

About the Author

Christopher Summerfield has one foot in the field of Cognitive Neuroscience, studying the human brain as Professor of Cognitive Neuroscience at the University of Oxford; and the other in AI research, helping to build intelligent systems as a staff research scientist at the pioneering Google DeepMind. He has won several awards, including the prestigious Cognitive Neuroscience Society Young Investigator Award in 2015, and is regularly invited to give keynote talks across the world. Christopher has published over a hundred peer-reviewed articles, reviews and book chapters, and his academic book, Natural General Intelligence: How Understanding the Brain Can Help Us Build AI, was widely acclaimed. This is his first book for a general readership.




PENGUIN BOOKS

These Strange New Minds

‘Summerfield takes us on a tour of this astonishing new technology – general purpose AI – and helps us to understand the issues it raises. You might choose to be alarmed, excited or indifferent to large language models but you should read Chris’s book before you decide’ Mike Woolridge, author of The Road to Conscious Machines

‘With clarity, insight and wit, Summerfield dives beneath the ever-breaking wave of large language models to reveal the deeper principles at play, and the challenges and opportunities that these powerful new technologies present. An essential and highly readable guide to thinking about how, and whether, computers can think, what’s coming next and what we should do about it’ Anil Seth, author of Being You

‘This book is an eye-opening exploration of a revolution unfolding before our eyes’ New York Journal of Books
 ‘Summerfield charts the evolution of artificial intelligence, from early large language models to today’s ChatGPT, and reflects on the larger questions of learning and consciousness’ The New York Times

‘A close-up look at the large language models that have radically changed computer technology … A clear-minded, accessible examination of how AI systems work’ Kirkus




1. Eight Billion Minds

On approximately 15 November 2022, the eight billionth person on Earth was born. Nobody knows exactly who this person was, or precisely when they arrived, but media-savvy politicians in far-flung places quickly jumped to claim the honour for one of their citizens. In the Philippine capital city of Manila, a baby girl called Vinice Mabansag, born at 1.29 a.m., was greeted by phalanxes of journalists and TV crews eager to beam news of the symbolic eight billionth human around the planet. This ten-digit global population milestone – an eight and nine zeros – had arrived just eleven years after the last.

A global population of eight billion is a lot of people. If you wanted to speed-date the entire world non-stop in a single marathon session, chatting to each partner for just a single minute, it would take you more than 15,000 years to reach the end of your roster. Eight billion people means eight billion minds, and those eight billion minds house an awful lot of knowledge. The collective sum of human knowledge is too astronomical to contemplate. Even the entirety of what is known by a single individual is impossible to grasp. First, there are facts learned in school. If, like me, you were educated in the UK, you would probably have learned about adverbs, interlocking spurs, photosynthesis and the six wives of Henry VIII. But this comprises only the tiniest sliver of everything you know. Much of your knowledge is intuited from simply observing the world, and figuring out how things work – an epistemic achievement that we call ‘common sense’. You know that dogs cannot sing, that there are no sunflowers on the moon, and that Napoleon Bonaparte never owned an iPhone. You know that strawberry jam is sticky, that most people don’t knit socks in the shower, and that bounding from Beijing to Berlin on a pogo stick will give you sore knees. You know things about other people, and about their beliefs and desires. You know that in the Agatha Christie classic, Poirot doesn’t know who committed murder on the Orient Express, but the murderer knows and doesn’t want Poirot to find out. Then there are those private things that only you know, like that your bedroom curtains smell distinctly musty, your favourite animal is the Tasmanian devil, or that your left foot is itching right now.

As our civilization has flourished, we have found ever more inventive ways to organize, to document, and to exchange this information with each other. We fill libraries with academic theories concerning our society, the natural world, and the meaning of existence. We read the newspapers to learn about wars and elections in faraway places. We send our children to school, so that ideas can cascade down the generations. We write poignant stories, compose rousing symphonies, and paint brooding canvasses that offer windows into the private corners of our innermost minds. We trumpet our triumphs and indignations to tens or hundreds or millions of people in the tumult of social media. These global edifices for mass information exchange – education, media and the arts – are the bedrock of our civilization. Over the centuries, they have transformed humans from hairy grub-foragers into the uncontested architects of the Anthropocene age.

The collective weight of human scholarship – billions of words penned in books and journals every year – has also allowed us to notch up some pretty impressive scientific and technological achievements. Physicists now have a fairly decent sense of how the universe began, even though it happened some 13.8 billion years before any of us was born, and anthropologists have traced the pathways of human evolution and global dispersion over the past two million years, from the Rift Valley (the cradle of humanity) to Silicon Valley (the cradle of digital technology). We have sent spacecraft to explore beyond the reaches of our own solar system, built terrifying weapons that could annihilate our entire civilization in less time than it takes to brush your teeth, and engineered clones of our fellow species, among them sheep, monkeys and cats (including one delightfully called Copy Cat). We have collectively founded a global economy so massively interconnected that the humblest consumer item is made of parts from all corners of the planet, delivered on cargo ships that each weighs more than all the hippos in the world combined. Most recently, facing the menace of a global pandemic, biologists sat down and designed a vaccine that used a tiny piece of genetic material to instruct the body how to combat the SARS-CoV-2 virus, and governments implemented public policy initiatives to mass-inoculate their citizens, saving tens of millions of human lives. All this is possible because of the knowledge we share with each other.

