of its product built for federal agencies.
On June 5, Anthropic announced Claude Gov for national-security customers.
On June 16, OpenAI announced a $200 million Department of Defense contract—its first under a new division called OpenAI for Government.
Then, on July 14, the Pentagon’s Chief Digital and AI Office announced contracts with Anthropic, Google, OpenAI, and xAI—each with ceilings of $200 million—for what it called “agentic AI workflows across a variety of mission areas.”
Palantir was already deep in the same world. Its Maven Smart System—used for military targeting and analysis—had its contract ceiling raised by $795 million in May 2025, to roughly $1.28 billion through 2029. That sat alongside a separate Army enterprise agreement worth up to $10 billion over a decade.
Google made another change that year that I think matters.
Since 2018, its published AI principles had included a section called “Applications we will not pursue,” including certain weapons and surveillance uses.
On February 4, 2025, Google removed that section.
Now, I want to be precise here.
Google did not announce an AI weapon.
Google removed a promise.
Those are not the same thing.
And if I’m going to spend an entire book telling you that details matter, then I don’t get to blur that distinction just because doing so would make the paragraph scarier.
But the explanation Google gave matters too.
Demis Hassabis and James Manyika wrote that “there’s a global competition taking place for AI leadership within an increasingly complex geopolitical landscape,” and that democracies should lead AI development.
And that brings us to the third pressure on this technology.
Because now it isn’t just a market.
It’s a race.
The race
The United States began restricting exports of advanced AI chips and chip-making equipment to China on October 7, 2022—seven weeks before ChatGPT launched.
Those rules were expanded in October 2023.
In January 2025, the Biden administration issued a much broader AI Diffusion framework governing which countries could buy how much American AI hardware.
Then, in May 2025, the Trump administration rescinded that framework, calling it overly bureaucratic and arguing that it had stifled American innovation. The China-specific controls remained.
Whatever you think about the policy, look at the incentive it creates.
China is trying to build around American restrictions.
American companies are trying to stay ahead.
The American government wants them to stay ahead.
And now every major AI company has one of the most powerful arguments imaginable:
If we slow down, China won’t.
Maybe they’re right.
Maybe they’re wrong.
I’m not pretending I have access to classified intelligence or that I can settle American national-security policy from my phone.
That’s not my point.
My point is what that argument does to the incentive structure.
Because once something becomes a race, slowing down starts looking like losing.
And once slowing down means losing, the person who raises his hand and says, Maybe we should check this first, starts sounding like the problem.
That’s where this connects directly back to Almost Right.
What the money wants
So put the three pressures next to each other.
Investors want a return.
Technology companies want a return on enormous infrastructure spending.
Governments want strategic advantage.
Different customers.
Different reasons.
But they all create pressure in the same direction:
Faster. Bigger. More capable. Now.
And here’s where I want to make a distinction.
I don’t think these people are villains.
I don’t think somebody is sitting in a conference room saying, Let’s make AI less accurate so we can make more money.
That would be ridiculous.
Of course they want it to work.
But wanting something to be accurate and building an economic system that rewards verification are two completely different things.
I spent most of my adult life in sales.
I’ve seen what happens when production and quality control start pulling in opposite directions.
Production makes money.
Checking production costs money.
Checking takes time.
Checking slows things down.
And the second somebody decides that checking is slowing down the number everybody is being paid to hit, the checker has a problem.
That’s the part I’m worried about.
Because AI can now generate work at a speed no human verification system was designed to match.
The machine can write the document in seconds.
Checking it might take an hour.
The machine can generate a thousand answers.
Somebody still has to determine which ones deserve to be trusted.
So the economic question isn’t simply whether AI becomes more capable.
It’s this:
As producing the work becomes cheaper and faster, who is going to keep paying for the expensive part—the judgment required to determine whether the work is actually right?
Because the machine we spent all this money scaling has a very particular relationship with truth.
And it isn’t necessarily the relationship you think it has.
That’s where we’re going next.
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