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A Note on Names, Dates, and Method

This book covers nearly two centuries of an idea, from Ada Lovelace’s notes on a Victorian calculating engine in 1843 to the generative-AI systems that reached hundreds of millions of people in the mid-2020s. Dates are given in the common era throughout. Where a date marks a scientific paper, a product launch, or a public demonstration rather than a private breakthrough, the text says which, because in this field the gap between an idea’s invention and its impact has often been measured in decades.

Technical terms are explained on first use and collected in the Glossary at the back, alongside a Timeline running from 1843 to 2025, a Who’s Who of the field’s principal figures, and a Selected Bibliography. The names of programs and systems — the Perceptron, ELIZA, Deep Blue, AlexNet, AlphaGo, the Transformer, ChatGPT — are capitalized as proper names, because each marks a turning point in the story.

Two cautions belong at the front. First, artificial intelligence is a field famous for both over-promising and under-delivering; its history includes at least two “winters” in which inflated expectations collapsed into disappointment and lost funding. This book tries to credit genuine achievements without adopting the breathless tone of a press release, and to take seriously both the technology’s real power and its real limits. Second, much of the most recent material — the exact size of the latest models, the pace of progress, the timelines for what may come next — is uncertain, commercially secret, or genuinely contested among serious people. Where that is so, the book flags it plainly rather than pretending to a certainty no one possesses. The aim throughout is a sober, readable history that gives due weight to the mathematics and the machines but also to the people, the money, the hardware, and the ethical reckoning that artificial intelligence has forced upon the world.





Introduction: The Machine That Learned to See

On the afternoon of September 30, 2012, the results of an obscure academic contest were posted online, and the world of computing quietly tilted on its axis. The competition was the ImageNet Large Scale Visual Recognition Challenge, an annual test in which computer programs tried to identify the contents of photographs — to say whether a given image showed a leopard, a container ship, a mushroom, or a mite — drawn from a database of millions of labeled pictures. For years the contest had been a grind of incremental progress, the error rates inching down a percentage point at a time. Then a system from the University of Toronto, built by a graduate student named Alex Krizhevsky working with a fellow student, Ilya Sutskever, under their adviser Geoffrey Hinton, did not inch. It leapt. Its error rate was roughly ten percentage points below the nearest competitor, an improvement so large that it was less a victory than a demolition.

The system was called AlexNet, and it was an artificial neural network — a piece of software loosely inspired by the wiring of the brain, an idea that had been declared dead more than once over the preceding half-century. What made AlexNet work was not a single brilliant insight but a convergence: an old architecture nobody had been able to train well, a mountain of labeled images that had not existed a few years earlier, and a pair of consumer graphics cards, designed to render video-game explosions, repurposed to perform the staggering number of calculations the network required. Within months, the largest technology companies on earth were hiring every neural-network researcher they could find. Within a few years, the techniques behind AlexNet would let computers transcribe speech, translate languages, drive cars, defeat the world’s best players at the most demanding board games, predict the folded shape of proteins, and, finally, hold fluent conversations in human language. The press called it the deep learning revolution. It was not an exaggeration.

This book is the story of how the world arrived at that afternoon in 2012 — and of where it went afterward. It is a long story, and it does not begin with computers at all. It begins with an ancient dream: the dream of making mind out of matter, of building a thing that thinks. That dream runs through Greek myths of bronze automata and medieval legends of artificial men, through the clockwork marvels of the Enlightenment, and into the nineteenth century, when Charles Babbage designed a mechanical computer and his collaborator Ada Lovelace first glimpsed that such a machine might manipulate not just numbers but symbols of any kind. It becomes a science in the twentieth century, when Alan Turing defined what computation is and then asked, in a famous paper of 1950, whether a machine could think — and proposed a way to decide the question.

From there the history follows a peculiar rhythm, a swing of the pendulum between two grand visions of how to build a mind. One vision, which dominated the field’s first decades, held that intelligence is the manipulation of symbols according to logical rules: to make a machine intelligent, you would give it facts and rules and let it reason. This was the approach behind the programs that proved mathematical theorems, played chess, and, in the 1980s, captured human expertise in “expert systems” sold to corporations. The rival vision held that intelligence is not programmed but learned — that a mind is a network of simple units that adjusts itself in response to experience, and that the way to build one is not to write down rules but to let the system find the patterns in a flood of data. This was the connectionist approach, the lineage of the neural network, and for much of the twentieth century it was the underdog, ridiculed, defunded, and kept alive by a stubborn handful of researchers who believed the field had taken a wrong turn.