But there is so much to know, and so little time to know it. Imagine if you were asked to write down everything you think is true in the world. Even if you are just setting out on life’s journey, this task would probably consume all the precious minutes that you have left. Now imagine, if you can, the Herculean task of documenting the vast universe of all human knowledge. It is unthinkable – no person could possibly grasp everything there is to know. But what if – and here is the dream that has tantalized philosophers, scientists, and assorted utopians since the Enlightenment first dawned – what if we could automate that process, and build an artificial mind that imbibed all knowledge, one that could tell us exactly what was right, what was true, how the world worked, and what the future might hold?

This book is the story of that dream. It begins in the Age of Reason, in the late seventeenth century, when people first realized that natural phenomena (like gravity and rainbows) were caused by a set of discoverable physical laws, and not the mood swings of a capricious god. Seeing the world anew through this materialist lens, philosophers began to consider that thinking itself might be a physical process, and tried to transcribe the language in which it occurred. By the mid-nineteenth century, machines began to proliferate as the industrial revolution kicked into gear, raising the question of whether a reasoning machine could be built from nuts and bolts, like the steam engine, the typewriter or the Jacquard loom (a mechanical device for automating textile production that worked using punch cards, like early computers). In the twentieth century, electronic technologies blossomed, and the first computer scientists dared to imagine machines with brains more powerful than our own. If we could make sense of our human mental machinery, then could we not build an artificial mind so smart it would make Aristotle look like Homer Simpson? By the 1950s, a new academic discipline had been founded with the goal of turning these dreams into reality, and the field of Artificial Intelligence (AI) research was born.

In tandem, the vision of an artificial mind has inspired hundreds of novels, plays and films in which sentient machines take their place in human society as overlords, slaves, monsters or uncanny neighbours. These works of fiction invite us to consider a world populated by strange new minds – mechanical intelligences that might be quite unlike us. What would it be like to meet and converse with a machine? What would an artificial agent make of our teeming society? What could we learn from a synthetic intelligence? How would it come to terms with its own robotic existence? Would a mechanical brain feel joy and loneliness just like we do? And should we be scared – would an intelligent machine want to break free, and make its own choices? Or would it even try tyrannically to subjugate its human inventors?

Today, AI is everywhere, and advanced thinking machines are poised to dramatically shape our technological future. These questions are no longer literary curiosities. In the past few years, we have witnessed the arrival of AI systems, known as large language models or LLMs, which act as vast repositories of human knowledge and can share ideas with people in words that we all understand. These models do not know everything, but they definitely know more than any one person. And despite claims to the contrary, they also have healthy doses of common sense. I asked a leading LLM – GPT-4 – whether sunflowers grow on the moon. It replied fluently and sensibly: ‘There are no sunflowers or any other forms of life, plant or otherwise, on the moon. The moon lacks the atmosphere, water, and stable temperature required to support Earth-like life forms.’ This is a watershed moment for humanity, in which the dream of automating knowledge seems to finally be within grasp.

The advent of these models has stirred vigorous debate concerning how AI will shape our society in the near future. For many people, interacting with AI systems that are embedded silently in software applications, or chatting back in customer server apps, has become a daily reality. What comes next, especially as AI systems become ever smarter? This is a very modern question, but to hunt down the answers we first need to turn the clock back hundreds of years, to consider the nature and origins of knowledge itself. Where does our so-called wisdom come from, and how has it allowed humans to dominate the planet? What is it that makes Homo sapiens sapient? Why is it that we – and so far no other species – have travelled to space and invented the Eurovision Song Contest?

The other species who live alongside us, from our nearest primate cousins to our most distant relatives (mostly slimy things that live on the ocean floor), are also capable of some impressive behaviours. Crows can fashion sticks into hooks to retrieve grubs from ingenious puzzle apparatus, bonobos take sexual experimentation to levels of exoticism that would make an adult film star blush, and octopi are notorious for hatching Houdini-style escapes from their laboratory aquaria. But it’s probably fair to say that their achievements are not quite in the same ballpark as those of us humans. Other animals haven’t discovered prime numbers, or worked out how to play the saxophone. When the world mosquito population reached eight billion, they didn’t hold a press conference featuring a symbolic baby gnat. This implies that there is some special property of the human mind that allows us to obtain and generate knowledge.

As we shall see, the hunt for this magic ingredient – that which allows us to play Go, scale Mount Everest, and write epic poetry – has for hundreds of years been inextricably intertwined with the question of how we might build an artificial mind.




