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PREFACE

Imagine you arrive at your doctor’s office for an appointment to discuss some recent chest pains. You undergo a series of blood tests and scans, and a week later you return to the clinic, where your doctor reviews the results with you. The condition seems serious, and she briskly recommends surgery for a heart bypass. When you ask your doctor why she is confident the procedure is necessary, she walks you through her thought process, including the possibility that she is wrong and what being wrong might entail, before reiterating her advice that you undergo the surgery. What would you do?

Now imagine that, after you undergo a series of blood tests and scans, the data is fed into an artificially intelligent assistant, which confidently states that the condition seems serious and it would be desirable if you had surgery for a heart bypass. When you ask your doctor whether this is really necessary, she can’t tell you; she doesn’t know why the recommendation has been made. All she can say is that, when fed the full range of test data, the AI has been highly accurate in the past, and that it would be wise to trust it and proceed with the surgery. What would you do?

In the first case, the answer probably seems obvious: if the doctor is confident and able to explain her reasons for being confident, you feel you should trust her advice. In the second, however, it may not be so clear. Many of us intuitively feel that if a person or a machine is going to be making high-stakes decisions on our behalf, we should be able to ask them to explain why they have come up with a particular answer. Many of our legal frameworks—those that ascribe liability and blame for errors—are based on the notion of being able to justify and defend what we did and why we did it. Without an explanation, we are left with blind trust—in each other, or in our machines. Ironically, some of the highest performing machine learning algorithms are often the least explainable. In contrast, humans are rapacious explainers of what we are doing and why, a capacity that depends on our ability to reflect on, think about, and know things about ourselves, including how we remember, perceive, decide, think, and feel.

Psychologists have a special name for this kind of self-awareness: metacognition—literally, the ability to think about our own thinking, from the Greek “meta” meaning “after” or “beyond.” Metacognition is a fragile, beautiful, and frankly bizarre feature of the human mind, one that has fascinated scientists and philosophers for centuries. In the biologist Carl Linnaeus’s famous 1735 book Systema Naturae, he carefully noted down the physical features of hundreds of species. But when it came to our genus, Homo, he was so captivated with humans’ ability for metacognition that he simply annotated his entry with the one-line Latin description “Nosce te ipsum”—those that know themselves.1

Self-awareness is a defining feature of human experience. Take a student, Jane, who is studying for an engineering exam. What might be going through her head? She is no doubt juggling a range of facts and formulas that she needs to master and understand. But she is also, perhaps without realizing it, figuring out how, when, and what to study. Which environment is better, a lively coffee shop or a quiet library? Does she learn best by rereading her notes or by practicing problem sets? Would it be better to shut the book on one topic and move onto another? Can she stop studying altogether and head out with friends?

Getting these decisions right is clearly critical for Jane’s chances of success. She would not want to fall into a trap of thinking she knows a topic well when she does not, or to place her trust in a dodgy study strategy. But no one is giving her the answers to these questions. Instead, she is relying on her awareness of how she learns.

Our powers of self-reflection do not lose their importance when we leave the classroom or the exam hall. Consider the experience of James Nestor, an author and free diver. In his book Deep, Nestor recounts how he traveled to coastal locations in Greece and the Bahamas to report on free-diving tournaments. At each tournament, there is only one goal: to dive deeper than all the other competitors, all on a single breath. To prove that they have reached a particular depth, the divers retrieve a tag with a number emblazoned on it. If they pass out after surfacing, the dive is declared null and void. To be successful, professional free divers must be acutely self-aware of their ability to reach a depth while avoiding injury or even death. Slight underconfidence will lead to underperformance, whereas slight overconfidence may be fatal. It’s telling that a large part of free divers’ training takes place on land, in psychological exploration of their underwater capacities and limitations.2