The drama of this book lies in the reversal of that fortune. The symbolic approach produced real triumphs and then ran into walls; its grand promises curdled twice into “AI winters” of disillusionment. The connectionist approach languished for decades — its central training algorithm rediscovered and forgotten more than once — until three things the early pioneers never had came together at last: enormous quantities of digital data, courtesy of the internet; enormous quantities of cheap parallel computation, courtesy of the video-game industry; and a few key refinements from researchers who had refused to give up. After 2012 the underdog did not merely win; it swallowed the field. The history of artificial intelligence is in large part the history of that argument, and of how it was, for now, settled.

The book follows the arc in seven parts. The first traces the deep roots — logic, computation, cybernetics — up to the 1956 summer workshop at Dartmouth College that gave the field its name. The second and third parts cover the symbolic age and its disappointments: the early reasoning programs and the first neural networks, the perceptron controversy that nearly killed connectionism, the rise and fall of expert systems, and the quiet maturation of statistical machine learning in the years when “artificial intelligence” was almost a term of embarrassment. The fourth part shows the ingredients of the revolution gathering in the 1990s and 2000s — convolutional networks, the data deluge, the graphics chip, and the obstinate persistence of Geoffrey Hinton. The fifth part is the revolution itself, from AlexNet through the conquest of the ancient game of Go. The sixth covers the age of scale, when a 2017 architecture called the Transformer and the discovery that bigger was reliably better set off a race to build ever-larger models. And the seventh part covers the generative era that began when ChatGPT was released to the public in November 2022 — and the reckoning that followed, over bias and misinformation, over the immense machinery and energy that modern AI consumes, over the safety of systems whose makers do not fully understand them, and over the oldest question of all, now suddenly urgent: how close are we to building a machine that matches the general intelligence of its makers?

This is not a triumphalist book, nor a doom-laden one. Artificial intelligence in the mid-2020s is at once more capable than its founders dared hope and less reliable than its boosters claim; it has solved problems that resisted a half-century of effort and stumbles over things a child finds easy. Understanding it requires holding both facts at once. The pages that follow try to do that — to explain, in plain language, what these machines actually do and how they came to do it, and to tell the human story of the dreamers, the skeptics, the rivals, and the obsessives who, over the better part of two centuries, taught matter to learn.

We begin where the dream itself begins: not with circuits, but with myth, and with the long human wish to build a creature that thinks.





Chapter 1: Automata and the Ancient Dream

In the third century BC, in the workshops of Alexandria, an engineer named Ctesibius built machines that astonished the Hellenistic world: water clocks that kept time by the steady drip of liquid, organs driven by air pressure, figures that moved and poured and sang by hidden mechanism. His successor Hero of Alexandria left behind a treatise, the Automata, describing temple doors that opened of their own accord when a fire was lit upon an altar, and a miniature theater whose figures enacted an entire drama, complete with sound and motion, powered by falling weights and turning axles. To the worshippers who saw the great doors swing wide as if by the will of the gods, the effect was miraculous. To Hero, it was engineering. The gap between those two perceptions — between the appearance of agency and the mechanism beneath it — is where the dream of artificial intelligence was born, and it is very old.

Long before anyone could build a thinking machine, human beings imagined one. The wish to fashion a living, knowing thing from inert material runs through the myths of nearly every culture, and it carries, from the beginning, both wonder and dread. To trace the history of artificial intelligence honestly, we must start not with transistors but with these stories, because they established the questions the science would later try to answer: Can mind be made? Can a made mind be trusted? And what does it mean for the maker if the thing he makes can think?