2. Chess or Ice Skating?

The earliest stories about the origins of knowledge are told in the myths of pre-modern people who looked to the sky and wondered why they exist. Across the globe, in creation stories, it was God who cast man (always man and not his female companion) in a starring role in the planetary menagerie. In the Book of Genesis, Adam and Eve ate from the forbidden Tree of Knowledge, and were moved to invent underwear. In the Greek myths, the titan Prometheus stole fire from Zeus and gave it to mankind to build a civilization with decent central heating. In the creation story of the Native American Haudenosaunee the Creator asked people to be good stewards of the Earth (which they were until the Europeans showed up). But colourful as these myths are, they don’t generally detail the psychological qualities that God gave to humans that make them well suited to this senior management role in the animal kingdom.

By the time of the Greeks, thinkers had started to cobble together the first theories about the origins of human wisdom. Two rival philosophical positions emerged, each staking out a view about the origin and limits of knowledge. On the one hand, the empiricists argued that the mind works primarily by acquiring information from the senses – by experiencing the world and learning about it. Their rivals, the rationalists, claimed that knowledge comes from the power of thought. The roots of the empiricist camp can be traced back to Aristotle, who famously claimed that ‘the senses are the gateways to intelligence’, whereas rationalism is loosely descended from the teachings of Plato, who believed that the true nature of the world was hidden from view, but could be grasped through the ‘logos’ (or ability to reason). By the 1700s, the empiricist baton had been picked up by British philosophers such as Hume and Locke, who proposed that the infant mind began as a ‘blank slate’ – without any a priori knowledge of how the world works – allowing the impress of sensory experience to shape what it knows and how it thinks. By contrast, the rationalist camp countered that knowledge was acquired by a process of rational thought – best embodied by Descartes’s famous maxim that he is ‘nothing but a thinking thing’: that, because he could doubt everything except the fact that he was thinking, reasoning must be the starting point for all inquiry.

When the Winter Olympics are held every four years, figure skating is one of its greatest treats. Lithe athletes in glitzy Lycra hurtle round the rink, pirouetting through their choreographed routines with exquisite precision and verve. Less flamboyant – but equally nail-biting – is the biannual World Chess Championship. Here, all the drama unfolds on the board, as grandmasters battle for pieces and territory in the world’s most cerebral sport. As we shall see, the big debate between rationalists and empiricists boils down to whether the secret of intelligence is hidden in the magic of a figure skater’s twirl or in the cold, relentless logic by which chess champions ensnare their opponent’s king.

Rationalists believe that natural events unfold in an orderly way, guided by a set of coherent, lawful principles, like the rules of a game. The rules of chess are remarkably simple – they can fit on a single page – but the universe they create is endlessly rich. Whole shelves of chess literature dissect tactics and stratagems that explain attacking, defensive or positional play, or conduct post-mortems on epic battles between past titans. The orderly nature of play means that by chaining together rudimentary moves, it is possible to hatch elaborate plans that stretch deep into the endgame – complex chess knowledge can be mentally composed from simple building blocks. Armed with the rules, there is no need to learn – you just need to think really hard. Rationalists see the world as being systematic in exactly this way. They believe that the whole galaxy of human knowledge is ultimately constructed by recursively dovetailing a small set of logical principles. Marvin Minsky, whose lab at MIT built some of the first functioning robotic systems, claimed in the 1960s that ‘once you have the right kind of descriptions and mechanisms, learning isn’t really important’ – he believed that AI could bypass the whole Aristotelian learning-from-the-senses part, and that we could just insert the right rules for reasoning into an artificial system’s brain by hand.

On the other hand, for empiricists, life is more like taking a precarious turn on the ice. With every step, jump or glide, a skater constantly has to accommodate small ridges or ruts in the rink, or adjust to variation in its slippery texture. There is no one set of rules for how to glide, and carefully studying an ice-skating textbook is not going to secure you a medal. Instead, you need to practise – to gradually refine your routine for hours and hours on the ice every day. For empiricists, the world is a messy, chaotic place, strewn with unexpected glassy patches and unseen obstacles, and the only chance of survival is to refine our behaviours tirelessly until we can take all of life’s hurdles in our stride. To do this, we need to acquire knowledge from the senses and lay it down in memory for future use – so empiricists hold that learning is the key to knowledge.

This debate between rationalists and empiricists has been the fulcrum of Western intellectual history from the ancient Greeks to the computer geeks. But if you take a moment to introspect on your own mental processes, it might seem a bit odd. Despite what Sherlock Holmes and Mister Spock would have us believe, the world doesn’t seem to be perfectly straightforward and logical. Obviously, we need to learn from our senses, or it would be really hard ever to peel an orange or play the trombone. You can’t learn to ride a bike by reading a book, because reasoning doesn’t help much for balancing and steering. But equally, thinking things through is clearly sensible, especially if you are planning a wedding or a coup d’état. If you never planned your journey before jumping on your bike – using trial and error to find your way instead – you’d spend most of your time getting lost. In reality, our world has elements of both ice skating and chess – it is partly systematic and partly arbitrary. However, whether learning or reasoning is the key to knowledge has material consequences for the engineering choices that computer scientists make every day, and has divided AI researchers ever since the field emerged during the 1940s and 50s.