Or how about the case of Judith Keppel, one of the first contestants on the British TV game show Who Wants to Be a Millionaire? For each question, contestants are asked if they are sure they know the right answer and want to risk their existing winnings on the chance of a higher prize, or if they’d prefer to walk away with whatever they have already won. The stakes are high: being wrong means losing everything you have earned. In Keppel’s case, she faced this decision with £500,000 on the line. The million-pound question was: “Which king was married to Eleanor of Aquitaine?” After a brief discussion with the show’s host, Chris Tarrant, she settled on the answer of Henry II. Then Tarrant asked his killer question, the moment when contestants typically agonize the most: “Is that your final answer?” Success again rests on self-awareness. You want to know if you’re likely to be right before accepting the gamble. Keppel stuck to her guns and became the show’s first winner of the top prize.

What unites the stories of Jane, James, and Judith is how keenly their success or failure hinges on having accurate self-awareness. To appreciate the power of metacognition, we can reimagine their stories in a world where self-awareness is inaccurate. Jane might have erroneously thought that because the fluid mechanics problems felt easy, she could close the book on that topic and move on. She would think she was doing fine, even if this was not the case. A metacognitive error such as this could lead to catastrophic failure in the exam, despite Jane’s raw ability and diligent studying. In Judith’s case, we can identify two types of metacognitive failure: She may have known the answer but thought she did not, and therefore would have missed out on the opportunity to become a millionaire. Or she may have been overconfident, choosing to gamble on a wrong answer and losing everything. In James’s case, such overconfidence may even be the difference between life and death. If he had thought that he was able to handle deeper depths than he was capable of, he would, like a submarine Icarus, have overreached and realized his mistake only when it was too late.

We often overlook the power of metacognition in shaping our own lives, both for good and ill. The relevance of good self-awareness can seem less obvious than, say, the ability to solve equations, perform athletic feats, or remember historical facts. For most of us, our metacognition is like the conductor of an orchestra, occasionally intervening to nudge and guide the players in the right (or wrong) direction in ways that are often unnoticed or unappreciated at the time. If the conductor was absent, the orchestra would continue to play—just as Jane, James, and Judith would continue to plow on with studying, diving, and game-show answering even if their self-awareness was temporarily abolished. But a good conductor can make the difference between a routine rehearsal and a world-class performance—just as the subtle influence of metacognition can make the difference between success and failure, or life and death.

Another reason why the role of self-awareness is sometimes ignored is that it has historically proven difficult to measure, define, and study. But this is now changing. A new branch of neuroscience—metacognitive neuroscience—is pulling back the veil on how the human mind self-reflects. By combining innovative laboratory tests with the latest in brain imaging technology, we are now gaining an increasingly detailed picture of how self-awareness works, both as a cognitive process and as a biological one. As we will see, a science of metacognition can take us further than ever before in knowing ourselves.3

Creating a Science of Self-Awareness

I have been fascinated by the puzzle of self-awareness ever since I was a teenager, when I was drawn to books on the brain and mind. I remember glancing up from one of those books while lying by a pool during a summer vacation and daydreaming about my experience: Why should the mere activity of brain cells in my head lead to this unique experience of light shimmering on the surface of the swimming pool? And more to the point: How can the very same brain that is having this experience allow me to think about these mysteries in the first place? It was one thing to be conscious, but to know I was conscious and to think about my own awareness—that’s when my head began to spin. I was hooked.

I now run a neuroscience lab dedicated to the study of self-awareness at University College London. My team is one of several working within the Wellcome Centre for Human Neuroimaging, located in an elegant town house in Queen Square in London.4 The basement of our building houses large machines for brain imaging, and each group in the Centre uses this technology to study how different aspects of the mind and brain work: how we see, hear, remember, speak, make decisions, and so on. The students and postdocs in my lab focus on the brain’s capacity for self-awareness. I find it a remarkable fact that something unique about our biology has allowed the human brain to turn its thoughts on itself.

Until quite recently, however, this all seemed like nonsense. As the nineteenth-century French philosopher Auguste Comte put it: “The thinking individual cannot cut himself in two—one of the parts reasoning, while the other is looking on. Since in this case the organ observed and the observing organ are identical, how could any observation be made?”5 In other words, how can the same brain turn its thoughts upon itself?