Bronze Men and Clay Servants

Greek mythology is populated with artificial beings. The god Hephaestus, the divine smith, was said to have forged golden handmaidens who could move and speak and who assisted him in his workshop — mechanical servants endowed, Homer wrote in the Iliad, with “understanding in their hearts.” Hephaestus also made Talos, an enormous bronze automaton that guarded the island of Crete, striding around its shores three times a day and hurling boulders at approaching ships. Talos had a single vein running from his neck to his ankle, sealed by a bronze nail; in the tale of Jason and the Argonauts, the sorceress Medea destroyed him by removing the nail so that his life-fluid drained away. The story is striking for how mechanical it is: the bronze guardian is defeated not by force but by understanding his construction. Even in myth, the artificial creature has an off switch, if you know where to find it.

The motif recurs across civilizations. Jewish folklore told of the golem, a figure shaped from clay and animated by sacred words or letters inscribed upon it — most famously the golem of Prague, created by a rabbi to protect his community, which grew dangerous and had to be deactivated by erasing a letter from the word of life written on its forehead, turning emet (truth) into met (death). Chinese texts from the third century BC describe an artificer named Yan Shi who presented to a king a life-sized automaton that could sing and dance and that, alarmingly, winked at the ladies of the court until the king, enraged, had it dismantled to reveal its artificial organs of leather and wood. In each case the same anxieties appear: the artificial servant is useful, then unsettling, then a threat that must be controlled or destroyed. The fear that our creations might exceed or escape us is not a product of the computer age. It is as old as the dream itself.



The Clockwork Universe

If antiquity supplied the myths, the early modern period supplied the metaphor that would make a science of them. As mechanical clocks spread across Europe from the fourteenth century onward, the clock became the master image of the age — a complex, purposeful system running by hidden gears, requiring no continuous intervention once set in motion. Thinkers began to wonder whether the universe itself, and the creatures within it, might be machines of this kind.

The philosopher René Descartes, writing in the first half of the seventeenth century, argued that the bodies of animals were precisely that: intricate automata, their behavior fully explicable by mechanism, without need of a soul. Human beings, he insisted, were different, possessing a rational mind that no machine could replicate; for Descartes, the proof was language and reason, the capacity to respond flexibly and appropriately to any situation, which he believed no arrangement of matter could achieve. Here, at the dawn of modern philosophy, the central question of artificial intelligence is already posed with precision: is there anything the mind does that a machine, in principle, could not? Descartes said yes, there was, and drew the line at reason and language. Three centuries later, Alan Turing would propose to erase that line, and the argument has never stopped since.

The eighteenth century turned the metaphor into spectacle. Craftsmen built automata of breathtaking sophistication: the French engineer Jacques de Vaucanson constructed a mechanical flute player that actually blew air through a real flute with artificial lips and fingers, and a notorious mechanical duck that appeared to eat grain, digest it, and excrete the remains — the digestion was a fraud, but the ambition was real. The Swiss watchmaker Pierre Jaquet-Droz built a writing automaton, a doll seated at a desk that dipped a real quill in ink and wrote out programmed sentences, its eyes following the words, its hand lifting between letters. These machines could be reconfigured to write different texts by changing a set of cams — a faint, mechanical foreshadowing of the programmable computer. They thrilled audiences across Europe precisely because they blurred the line between the living and the made.

Not every marvel was honest. The most famous “thinking machine” of the era, the Mechanical Turk built by Wolfgang von Kempelen in 1770, was a chess-playing automaton in the form of a turbaned figure seated at a cabinet, which defeated opponents across Europe and America, including, by legend, Napoleon and Benjamin Franklin. It was a hoax: a human chess master was concealed inside the cabinet, operating the figure through an ingenious system of sliding panels and magnets. The Turk is worth remembering for two reasons. It shows how badly people wanted to believe a machine could think — the deception worked for decades. And the name has endured as a permanent caution: when a system seems to display intelligence, it is always worth asking where the intelligence actually resides. In our own time, the phrase “Mechanical Turk” was revived by Amazon for a service in which human workers perform, for pennies, the tasks computers cannot — a reminder that the hidden human inside the machine has never entirely disappeared.