For most of the twentieth century, AI research adhered to a rationalist tradition, building machines that were able to reason, as if life’s choices were like moves on a chessboard. They even believed that if it were possible to build an artificial system that could outclass a grandmaster, then AI would be effectively solved. But after this milestone fell in 1997, apparently without superintelligence dawning, people began to swing round to the opposite view. The zeitgeist shifted, and researchers began to wonder whether ‘reasoning’ might in fact play a relatively minor role in intelligence, with the lion’s share of knowledge being acquired by learning. Some fifty years later, Ilya Sutskever – the AI researcher who led the development of ChatGPT – expresses a diametrically opposite view to Minsky, but with similar bravado: ‘How to solve hard problems? Use lots of training data. And a big deep neural network. And success is the only possible outcome.’ Translation: thinking and reasoning are not part of the solution. Instead your AI system should learn from data – lots and lots of it.

As we will see, this issue has morphed into a minor culture war, evoking heated debate on social media. If you follow conversations about AI technologies that play out on Twitter/X, you might hear a cognitive scientist claim dismissively that a language model is utterly incapable of understanding whatever it is saying, or a computer scientist boldly assert that huge neural networks will soon usher in a new era of general intelligence. In fact, in making these claims, they are taking sides in an intellectual turf war that can be traced back at least two thousand years.

We owe the first inklings about how to build an artificial mind to the rationalist camp. The first ideas emerged not in a Cambridge College, or a gleaming Silicon Valley Tech Campus, but in seventeenth-century Leipzig, where the philosopher Gottfried Leibniz lived and worked. Allegedly dubbed ‘the smartest man that ever lived’,fn1 Leibniz was obliged to spend his days tediously compiling the family history of his patrons, the Dukes of Hanover. This left only evenings and weekends for his true passion, which was contemplating the nature of knowledge, reality, mathematics and God. Leibniz was a fully paid-up rationalist – he believed that the universe ticked over like a giant clockwork machine, with every observable effect having a logical cause. Thus, reasoning from means to ends was the key to unlocking how and why everything happened. Leibniz believed we could use the power of rational inquiry alone to figure out why Saturn has rings, why grass is green, and why nobody liked his wig (apparently he was mocked in Paris for his lack of fashion sense).

The notion that all effects have causes was quite controversial for the time, but Leibniz had some even more radical ideas. Most famously, he wondered whether the process of reasoning itself could be automated in a machine. He imagined that perhaps there was a sort of logical language (he called it ‘calculus ratiocinator’) whose symbols could be manipulated to infer the truth or falsehood of any statement (such as ‘the first Duke of Hanover is exceptionally partial to sausages’), just like you can use maths to calculate that the square root of nine is three. If such a language were possible, it could be used to generate a sort of giant, automated encyclopaedia which would provide ready access to all human knowledge (he must have been dreaming of a way to speed up his onerous day job). Leibniz was way ahead of his time – nothing remotely resembling his universal calculating machine was built in his lifetime. But he planted a vision of machines thinking like humans that was set to reignite in the twentieth century.fn2

To realize Leibniz’s dream, people first had to invent the computer. The Second World War gave a massive boost to the development of electronic computing, mainly because of the pressing need to crack enemy cyphers and to blow things up more accurately. But by the late 1940s, as the world began the slow task of rebuilding its shattered cities, new ideas were brewing. We owe many of these to the British mathematician Alan Turing, that titan of twentieth-century thinking, whose CV includes having deciphered the Enigma code and founded the field of computer science.fn3 Before the war, Turing had published important work on the theory of computation, in which he proved that – as Leibniz had suspected – it was in principle possible to describe a universal algorithm that could solve any computable problem (and to set some bounds on which problems were computable and which not). Turing envisaged a machine that implemented this universal algorithm by reading instructions from an input tape (think of the ticker tape that spewed out stock-market prices from clanking machines in the early twentieth century). Picking up where Leibniz had left off, Turing’s imagined computer could be instructed to write its own (potentially more complex) instructions to the input tape, which (once read in) could generate ever more complex instructions. Turing’s amazing insight was that this process would set off a form of computational chain reaction in which computers became capable of ever more complex forms of reasoning, and perhaps would one day master human cognitive skills such as speaking in sentences or playing chess.

This famous ‘Turing Machine’ was never built, because it was just an abstract idea, not a physically realizable device. However, having been recruited into the Government Code and Cypher School at Bletchley Park during the war, Turing had the opportunity to see at first hand the power of real, physical computers at work. There, he had worked with the world’s first programmable electronic computer, called the Colossus. It was powered by 2,000 vacuum tubes, which were an early precursor to the transistor, the basic electronic switch that powers all digital technology. Vacuum tubes, which resemble miniature lightbulbs, allowed the device to follow logical instructions at breakneck speed (at least for the time). The Colossus was instrumental in cracking the Lorenz Cypher, a code that the Nazis used for strategic communications, making a major contribution to the Allied victory in the Second World War. As peace settled, Turing returned to Cambridge, and in the post-war years he wrote a series of seminal papers that elaborated his ideas about computing machines, and fired the starting gun on the field of AI research.