Comte’s argument chimed with scientific thinking at the time. After the Enlightenment dawned on Europe, an increasingly popular view was that self-awareness was special and not something that could be studied using the tools of science. Western philosophers were instead using self-reflection as a philosophical tool, much as mathematicians use algebra in the pursuit of new mathematical truths. René Descartes relied on self-reflection in this way to reach his famous conclusion “I think, therefore I am,” noting along the way that “I know clearly that there is nothing that can be perceived by me more easily or more clearly than my own mind.” Descartes proposed that a central soul was the seat of thought and reason, commanding our bodies to act on our behalf. The soul could not be split in two—it just was. Self-awareness was therefore mysterious and indefinable, and off-limits to science.6

We now know that the premise of Comte’s worry is false. The human brain is not a single, indivisible organ. Instead, the brain is made up of billions of small components—neurons—that each crackle with electrical activity and participate in a wiring diagram of mind-boggling complexity. Out of the interactions among these cells, our entire mental life—our thoughts and feelings, hopes and dreams—flickers in and out of existence.

But rather than being a meaningless tangle of connections with no discernible structure, this wiring diagram also has a broader architecture that divides the brain into distinct regions, each engaged in specialized computations. Just as a map of a city need not include individual houses to be useful, we can obtain a rough overview of how different areas of the human brain are working together at the scale of regions rather than individual brain cells. Some areas of the cortex are closer to the inputs (such as the eyes) and others are further up the processing chain. For instance, some regions are primarily involved in seeing (the visual cortex, at the back of the brain), others in processing sounds (the auditory cortex), while others are involved in storing and retrieving memories (such as the hippocampus).

In a reply to Comte in 1865, the British philosopher John Stuart Mill anticipated the idea that self-awareness might also depend on the interaction of processes operating within a single brain and was thus a legitimate target of scientific study. Now, thanks to the advent of powerful brain imaging technologies such as functional magnetic resonance imaging (fMRI), we know that when we self-reflect, particular brain networks indeed crackle into life and that damage or disease to these same networks can lead to devastating impairments of self-awareness.7

Know Thyself Better

I often think that if we were not so thoroughly familiar with our own capacity for self-awareness, we would be gobsmacked that the brain is able to pull off this marvelous conjuring trick. Imagine for a moment that you are a scientist on a mission to study new life-forms found on a distant planet. Biologists back on Earth are clamoring to know what they’re made of and what makes them tick. But no one suggests just asking them! And yet a Martian landing on Earth, after learning a bit of English or Spanish or French, could do just that. The Martians might be stunned to find that we can already tell them something about what it is like to remember, dream, laugh, cry, or feel elated or regretful—all by virtue of being self-aware.8

But self-awareness did not just evolve to allow us to tell each other (and potential Martian visitors) about our thoughts and feelings. Instead, being self-aware is central to how we experience the world. We not only perceive our surroundings; we can also reflect on the beauty of a sunset, wonder whether our vision is blurred, and ask whether our senses are being fooled by illusions or magic tricks. We not only make decisions about whether to take a new job or whom to marry; we can also reflect on whether we made a good or bad choice. We not only recall childhood memories; we can also question whether these memories might be mistaken.

Self-awareness also enables us to understand that other people have minds like ours. Being self-aware allows me to ask, “How does this seem to me?” and, equally importantly, “How will this seem to someone else?” Literary novels would become meaningless if we lost the ability to think about the minds of others and compare their experiences to our own. Without self-awareness, there would be no organized education. We would not know who needs to learn or whether we have the capacity to teach them. The writer Vladimir Nabokov elegantly captured this idea that self-awareness is a catalyst for human flourishing:


Being aware of being aware of being. In other words, if I not only know that I am but also know that I know it, then I belong to the human species. All the rest follows—the glory of thought, poetry, a vision of the universe. In that respect, the gap between ape and man is immeasurably greater than the one between amoeba and ape.9