Lovelace and the Engine of Thought

The decisive leap from clockwork curiosity to genuine computing came in nineteenth-century England, in the mind of Charles Babbage. A mathematician frustrated by the errors in printed tables of logarithms and navigation — tables calculated by hand and riddled with mistakes — Babbage conceived of machines that could compute them mechanically and without error. His first design, the Difference Engine, was a special-purpose calculator. His second, the Analytical Engine, designed through the 1830s and 1840s but never built in his lifetime, was something far greater: a general-purpose computing machine. It had a “mill” that performed operations and a “store” that held numbers — the conceptual equivalent of a processor and a memory — and, crucially, it was to be controlled by punched cards, an idea Babbage borrowed from the Jacquard loom, which used such cards to weave patterns into cloth. The Analytical Engine could, in principle, be programmed to carry out any sequence of calculations. It was, on paper, the first general-purpose computer, a century before electronics made one practical.

The person who understood most deeply what Babbage had invented was Augusta Ada King, Countess of Lovelace, the daughter of the poet Lord Byron and a gifted mathematician in her own right. In 1843 she translated an Italian account of the Analytical Engine and appended a set of notes longer than the original article. Those notes contain remarkable insights. In one, she described in detail how the engine might be programmed to compute a sequence of numbers — an algorithm often called the first computer program. In another, she grasped the machine’s true generality: because it manipulated symbols according to rules, and because numbers could stand for anything, the engine might operate not only on quantities but on any objects “whose mutual fundamental relations could be expressed by those of the abstract science of operations.” It might, she suggested, even compose elaborate music. She saw, in other words, that a computer is a general symbol-manipulating machine, not merely a calculator — the very insight on which artificial intelligence would later rest.

Yet Lovelace also set down a famous limit. “The Analytical Engine,” she wrote, “has no pretensions whatever to originate anything. It can do whatever we know how to order it to perform.” The machine could follow instructions, however intricate; it could not, she thought, generate ideas of its own. This claim — that a machine can only do what it is explicitly told, and can therefore never truly think or create — became known as “Lovelace’s objection,” and it is perhaps the most enduring argument against artificial intelligence ever made. It would be quoted against the field for the next two centuries, and answering it would become one of the central projects of the science.

Babbage’s engines were never completed; the engineering exceeded what Victorian workshops could reliably produce, and funding ran out amid disputes. The dream of a thinking machine retreated again into the realm of the imagined, where it waited for a new century to supply what the nineteenth had lacked: a rigorous theory of what computation actually is, and a technology fast and cheap enough to make it real. Both would arrive together, forged in the most unlikely of circumstances — in the abstract puzzles of mathematical logic and in the desperate codebreaking of a world war. To understand how, we must turn from the engineers and mythmakers to the logicians, and to the strange, quiet revolution by which the idea of computation itself was finally pinned down.





Chapter 2: Logic, Computation, and the Universal Machine

In the summer of 1900, the German mathematician David Hilbert stood before the International Congress of Mathematicians in Paris and laid out a list of twenty-three unsolved problems to guide the new century. Hilbert was the most influential mathematician of his age, and he carried a conviction that amounted almost to a faith: that mathematics was a complete and consistent system, that every true statement could in principle be proved, and that there was no problem the human mind, working by rigorous method, could not in time resolve. “We must know,” he would later declare, “we will know.” Within three decades that confident program would be shattered, and from its wreckage would emerge the precise definition of computation — and with it the theoretical foundation of every computer and every artificial intelligence that has ever been built. The thinking machine was born, improbably, from the failure of a dream about the certainty of mathematics.


The Logic of Thought

The road to that definition began earlier, in the nineteenth-century project of reducing reasoning itself to calculation. The English mathematician George Boole, in his 1854 book An Investigation of the Laws of Thought, showed that the rules of logic could be written as a kind of algebra. Statements that were true or false could be combined with operations — and, or, not — and manipulated according to fixed rules, exactly as numbers are manipulated in arithmetic. Boole believed he was uncovering the mathematical structure of human reasoning, the very “laws of thought” of his title. He could not have known that his algebra of true and false, of ones and zeros, would a century later become the native language of digital circuits, in which every operation a computer performs is ultimately a combination of Boolean logic gates. The link between logic and computation, so fundamental to artificial intelligence, was forged in Boole’s quiet conviction that thinking obeyed laws as exact as those of physics.