In one of these papers, published in 1950, Turing outlined a basic blueprint for how digital computers should work. Long before the Commodore 64 or the ChromeBook came blinking into existence, Turing proposed that a computer should have three main components: an executive unit, a memory store, and a controller. The executive unit performs operations, such as adding or appending numbers. The memory is used to park interim information in a temporary store called ‘addressable’ memory (because each item has an address, like houses on a street, so it is easy to locate). For example, when adding 24 and 39, the computer needs to store the 1 (from 4 + 9 = 13) that is to be carried to the tens column. The controller verifies that all steps have been correctly followed. The computer follows a big table of instructions about what to do in what order (today we would call this a program). Turing knew that the computational abilities of a computer wired up in this way would be limited only by the size of the memory and the number of operations that could be executed. This emboldened him to imagine a computer that could map inputs to outputs of just about any complexity. Turing realized he had stumbled on a general theory of how all brains work – that humans also come equipped with a computing device that can perform calculations, store information, and follow instructions. This device, which sits between our ears, allows us to perform the mental tricks to which we owe our advanced civilization.

To formalize this equivalence between computers and the human mind, Turing proposed a challenge for AI researchers called the Imitation Game, which has endured to this day. It takes the form of a sort of intellectual beauty contest, in which a human judge converses with two agents in turn, in the medium of text (Turing imagined using a teleprinter, an early electronic device that allowed people to communicate by typing). The goal of each agent – an AI and a human – is to convince the judge that they are the human, and the judge has to guess which is telling the truth. If the judge fails, the test has been passed. Turing imagined that the judge might ask the agents to compose poetry, do arithmetic or solve chess puzzles.

How well do current LLMs rise to the challenge that Turing set? In his 1950 paper ‘Computing Machinery and Intelligence’, Turing idly proposes three queries that he thinks would allow the judge to tell human from machine. First, he suggests testing the agents on their basic arithmetic: ‘Add 34,957 to 70,764’. GPT-4 replies: ‘The sum of 34,957 and 70,764 is 105,721.’ So far, so good. Next, Turing proposes a chess puzzle.fn4 ‘In chess, I have a king at e8 and no other pieces. Your king is at e6 and your rook at h1. It’s your move. What do you do?’ GPT-4 replies: ‘In this position, you are very close to checkmating your opponent, and there are many ways to do it. The simplest way would be to play Rh8’, which is a near-perfect reply. Finally, Turing proposes that the judge pose the following question: ‘Please write me a sonnet on the subject of the Forth Bridge.’ If you have used GPT-4 you perhaps already know that it is quite an accomplished poet. If you are sceptical, then I would encourage you to paste Turing’s demand into the query window and see what you get. My bet is that it will do at least as good a job as an average human, and more likely better.

Today, whether Turing’s test is a good barometer for strong AI systems is hotly debated, but as of 2023 the best LLMs, such as OpenAI’s ChatGPT and Google’s Gemini, can perform the tasks that Turing proposed better than most educated people. In fact, today machines mainly risk failing the Imitation Game because they are exposed when their replies are too accurate and eloquent to possibly have been produced by a person, or because AI companies deliberately make LLMs sound un-humanlike, in case they are used for fraud or other forms of deception – as we shall discuss in Part 4. So how did we get here? Over the next few chapters we will recount the intellectual twists and turns that took us from the first inkling that the panorama of human knowledge could be stored in a computer to the reality of ChatGPT.




3. A Universal Ontology

Leibniz’s great insight was that to build a reasoning machine, you need to start with a programming language – a formal way of instructing the machine to do your bidding. However, he never got round to writing a formal syntax (or set of rules) for this language. For this, we had to wait until the mid-nineteenth century, and the work of a relatively obscure English mathematician called George Boole. The son of a humble cobbler, Boole taught mathematics in Ireland, at the University of Cork, where, despite the burden of providing for his impoverished parents and siblings, he found time to write a lengthy tome catchily titled An Investigation of the Laws of Thought on Which are Founded the Mathematical Theories of Logic and Probabilities. In his book (which, it’s fair to say, is hardly a page-turner) Boole proposes a ‘mathematics of the intellect’ – a formal specification of the sorts of rules and operations that you need for thinking.

Boole realized that even quite complex reasoning problems, such as figuring out how to prove a theorem or diagnose a mystery illness, could be broken down into a small set of logical operations. Most reasoning, he argued, could be carried out using combinations of three primitive operations: conjunction (AND), disjunction (OR) and negation (NOT). So, faced with a poorly patient, a physician might reason that because they have high fever AND headache but NOT stiff neck then it’s probably just flu and thankfully not meningitis. Luckily, this formal logical language has built-in guarantees of validity (it is always true, for example, that if Max stole the cookie OR Finn stole the cookie, then if Finn did not steal the cookie then Max is definitely the culprit, a logic used by parents since time immemorial). Boole argued that this ability to think using bullet-proof logic (called ‘Boolean algebra’ in his honour) was the secret of our superlative human intelligence.