In light of these myriad benefits, it’s not surprising that cultivating accurate self-awareness has long been considered a wise and noble goal. In Plato’s dialogue Charmides, Socrates has just returned from fighting in the Peloponnesian War. On his way home, he asks a local boy, Charmides, if he has worked out the meaning of sophrosyne—the Greek word for temperance or moderation, and the essence of a life well lived. After a long debate, the boy’s cousin Critias suggests that the key to sophrosyne is simple: self-awareness. Socrates sums up his argument: “Then the wise or temperate man, and he only, will know himself, and be able to examine what he knows or does not know. … No other person will be able to do this.”10

Likewise, the ancient Greeks were urged to “know thyself” by a prominent inscription carved into the stone of the Temple of Delphi. For them, self-awareness was a work in progress and something to be striven toward. This view persisted into medieval religious traditions: for instance, the Italian priest and philosopher Saint Thomas Aquinas suggested that while God knows Himself by default, we need to put in time and effort to know our own minds. Aquinas and his monks spent long hours engaged in silent contemplation. They believed that only by participating in concerted self-reflection could they ascend toward the image of God.11

A similar notion of striving toward self-awareness is seen in Eastern traditions such as Buddhism. The spiritual goal of enlightenment is to dissolve the ego, allowing more transparent and direct knowledge of our minds acting in the here and now. The founder of Chinese Taoism, Lao Tzu, captured this idea that gaining self-awareness is one of the highest pursuits when he wrote, “To know that one does not know is best; Not to know but to believe that one knows is a disease.”12

Today, there is a plethora of websites, blogs, and self-help books that encourage us to “find ourselves” and become more self-aware. The sentiment is well meant. But while we are often urged to have better self-awareness, little attention is paid to how self-awareness actually works. I find this odd. It would be strange to encourage people to fix their cars without knowing how the engine worked, or to go to the gym without knowing which muscles to exercise. This book aims to fill this gap. I don’t pretend to give pithy advice or quotes to put on a poster. Instead, I aim to provide a guide to the building blocks of self-awareness, drawing on the latest research from psychology, computer science, and neuroscience. By understanding how self-awareness works, I aim to put us in a position to answer the Athenian call to use it better.

I also aim to help us use our machines better—both those that exist today and those that are likely to arrive in the near future. As with your imagined visit to the doctor’s artificially intelligent clinic and its inexplicable advice to have surgery, we are already being forced to deal with complex systems making decisions we do not understand. We are surrounded by smart but unconscious algorithms—from climate forecasting models to automatic financial traders—and similar tools are poised to encroach on all areas of our lives. In many cases, these algorithms make our lives easier and more productive, and they may be required to help us tackle unprecedented challenges such as climate change. But there is also a danger that deferring to supersmart black boxes will limit human autonomy: by removing metacognition from the equation, we will not know why or how certain decisions were made and instead be forced into blindly following the algorithms’ advice. As the philosopher Daniel Dennett points out: “The real danger, I think, is not that machines more intelligent than we are will usurp our role as captains of our destinies, but that we will overestimate the comprehension of our latest thinking tools, prematurely ceding authority to them far beyond their competence.”13 As we will see, the science of self-awareness provides us with alternative visions of this future, ones that ensure that awareness of competence remains at the top of the priority list, both for ourselves and our machines.