Later logicians pressed the project further. The German philosopher Gottlob Frege built a formal language capable of expressing mathematical statements with complete precision, founding modern logic. Bertrand Russell and Alfred North Whitehead, in their monumental Principia Mathematica (1910–1913), attempted to derive the whole of mathematics from a handful of logical axioms — a labor so painstaking that it took hundreds of pages to prove that one plus one equals two. The dream was Hilbert’s dream: a complete formal system, a set of rules from which every mathematical truth could be mechanically generated, leaving nothing to intuition or doubt. If such a system existed, then in a sense mathematics could be done by a machine, grinding out theorems by the application of rules.



Gödel’s Earthquake

The dream did not survive the encounter with a young Austrian logician named Kurt Gödel. In 1931, at the age of twenty-five, Gödel proved two theorems that demolished Hilbert’s program at its foundation. His incompleteness theorems showed that in any formal system rich enough to express ordinary arithmetic, there will always be true statements that cannot be proved within the system — and, further, that such a system cannot prove its own consistency. There was no complete, self-certifying machine of mathematics, and there never could be. The certainty Hilbert had sought was, Gödel demonstrated, unattainable in principle.

Gödel’s result was an earthquake, but it was also, paradoxically, a gift to the future science of computation. To prove his theorems, Gödel had developed a method of encoding statements about a formal system as numbers within the system — a technique by which a set of rules could, in effect, talk about itself. This idea of representing logical operations as numerical manipulation, and of a system processing descriptions of its own procedures, lies very close to the heart of what a programmable computer is. Gödel had shown the limits of the mechanical; in doing so he sharpened the very concept of mechanism. The question that remained — and that Hilbert had also posed — was whether there existed a definite procedure that could decide, for any mathematical statement, whether it was provable. This was the Entscheidungsproblem, the “decision problem.” To answer it, someone first had to say, with full rigor, what a “definite procedure” — a mechanical procedure — actually was. That someone was Alan Turing.



Turing’s Machine

Alan Mathison Turing was an awkward, brilliant young Englishman, a long-distance runner and a solitary thinker, twenty-three years old and a fellow of King’s College, Cambridge, when in 1936 he published the paper that would define the modern world. Its title was forbidding — “On Computable Numbers, with an Application to the Entscheidungsproblem” — but its central idea was a stroke of imaginative genius. To pin down what it meant to compute something by a definite, mechanical procedure, Turing imagined the simplest possible device that could do it.

His abstract machine — soon called a Turing machine — consisted of an infinite tape divided into squares, a head that could read and write symbols on the tape one square at a time, and a small table of rules. At any moment the machine was in one of a finite number of internal states; depending on its state and the symbol it was currently reading, the rules told it which symbol to write, whether to move the tape left or right, and which state to enter next. That was all. There was no arithmetic unit, no memory hierarchy, none of the apparatus of a real computer. Yet Turing argued — and the argument has been accepted ever since — that anything that could be computed by any definite procedure whatever could be computed by such a machine. The Turing machine was a precise, mathematical capture of the intuitive notion of mechanical calculation.

Turing’s deepest insight came next. He showed that one could design a single, special Turing machine — a universal machine — that could imitate the behavior of any other Turing machine. You would write a description of the machine you wanted to simulate onto the tape, as data, and the universal machine would read that description and carry out exactly what the described machine would do. Here was the conceptual birth of the general-purpose computer: a single physical device that, by being fed different programs, could become any specialized machine at all. The program was just data on the tape; the hardware stayed the same. Every computer, phone, and AI system in existence is, in this precise sense, a universal Turing machine, and the distinction Turing drew — between the fixed machinery and the program it runs — is the distinction that makes all of software, and therefore all of artificial intelligence, possible.

With this apparatus Turing also answered Hilbert’s decision problem, and the answer was no. He proved that there is no general procedure that can decide, for every program and input, whether that program will eventually halt or run forever — the famous “halting problem.” Some questions are, in a rigorous sense, beyond the reach of any mechanical procedure. Like Gödel, Turing had found a fundamental limit. But also like Gödel, in finding the limit he had defined the territory with new exactness. The American logician Alonzo Church reached an equivalent result by a different route at almost the same moment, and the conclusion that these various definitions of “computable” all coincide became known as the Church–Turing thesis: the claim that the Turing machine captures everything that can be effectively computed at all.