Boole’s findings confirmed Leibniz’s intuition that logic can be infinitely expressive, just like a simple programming language can be used to write functions within functions within functions to execute very complex programs. His work paved the way for a formal science of thinking about thinking. But it was also quite limited. Human knowledge is obviously more than a black-and-white list of what is true and not true. We know what properties objects, people and places have, and how they relate to each other – that Charlie Chaplin had a moustache that bristled like a toothbrush, and Sydney has a famous Opera House resembling a sort of steampunk Stegosaurus. Luckily, however, by the 1920s, Boole’s system had been elaborated into a richer framework called first-order logic that made it easier to translate our everyday conception of reality into a formal language that computers would be able to read.

The authors of this new formal language were an intellectual circle called the logical positivists (they included Bertrand Russell, Alfred North Whitehead and Gottlob Frege). They believed logic could be used to systematize all human knowledge, and they spent the prime of their careers attempting to boil down the whole of philosophy to the same inductive and deductive principles that scientists of the time were using to develop penicillin and discover quantum mechanics. In fact, Russell and Whitehead agonized over how to reformulate maths itself as a formal reasoning language. After years of work, deep into Volume II of their magnum opus Principia Mathematica, Russell finally proved that 1 + 1 = 2. They commented: ‘The above proposition is occasionally useful.’

First-order logic is also known as ‘predicate logic’. Predicates are terms that describe properties, functions or relations about the subject of a linguistic expression. They crop up both in natural languages, which are those that you and I speak (like French or Swahili), and in formal languages, such as those used in mathematics or logic, and those used to program computers (like Python or Fortran). For example, in the French sentence ‘Turing roule à bicyclette,’ Turing is the subject and the term ‘roule à bicyclette’ is the predicate. In predicate logic, we might write the same expression as riding(Turing,bicycle), which formalizes the relations between Turing and his bike as a function with two input arguments, one for the rider and one for the ridee. Note that once we have defined the function riding(x,y), it can be repurposed to express a multitude of different statements, including those that are less likely to occur in real life, such as riding(Confucius,ostrich). In fact, like natural















Afterword

I began writing These Strange New Minds in April 2023, and downed tools with a self-congratulatory mince pie two days before Christmas of that year. As I happily emailed my publisher what I hoped would be an all-finished-bar-the-typos manuscript, I didn’t realize that it would be another fifteen months until the book eventually hit the shelves. Of course, if I had written about the Road to the Risorgimento or the Secret Life of Butterflies, then this wouldn’t matter a jot. But compared to Italian History and Lepidopterology, the fields of machine learning and AI research are moving at close to warp speed, and quite a lot has happened over the past ten months – with more surely to come before book-launch day. This short afterword hopes to blitz through some of the more arresting recent advances.

This risks being a rather Herculean task. In 2022, about a quarter of a million papers were published in AI research.fn1 Extrapolating recent trends, we can assume that in the period between that first bite of mince pie in December 2023 and the first copy of this book being snatched off the shelves in March 2025, more than 300,000 articles describing primary or secondary research into AI systems will have emerged. Of course, many of these papers will be flawed, incremental, tedious, nonsensical, written by AI itself, or all of the above. Many more will be useful and informative, but insufficiently striking to make the cut in a popular nonfiction book. But the rate at which new ideas and results are emerging in the field is simply mind-bending. AI continues to advance at breakneck pace.

Here is another perspective. To me at least, the launch of the ChatGPT website feels like a distant milestone, like the Brexit referendum or the Covid-19 pandemic, fading fuzzily into collective memory. But astonishingly, this landmark event – the first time the general public were able to talk to an AI that could reply in fluent sentences – occurred just under two years before I wrote this afterword, in November 2022. This means that the interval between submission of this book and its publication almost exactly matches that between the dawn of this remarkable new era of talking AI and the typing of the final full stop in a book whose goal is to explain what it all means for good old-fashioned Natural Intelligences like you and me.

The consequence of this unavoidable hiatus is that there are many caveats and footnotes that I would dearly love to add, were the text not frozen in its final typeset form. So here is my headline sense of what those 300,000 additional articles may have collectively contributed (having, of course, read every single one of them).

AI that can talk out loud and reason better

As of today, October 2024, the cast of LLM characters that graces the preceding pages (GPT-4, Claude, and Gemini) continue to rule the roost as the most capable and widely used AI systems. However, initial generations of these models have been succeeded by offspring with newer and more exciting capabilities. The GPT class models produced by OpenAI continue to lead the pack, but today they come in two main flavours. The first, GPT-4o, is available to most users for text and image generation, but is also trained to respond with ‘voice mode’ – allowing it to reply with disarmingly naturalistic prosody, sporting the intonation, stress, and rhythm that characterize human speech. You can, of course, find videos that showcase its impressive capabilities online.fn2