Looking Ahead

Let’s take a look at the road ahead. The big idea of this book is that the human brain plays host to specific algorithms for self-awareness. How these algorithms work will occupy us in Part I. We will see that the neural circuits supporting metacognition did not just pop up out of nowhere. Instead, they are grounded in the functions of the evolved human brain. This means that many of the building blocks of metacognition are also shared with other species and are in place early in human development. We’ll cover both the unconscious processes that form the building blocks of self-monitoring and the conscious processes that enable you to be self-aware of the experiences you are having. As will become clear, when we talk about self-awareness, what we really mean is a collection of capacities—such as being able to recognize our mistakes and comment on our experience—that when bundled together result in a self-aware human being.14

By the end of Part I, we will have seen how a number of critical components come together to create a fully-fledged capacity for self-awareness. We will also be in a position to understand how and why these processes sometimes go wrong, leading to failures of self-awareness in diseases such as schizophrenia and dementia. In Part II, we will then turn to how we use self-awareness in many areas of our lives to learn, make decisions, and collaborate with others. By understanding how and why self-awareness may become distorted—and by recognizing both its power and fragility—we will be in a position to ensure that we do not end up in situations in which it tends to misfire. We’ll dig into several important arenas of human affairs—including the crucial role that metacognition plays in witnesses testimony, in politics, and in science—to see why knowing ourselves, and knowing how others know themselves, is crucial to building a fairer and better society. We’ll explore how self-awareness helps us separate reality from imagination and how, by learning to harness it, it can even help us shape our dreams. We will see that because self-awareness is sometimes absent there are, in fact, plenty of cases in which we humans are also no better than black boxes, unable to explain what we have done or why.

We will also see that, despite these limitations, the human capacity for self-awareness and self-explanation is what underpins our notions of autonomy and responsibility. We’ll explore the role of self-awareness in classroom learning and teaching. We’ll see why in sports it might be better to be less self-aware to perform well but more self-aware when coaching others. We’ll see how digital technology changes our awareness of ourselves and others in a range of crucial ways. Indeed, I’ll make the case that in a world of increasing political polarization and misinformation, cultivating the ability to self-reflect and question our beliefs and opinions has never been more essential. We’ll explore why computers—even the most powerful—currently lack metacognition, and how the increasing prevalence of machine learning in AI means that algorithms for intelligence are rapidly diverging from algorithms for self-awareness. We’ll examine what this might mean for society and how we might fix it, either by attempting to build self-awareness into our computers or by ensuring we can understand and use the machines that we build. However that effort concludes, it may hold the key to solving some of the most pressing problems in society.

By the end of all this, I hope it will be clear why, from ancient Athens to the boardroom of Amazon.com, cultivating self-awareness has always been essential to flourishing and success. But we are getting ahead of ourselves. To unravel the mysteries of how self-awareness works, we need to start with the simplest of building blocks. Let’s begin with two features of how our minds work: how we track uncertainty and how we monitor our actions. These two features may appear simple, but they are fundamental components of a self-aware brain.





PART I

[image: part scene break image]

BUILDING MINDS THAT KNOW THEMSELVES





1

HOW TO BE UNCERTAIN


The other fountain [of] ideas, is the perception of the operation of our own minds within us. … And though it be not sense, as having nothing to do with external objects, yet it is very like it, and might properly enough be called internal sense.

—JOHN LOCKE,

Essay Concerning Human Understanding, Book II



Is something there, or not? This was the decision facing Stanislav Petrov one early morning in September 1983. Petrov was a lieutenant colonel in the Soviet Air Defense Forces and in charge of monitoring early warning satellites. It was the height of the Cold War between the United States and Russia, and there was a very real threat that long-range nuclear missiles could be launched by either side. That fateful morning, the alarms went off in Petrov’s command center, alerting him that five US missiles were on their way to Russia. Under the doctrine of mutually assured destruction, his job was to immediately report the attack to his superiors so they could launch a counterattack. Time was of the essence—within twenty-five minutes, the missiles would detonate on Soviet soil.1

But Petrov decided that the alert was unlikely to be a real missile. Instead, he called in a system malfunction. To him, it seemed more probable that the satellite was unreliable—that the blip on the radar screen was noise, not signal—than that the United States had sent over missiles in a surprise attack that would surely launch a nuclear war. After a nervous wait of several minutes, he was proved right. The false alarm had been triggered by the satellites mistaking the sun’s reflection off the tops of clouds for missiles scudding through the upper atmosphere.