From Abstraction to Apparatus

In 1936 the universal machine was pure mathematics, a thought experiment on paper. What turned it into a world-changing technology was a decade of war and a convergence of engineering. Turing himself would spend the Second World War at Bletchley Park, building physical machines to break German codes, learning at first hand that the abstract theory of computation could be made to run on wheels and relays and, soon, on electronics. In the United States, the mathematician John von Neumann, who knew Turing’s work, would in 1945 set down the architecture that almost all subsequent computers would follow — the “stored-program” design, in which instructions and data alike live in the same memory, the engineering embodiment of Turing’s insight that a program is just another kind of data.

The significance of all this for artificial intelligence can hardly be overstated. Turing had established that a single kind of machine could carry out any definite procedure whatsoever, simply by being given the right program. If thinking — or any aspect of it — could be described as a definite procedure, then a computer could, in principle, do it. The question of whether a machine could think was no longer a matter of building ever-cleverer special-purpose automata, as Vaucanson and Jaquet-Droz had done. It became a question about programs: a question of whether the right sequence of symbol manipulations could amount to intelligence. Lovelace’s objection — that a machine can only do what it is told — now had a sharp counterpart, because a universal machine could be told to do almost anything, including, perhaps, to learn and to modify its own instructions.

Turing understood this implication better than anyone. Even as he labored over the mathematics of computation and, later, over the wartime machines, he was turning the question over in his mind: if a universal machine can carry out any procedure, can it carry out the procedures of thought? In 1950, in a paper that abandoned the dense notation of logic for plain and even playful English, he would confront the question head-on, and propose a way to answer it that has framed the debate ever since. But to reach that paper we must first follow Turing into the war, and into the company of a remarkable group of scientists who, at almost the same moment, were beginning to think of the brain itself as a kind of machine — and of machines as a kind of brain.





Chapter 3: Turing’s Question: Can Machines Think?

In the bleak winter of 1939, as Britain went to war, a small group of mathematicians, chess champions, crossword enthusiasts, and classicists assembled at a Victorian country house in Buckinghamshire called Bletchley Park. Their task was to break the encrypted communications of the German military, and the most formidable of those ciphers was generated by a machine called Enigma — a typewriter-like device with rotating wheels that scrambled each letter according to settings changed daily, producing a number of possible configurations so vast that the Germans believed their messages unbreakable. Among the codebreakers was Alan Turing, by then in his late twenties, and it was here, in the practical urgency of war, that the abstract theory of computation he had created met the physical machinery that would make it real. The work was secret for decades, and Turing’s part in it was concealed until long after his death. But it shaped everything he would later think about machines and minds.


Bletchley Park and the Machine Against the Machine

The Enigma problem was, at bottom, a problem of searching an enormous space of possibilities faster than a human being possibly could. Polish cryptanalysts had made crucial early breaks in the 1930s and shared their work with Britain and France on the eve of the war — a debt the British codebreakers always acknowledged. Building on the Polish foundation, Turing designed an electromechanical machine called the Bombe, which mechanized the search for the daily Enigma settings by rapidly testing configurations and eliminating those that produced logical contradictions. The Bombe did not “think”; it embodied a clever logical procedure carried out at superhuman speed. But the principle was profound: a machine could be built to perform an intellectual task — sifting hypotheses, drawing inferences — that had been the exclusive province of human minds.

The codebreaking effort grew into an industrial operation. To break a later, more complex German cipher, the Lorenz machine used for high-level communications, the engineer Tommy Flowers built Colossus, completed in 1943 — a room-sized machine using some 1,500 vacuum tubes, and arguably the first programmable electronic digital computer. Colossus was programmed not with software in the modern sense but by switches and plugs, yet it processed information electronically at a speed no mechanical device could match. The intelligence work at Bletchley is estimated by many historians to have shortened the war in Europe by as much as two years and to have saved many millions of lives — figures that are necessarily estimates, but that convey the scale of what was achieved. Over the course of the war, the codebreakers decrypted an enormous volume of German traffic, intelligence so valuable it was given the codename Ultra.