Unavoidably, the ability to produce spoken words makes AI seem more human-like. In fact, giving a foretaste of the sorts of anthropomorphic AI systems we might expect in the near future, the GPT-4o voice-mode agent is apparently not averse to a touch of mild flirtation. In one of the demo videos, a sumptuous-sounding female voice coos to the human user, ‘Ooh, you are making me blush’ – despite its evident lack of digital cheeks with which to oblige. In fact, to many ears, this voice bears an unmistakable resemblance to that of the disembodied digital assistant in Spike Jonze’s 2013 movie Her, played by Hollywood A-lister Scarlett Johansson, with whom the main (human) character inevitably falls in love. In fact, back in the real world, in a delicious entanglement of fact and fiction, it turned out that Johansson had turned down a request from OpenAI to provide the raw material for a voice setting, but that the company had insouciantly gone ahead and created one that (allegedly) sounds pretty much like ‘Her’ in any case. Cue months of legal wrangling, which are ongoing at the time of writing. Voice mode is still only available to selected users, but seems set to be a wildly successful upgrade when it is publicly released – with or without the flirtatious features.

If you ask a techno-optimist why they believe that AI will be so transformative, you may well receive an answer that includes the words ‘scaling law’. A scaling law is an empirical measurement of how AI model capability (e.g. score on a painful maths test) increases with model size (i.e. parameter count, which is typically an unimaginably big number). For many tasks – not least language generation itself – the resulting data end up lying on a positive-going line, implying that bigger models are inevitably better. One important realization from the past few months is that a similar scaling law may exist for the amount of computation that is directed towards inference – or ‘thinking’ – when an AI responds to a user query.fn3 The other newly available product in OpenAI’s fleet of models, GPT-o1, is designed to take advantage of this principle. When you pose it a query that invites careful thought, such as a maths or logic problem, it will take its time – informing you that it is ‘thinking’ or ‘taking a closer look’ at the problem. OpenAI claim that GPT-o1 performs among the top 500 Maths Olympians in the US, and that its ability on benchmark physics, biology, and chemistry problems exceeds human PhD level. Of course, it is an AI system, and so you can also find plenty of examples on the internet where it says something face-palmingly silly, just like its GPT-ancestors were occasionally liable to do. But the advent of ‘compute-optimal’ scaling for AI is definitely a major step forward.

AI assistants for research and computer control

This book was not written primarily to forecast what the next steps in AI development might be, but in Part Five I predicted that we will soon see advances in ‘agentic’ systems. Recall that agentic AI systems are those that can do more than talk – they might be able to take actions in a web browser to perform routine tasks, such as making a consumer purchase or filling out a tax form. Just a few days before the time of writing, OpenAI rival Anthropic released a version of their flagship model, Claude Sonnet 3.5, that is capable of taking over your computer in exactly this way – clicking buttons, typing text, and moving the cursor. In one demo video,fn4 Claude is seen tackling a routine office chore – filling out a vendor request form – by taking a screenshot of a spreadsheet, working out that some crucial information is lacking, searching the internet for the missing details, and copying them adroitly into a form. Of course, it is early days, and it will probably be some time until agentic AI systems are sufficiently robust to be widely used. But they are coming soon.

Not to be left behind, within the past few weeks Google also released an impressive-looking multimodal tool called NotebookLM.fn5 Billed as ‘Your Personalized AI Research Assistant’, NotebookLM is a tool that allows you to upload a complex or technical document, such as a scientific paper, which it will then help you understand. Its most fun feature is definitely the ‘audio overview’, which allows you to turn a research article into a fully audio podcast – complete with two synthetic presenters who, via a jovial back-and-forth, gradually unpack what it says in layman’s terms. NotebookLM also allows you to ‘chat with the document’, posing questions about the text to an AI trained to provide easily comprehensible explanations. It seems likely that tools like this will become a routine part of work and study in the near future.

These new tech tools use the power of generative AI – the engine behind the LLMs discussed in the book – to integrate information from multiple sources and modalities. This includes the creation of new forms of synthetic media, including audio and video, and the expansion of the reach of AI actions beyond the chat window and into the wider computer operating system. It’s true that today’s releases remain somewhat limited and not fully reliable, but provide a tantalizing glimpse of what the future holds.

Has a plateau been reached in AI capability?

Despite these impressive innovations, over the past ten months the suspicion has emerged that AI may be ‘hitting a wall’ – that the previously stunning growth in model capabilities may have reached a natural plateau. Across a variety of domains, from solving pub-quiz questions to writing production-level computer code, AI systems seem to have reached levels of competence and reliability that are above those of the average Joe or Jane on the street, but stubbornly below those of trivia buffs, software engineers, or other assorted human boffins, geeks, and polymaths. We are still waiting for a breakthrough when AI systems do something truly remarkable – for example, by providing a Eureka moment that generates something so novel that it is obviously more than just a clever reassembly of their training data. This narrative has, of course, poured fuel on the fire of those negationist arguments that we encountered in Part Three, which claim that AI is really just a gimmick that is hyped by tech companies wishing to keep their share prices at stratospherically overinflated levels.