Petrov saw the world in shades of gray and was willing to entertain uncertainty about what the systems and his senses were telling him. His willingness to embrace ambiguity and question what he was being told arguably saved the world from disaster. In this chapter, we will see that representing uncertainty is a key ingredient in our recipe for creating self-aware systems. The human brain is in fact an exquisite uncertainty-tracking machine, and the role of uncertainty in how brains work goes much deeper than the kind of high-stakes decision facing Petrov. Without an ability to estimate uncertainty, it is unlikely that we would be able to perceive the world at all—and a wonderful side benefit is that we can also harness it to doubt ourselves.

Inverse Problems and How to Solve Them

The reason Petrov’s decision was difficult was that he had to separate out signal from noise. The same blip on the radar screen could be due to an actual missile or noise in the system. It is impossible to work out which from the characteristics of the blip alone. This is known as an inverse problem—so called because solving it requires inverting the causal chain and making a best guess about what is causing the data we are receiving. In the same way, our brains are constantly solving inverse problems, unsure about what is really out there in the world.

The reason for this is that the brain is locked inside a dark skull and has only limited contact with the outside world through the lo-fi information provided by the senses. Take the seemingly simple task of deciding whether a light was just flashed in a darkened room. If the light flash is made dim enough, then sometimes you will say the light is present even when it is absent. Because your eye and brain form a noisy system, the firing of neurons in your visual cortex is not exactly the same for each repetition of the stimulus. Sometimes, even when the light isn’t flashed, random noise in the system will lead to high firing rates, just like the blip on Petrov’s radar screen was caused by atmospheric noise. Because the brain doesn’t know whether these high firing rates are caused by signal or noise, if your visual cortical neurons are firing vigorously it will seem as though a light was flashed even if it wasn’t.2

Because our senses—touch, smell, taste, sight, and hearing—each have access to only a small, noisy slice of reality, they must pool their resources to come up with a best guess about what is really out there. They are rather like the blind men in the ancient Indian parable. The one holding the elephant’s leg says it must be a pillar; the one who feels the tail says it is like a rope; the one who feels the trunk says it is like a tree branch; the one who feels the ear says it is like a hand fan; the one who feels its belly says it is like a wall; and the one who feels the tusk says it is like a solid pipe. Eventually, a stranger wanders past and informs them that they are, in fact, all correct and the elephant has all the features they observed. They would do better to combine their perspectives, he says, rather than argue.

A mathematical framework known as Bayes’s theorem provides a powerful tool for thinking about these kinds of problems. To see how Bayes’s rule helps us solve inverse problems, we can play the following game. I have three dice, two of which are regular dice with the numbers 1 to 6 on their faces, and one of which is a trick die with either a 0 or 3 on every face. From behind a curtain, I’m going to roll all three dice at once and tell you the combined total. On each roll, I might choose to use a trick die that shows all 0s, or a trick die that shows all 3s. For instance, on my first roll I might roll 2, 4, and 0 (on the third, trick die) for a combined total of 6. Your task is to tell me your best guess about the identity of the trick die—either a 3 or a 0—based only on your knowledge of the total.3

In this game, the 0 or the 3 on the trick die stand in for the “hidden” states of the world: whether the missile was present in Petrov’s dilemma, or whether the light was flashed in the case of our visual cortex neuron. Somehow, we need to go back from the noisy evidence we have received—the sum total of the three dice—and use this to work out the hidden state.

Sometimes this is easy. If I tell you the combined total is 4 or less, then you know that the third die must have been showing 0 to produce such a low sum. If the combined total is greater than 12 (two 6s plus a quantity more than 0), then you know for sure that the third die must have been showing 3. But what about quantities between these extremes? What about a total of 6 or 8? This is trickier.

One way we might go about solving this game is by trial and error. We could roll the three dice ourselves many times, record the total, and observe the true state of the world: what was actually showing on the face of the third die on each roll.