For Turing, the lesson of Bletchley was that the universal machine of his 1936 paper was not a mere abstraction. Real machines could be built to carry out complex symbolic procedures, and the boundary between “mechanical” tasks and “intellectual” ones was far less clear than tradition assumed. If a machine could break a cipher that defeated the best human cryptanalysts, what else might a machine, suitably instructed, be made to do? After the war, working on early computer designs in Britain, Turing returned to the question that had hovered behind all his work. In 1950 he published it, in the philosophy journal Mind, under the deceptively simple title “Computing Machinery and Intelligence.”



The Imitation Game

Turing began his paper by proposing to consider the question “Can machines think?” — and then immediately set it aside as hopeless. The trouble, he argued, was that the words “machine” and “think” are too vague and too freighted with prejudice to support a clear answer; a debate over definitions could run forever. So he replaced the question with a concrete test, a game he called the Imitation Game and that posterity has called the Turing test.

The setup was this. An interrogator sits at a teleprinter, communicating by typed messages with two unseen correspondents in another room — one a human being, the other a machine. The interrogator may ask anything, on any subject, and must try to determine which correspondent is the human and which the machine. The machine’s goal is to imitate human responses well enough to be mistaken for the person; the human’s goal is to help the interrogator. If, after a reasonable interval of conversation, the interrogator cannot reliably tell which is which — if the machine fools the questioner as often as a human would — then, Turing proposed, we ought in fairness to say the machine can think, or at least that the question of whether it “really” thinks has lost its grip. The genius of the test was to make the question empirical and behavioral. It does not ask what is happening inside the machine, or whether the machine has consciousness or feelings; it asks only whether the machine can do something — sustain an open-ended human conversation — that we unhesitatingly take as evidence of intelligence when a person does it.

Turing predicted, with a boldness that now seems both prescient and premature, that by around the year 2000 computers with sufficient memory would be able to play the game well enough that an average interrogator would have no more than a seventy percent chance of correct identification after five minutes of questioning. The specific prediction missed — five minutes of casual chat is a low bar, and crude programs would later fool inattentive judges, while no machine of 2000 could sustain genuinely open-ended conversation. But the deeper framing endured. For three-quarters of a century, the Turing test has served as the field’s most famous benchmark and its most argued-over idea, and the arrival in the 2020s of systems that can hold fluent, wide-ranging conversations has made Turing’s thought experiment suddenly, vividly practical.



Answering the Objections

The most valuable part of Turing’s paper is its second half, in which he anticipated and answered the objections to machine intelligence with a clarity that has rarely been bettered. He listed nine of them and dealt with each in turn, and in doing so he mapped out, in advance, nearly the entire territory of the debate that would follow.

He took on the theological objection, that thinking requires an immortal soul God grants only to humans, and dismissed it as presumptuous about the limits of divine power. He confronted the “heads in the sand” objection — the unstated wish that machines could not think because the consequences would be too dreadful — and declined to mistake a fear for an argument. He addressed the mathematical objection drawn from Gödel and his own halting result, that there are questions no machine can answer, and pointed out that human beings, too, have limits and make errors, so the existence of unanswerable questions hardly proves machines inferior to us.

Most importantly, he confronted Lovelace’s objection directly: the claim that a machine can never originate anything, can only do what it is told. Turing’s reply was twofold. First, he noted, machines constantly surprise their makers; anyone who has worked with computers knows they do not always behave as expected, and the line between “doing only what it was told” and “doing something new” is blurrier than Lovelace supposed, since the consequences of a set of instructions can be utterly unforeseen. Second, and more radically, he proposed that a machine need not be programmed with its adult intelligence at all. Why not, he suggested, build a machine that simulates a child’s mind rather than an adult’s — a machine relatively simple but capable of learning — and then educate it, through experience and a process he compared to evolution and to reward and punishment, until it grew into intelligence? “Instead of trying to produce a programme to simulate the adult mind,” he wrote, “why not rather try to produce one which simulates the child’s?” The learning machine would acquire knowledge it had not been explicitly given.