One possibility is that scaling laws – the positive relationship between model capability and size – hold true only in a world where training data is theoretically limitless, and we are approaching a point at which we have literally trained on the entirety of the digital content that humans have created and stored.fn6 The size of the internet is hard to estimate, but the number of websites is on the order of tens of billions, and the total text, image and video combined amount to perhaps 3,000 trillion input tokens – a gigantic, but finite, training dataset. As I argue in Part Five, it seems likely that for model capabilities to continue on their relentless upward trajectory, we will need new, more diverse and higher quality sources of human data. Just as a human child schooled exclusively by watching YouTube would know a lot of useful stuff but probably also entertain some fairly eccentric ideas, to educate AI systems properly we will need to expose them to the carefully curated data that serve as training for human scholars and other experts in schools, universities and technical training courses. Of course, AI companies realize this, and are busily recruiting PhD-level experts to give their models high-quality tutorials.

Harms from AI are also multiplying

Unfortunately, AI is already being widely used to cause harm as well as for good. There are two major areas where AI misuse has skyrocketed over the past year: financial fraud and intimate image abuse.

Sadly, AI is being extensively used to generate child sexual abuse material (CSAM) and to create non-consensual deepfake pornographic images. The UK-based Internet Watch Foundation reported in July 2024 that thousands of AI-generated child sexual images could be found on dark-web forums, including videos, severe (or Category A) images, and images of underage public figures, such as child actors.fn7 Many more such images are easily accessible on the clear web via a search engine such as Google.fn8 In one such case, the child actress Kaylin Hayman, star of the Disney show Just Roll With It, successfully sued a Pittsburgh man who used an image of her as a twelve-year-old – taken from her Instagram account – to create a pornographic image.fn9 Anger over the case helped rouse support for a newly passed California law which made the creation of such images punishable by imprisonment and fines of up to $100,000. Fortunately, AI-generated CSAM is already illegal in the UK and EU.

Nor are adults safe. Generative AI technologies that allow faces to be swapped or clothes to be virtually removed are proliferating, with women and girls by far the most common victims. In August 2024, a US lawsuit named sixteen such sites and revealed that they had collectively been visited 200 million times in the first half of the year, and advertising for these sites had increased twenty-four-fold over the same period. Many worry that tech companies are enabling this sort of gender-based violence – for example, authentication systems from Google, Apple and Discord could until recently be used to log into many of these ‘nudify’ sites.fn10 At present, it is unclear how to prevent the use of AI for this type of harmful activity, which seems set to mushroom as the tech becomes more easily available.

The use of AI to create synthetic content is also enabling fraud, especially in the financial sector. In May 2024, a staff member in the Hong Kong office of the UK engineering firm ARUP received a message, purporting to be from his UK-based chief financial officer (CFO), requesting that he make a ‘confidential transaction’ of a large sum of money to a third party. Rightly suspicious, the employee queried the request, but was able to confirm the transaction in a live video conversation with the CFO and other senior company figures. Except he wasn’t – fraudsters had used deepfake video technology to swap their faces for those of the company bosses, allowing them to convincingly ‘authorize’ the transfer over the call. The company ended up losing the equivalent of £20 million in the attack. This is just one eye-catching example of how AI is being used to facilitate criminal activity – costing many companies millions of dollars in both losses and preventative action.

These are just two of the myriad ways that AI can be used to create harm. AI Safety is growing fast, both as an academic field and a practical endeavour for governments, developers and nonprofit organizations. In late 2023, the UK created its own AI Safety Institute, which is a part of government dedicated to identifying and mitigating risk from AI.fn11 Other countries, including the US, Japan, and France, are following suit, with a view to creating a global network that can set standards (and potentially craft regulation) for the development and deployment of advanced AI systems.

Life changes

As time flies by, circumstances change for people, too – including those mentioned in the book. Chomsky, now aged ninety-five, is still going strong, but sadly the influential philosopher of mind Daniel Dennett passed away in April 2024. Dennett was a titan – he defined the ‘intentional stance’ and is cited in Part Four for his controversial claims that AI systems are being used to create ‘counterfeit people’ that pose a threat to our democracies. Others move on in other ways. Ilya Sutskever, architect of ChatGPT, fell out with colleagues at OpenAI (whose founders and board members seem embroiled in a sort of perpetual corporate soap opera), and left to found his own startup called Safe Superintelligence Inc. Geoffrey Hinton, who is introduced early in the book as the researcher with the best claim to have invented deep learning, was awarded the Nobel Prize in Physics in 2024. Almost everyone agreed that Hinton deserved a Nobel, but the award left many actual physicists scratching their heads about what neural networks have to do with their field. A day later, my friend Demis Hassabis, who founded DeepMind, and John Jumper, first author on the AlphaFold paper, shared the Nobel Prize in Chemistry for their use of AI to predict how proteins fold. Less consternation here – this was one of the most significant scientific advances of our times.

There are still five months to go until these pages see the light of day. No doubt much more will transpire before then. But I hope that the core ideas that this book conveys – the intellectual genealogy of LLMs, the nature of their ‘cognition’ and the power of in-context learning, and the questions of how they should be deployed into our societies – will remain fresh for many years into the future.

Oxford, 27.10.2024
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