The first few rolls of the game might look like this:

[image: table image]

And so on, for many tens of rolls. An easier way to present this data is in a chart of the number of times we observe a particular total—say, 6—and the identity of the trick die at the time (0 or 3). We can select particular colors for the trick die number; here I’ve chosen gray for 0 and white for 3.

After ten rolls the graph might look like this:

[image: 10Rolls image]

This isn’t very informative, and shows only a scatter of different totals, just like in our table. But after fifty rolls a pattern starts to emerge:

[image: 50Rolls image]

And after one thousand rolls, the pattern is very clear:

[image: 1000Rolls image]

The counts from our experiment form two clear hills, with the majority falling in a middle range and peaks around 7 and 10. This makes sense. On average, the two real dice will give a total of around 7, and therefore adding either 0 or 3 from the trick die to this total will tend to give 7 or 10. And we see clear evidence for our intuition at the start: you only observe counts of 4 or less when the trick die equals 0, and you only observe counts of 13 or more when the trick die equals 3.

Now, armed with this data, let’s return to our game. If I were to give you a particular total, such as 10, and ask you to guess what the trick die is showing, what should you answer? The graph above tells us that it is more likely that the total 10 is associated with the trick die having 3 on its face. From Bayes’s rule, we know that the relative height of the white and gray bars (assuming we’ve performed our experiment a sufficient number of times) tells us precisely how much more likely the 3 is compared to the 0—in this case, around twice as likely. The Bayes-optimal solution to this game is to always report the more likely value of the trick die, which amounts to saying 3 when the total is 9 or above and 0 when the total is 8 or lower.

What we’ve just sketched is an algorithm for making a decision from noisy information. The trick die is always lurking in the background because it is contributing to the total each time. But its true status is obscured by the noise added by the two normal dice, just as the presence of a missile could not be estimated by Petrov from the noisy radar signal alone. Our game is an example of a general class of problems involving decisions under uncertainty that can be solved by applying Bayes’s rule.

In the case of Petrov’s fateful decision, the set of potential explanations is limited: either there is a missile or it’s a false alarm. Similarly, in our dice game, there are only two explanations to choose between: either the trick die is a 0 or it’s a But in most situations, not only is the sensory input noisy, but there is a range of potential explanations for the data streaming in through our senses. Imagine a drawing of a circle around twenty centimeters across and held at a distance of one meter from the eye. Light reflected from the circle travels in straight lines, passing through the lens of the eye and creating a small image (of a circle) on the retina. Because the image on the retina is two-dimensional, the brain could interpret it as being caused by any infinite number of circles of different sizes arranged at appropriate distances. Roughly the same retinal image would be caused by a forty-centimeter circle held at two meters, or an eight-meter circle at forty meters. In many cases, there is simply not enough information in the input to constrain what we see.

These more complex inverse problems can be solved by making guesses as to the best explanation based on additional information drawn from other sources. To estimate the actual diameter of the circle, for instance, we can use other cues such as differences in the images received by the two eyes, changes in the texture, position, and shading of nearby objects, and so on.

To experience this process in real time, take a look at these two pictures:

[image: image]

Most people see the image on the left-hand side as a series of bumps, raised above the surface. The image on the right, in contrast, looks like a series of little pits or depressions in the page. Why the difference?

The illusion is generated by your brain’s solution to the inverse problem. The left and right sets of dots are actually the same image rotated 180 degrees (you can rotate the book to check!). The reason they appear different is that our visual system expects light to fall from above, because scenes are typically lit from sunlight falling from above our heads. In contrast, uplighting—such as when light from a fire illuminates the side of a cliff, or spotlights are projected upward onto a cathedral—is statistically less common. When viewing the two sets of dots, our brain interprets the lighter parts of the image on the left as being consistent with light striking a series of bumps and the darker parts of the image on the right as consistent with a series of shadows cast by holes, despite both being created from the same raw materials.