This was a startling anticipation of the path artificial intelligence would eventually take. The dominant approach for the field’s first decades would be the opposite of Turing’s suggestion — researchers would try to program intelligence directly, encoding knowledge and rules by hand. Only much later, with the triumph of machine learning and neural networks, would the field return to Turing’s intuition that the way to build a mind is not to write it down but to let it learn. In a single 1950 paper, Turing had named the central question, proposed a way to test for an answer, dismantled the standard objections, and sketched the learning approach that would ultimately succeed. Few documents in the history of science have aged so well.



The Cost of Genius

The man who did all this met a cruel end. In 1952 Turing, who was homosexual at a time when homosexual acts were criminal in Britain, was prosecuted for “gross indecency” after reporting a burglary led police to his private life. To avoid prison he accepted a sentence of chemical castration through hormone injections. His security clearance was revoked; the war hero who had done as much as any soldier to defeat Germany became a man under suspicion. On June 7, 1954, Turing was found dead at his home of cyanide poisoning, a partly eaten apple beside his bed; the inquest ruled suicide, though some who knew him disputed it, and the precise circumstances remain debated. He was forty-one. It would take the British government more than half a century to apologize for his treatment, and a royal pardon was not granted until 2013.

Turing did not live to see the field his paper helped inaugurate. But the question he had posed and the test he had devised passed into the hands of a new generation, who in 1956 would gather at an American college to give the subject a name and declare it a science. Before they could, however, another and very different group of thinkers had been reframing the relationship between minds and machines from the opposite direction — not asking whether machines could think like brains, but asking whether brains were themselves machines, governed by feedback, control, and the flow of information. To them, and to the science they called cybernetics, we now turn.





Chapter 4: Cybernetics and the Brain as Machine

In 1943, while Turing was breaking codes at Bletchley and the world was at war, three papers appeared that, taken together, reframed the question of mind and machine for the coming century. One was a dense piece of mathematical neurology by a philosophically minded psychiatrist and a teenage mathematical prodigy, arguing that the brain’s neurons could be understood as logical computing elements. Another, by an engineer, a physiologist, and a philosopher, argued that purposeful, goal-seeking behavior — long thought to be a hallmark of the living and the mental — could be explained mechanically through feedback. The third laid foundations for a mathematical theory of information. None of the authors was building a thinking machine. But together they advanced a revolutionary proposition: that the concepts needed to describe a mind — purpose, memory, learning, the processing of information — were not mystical but mechanical, and could be made precise. This was the intellectual atmosphere from which artificial intelligence would emerge, and its name, for a brief and brilliant moment, was cybernetics.


The Neuron as a Logic Gate

The most consequential of the 1943 papers bore the daunting title “A Logical Calculus of the Ideas Immanent in Nervous Activity.” Its authors were Warren McCulloch, a neurophysiologist and philosopher in his forties given to poetry and metaphysics, and Walter Pitts, a self-taught logician of extraordinary gifts who had run away from home as a teenager and taught himself the works of Russell and Whitehead. McCulloch and Pitts proposed a radically simplified model of the brain’s basic unit. A neuron, they argued, could be treated as a simple logical device: it receives inputs from other neurons, and if the sum of those inputs crosses a certain threshold, it “fires,” sending a signal onward; otherwise it stays silent. Each neuron was, in effect, a tiny on-off switch, computing a logical function of its inputs.

The bold step was what followed. McCulloch and Pitts showed mathematically that networks of these idealized neurons could compute any logical proposition — any function that could be expressed in the Boolean algebra of and, or, and not. The brain, on this view, was a vast logical machine, and the mind’s operations were, in principle, the operations of a computer made of nerve cells. The model was a drastic simplification — real neurons are analog, noisy, chemically complex, and far stranger than on-off switches — and McCulloch and Pitts knew it. But as an idea it was electrifying. It connected the biology of the brain to the logic of computation and suggested that thought itself might be a form of calculation carried out in neural tissue. The “artificial neuron” they described became the conceptual seed from which, decades later, the entire field of neural networks and deep learning would grow. Every node in a modern deep network is a distant, elaborated descendant of the McCulloch–Pitts neuron.



Feedback, Purpose, and the Birth of Cybernetics

The man who gathered these threads into a unified vision was Norbert Wiener, a former child prodigy who had earned a Harvard doctorate at eighteen and become a mathematician of formidable range at the Massachusetts
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