Another striking illusion is this image created by the vision scientist Edward Adelson:

[image: Adelson’s checkerboard]

Adelson’s checkerboard

(Edward H. Adelson)

In the left-hand image, the squares labeled A and B are in fact identical shades of gray; they have the same luminance. Square B appears lighter because your brain “knows” that it is in shadow: in order to reflect the same level of light to the eye as A, which is fully illuminated, it must have started out lighter. The equivalence of A and B can be easily appreciated by connecting them up, as in the right-hand image. Now the cue provided by this artificial bridge overrides the influence of the shadow in the brain’s interpretation of the squares (to convince yourself that the leftand right-hand images are the same, try using a sheet of paper to cover up the bottom half of the two images).

The upshot is that these surprising illusions are not really illusions at all. One interpretation of the image is given by our scientific instruments—the numbers produced by light meters and computer monitors. The other is provided by our visual systems that have been tuned to discover regularities such as shadows or light falling from above—regularities that help them build useful models of the world. In the real world, with light and shade and shadows, these models would usually be right. Many visual illusions are clever ways of exposing the workings of a system finely tuned for perceptual inference. And, as we will see in the next section, several principles of brain organization are consistent with this system solving inverse problems on a massive scale.

Building Models of the World

One of the best-understood parts of the human and monkey brain is the visual system. Distinct regions toward the back of the brain process different aspects of visual input, and each is labeled with increasing numbers for more advanced stages of image processing. V1 and V2 extract information about the orientation of lines and shapes, V4 about color, and V5 about whether objects are moving. Downstream of these V regions we hit regions of the ventral visual stream that are tasked with putting all these pieces together to identify whole objects, such as faces and bodies and tables and chairs. In parallel, the dorsal visual stream contains regions that specialize in keeping track of where things are and whether they are moving from place to place.4

[image: The right hemisphere of the human brain. The locations of the four cortical lobes, the cerebellum, and key visual pathways are indicated.]

The right hemisphere of the human brain. The locations of the four cortical lobes, the cerebellum, and key visual pathways are indicated.

At the start of the ventral visual stream, individual brain cells encode only a small amount of the external world, such as a patch in the lower left of our field of view. But as we move up the hierarchy, the cells begin to widen their focus, similar to a camera zooming out. By the time we reach the top of the hierarchy, where a stimulus is displayed matters much less than what it depicts—a face, house, cat, dog, etc. The lens is completely zoomed out, and information about the object’s identity is represented independently of spatial location.

Crucially, however, information in the visual system does not just flow in one direction. For a long time, the dominant view of information processing in the brain was that it was a feed-forward system—taking in information from the outside world, processing it in hidden, complex ways, and then spitting out commands to make us walk and talk. This model has now been superseded by a raft of evidence that is difficult to square with the input-output view. In the visual system, for instance, there are just as many, if not more, connections in the reverse direction, known as feedback or top-down connections. Information travels both forward and backward; upper levels of the hierarchy both receive inputs from lower levels and send information back down in constant loops of neural activity. This way of thinking about the mind is known as predictive processing, and it represents a radically different understanding of what the brain does—although one with a long intellectual history, as the range of references in the endnote makes clear.5

Predictive processing architectures are particularly well suited to solving inverse problems. Instead of just passively taking in information, the brain can harness these top-down connections to actively construct our perception of the external world and shape what we see, hear, think, and feel. Higher levels furnish information about the type of things we might encounter in any given situation and the range of hypotheses we might entertain. For instance, you might know that your friend owns a Labrador, and so you expect to see a dog when you walk into the house but don’t know exactly where in your visual field the dog will appear. This higher-level prior—the spatially invariant concept of “dog”—provides the relevant context for lower levels of the visual system to easily interpret dog-shaped blurs that rush toward you as you open the door.

The extent to which our perceptual systems should rely on these regularities—known as priors—is in turn dependent on how uncertain we are about the information being provided by our senses. Think back to Petrov’s dilemma. If he was sure that his missile-detection technology was flawless and never subject to error, he would have been less willing to question what the system was telling him. Whether we should adjust our beliefs upon receiving
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