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Preface

Our brains are vast arrays of cells called neurons, animated by patterns of electrical and chemical activity that rise, fall, and rise again. Our perceptions, thoughts, decisions, and actions—the processes we will call the mind—arise from these patterns of activity.

How? How could a mind possibly arise from patterns of activity in a brain?

To us, this is one of humankind’s most enduring and most stirring questions. It concerns our essence and our place in the universe. It also concerns the possibility—and, if possible, the nature—of artificial minds. We have written The Emergent Mind to share a new kind of answer to this how question.

We are practicing scientists who have dedicated our careers to understanding the human mind. When we started our initially separate journeys, we each sought to investigate whether the operations of the mind can be understood mechanistically—the way one might seek to understand, say, an aircraft or the way a virus causes a disease. We found the existing approaches related to our questions to be vaguely specified and often too far removed from relevant facts about the underlying brain activity. We thought that grounding our explanations in the mechanistic workings of the brain could lead us to better answers to questions about ourselves.

The physicist Richard Feynman left this on his blackboard when he died: “What I cannot create, I do not understand.” His statement captures an essential aspect of our approach. We seek to build brain-like systems that re-create the phenomena of the mind that we are seeking to understand. However, re-creating a brain in all its details is impractical. Instead, we build models that abstract away from many details to help us make progress.

The models we use—called neural network models—are inspired by the vast networks of neurons in the brain. They allow us to explore how our human capacities might arise from neural activity. These models purposely ignore many of the complexities of the brain to focus on the basic processes that help us understand how our minds work. In this book, we will describe neural networks that shed light on how humans perceive, decide, form concepts, and pursue goals.

These models also help us understand answers to questions about ourselves that have puzzled us and many others. These questions often begin with words like why, what, and where. Why do we sometimes fail to act on our intentions? Why do we and others exhibit entrenched biases? What is it about us that allows us to sometimes easily see that something is true, while other times we can fail to understand? Where do our intuitions come from, and why can they often be wrong?

Remarkably, neural networks—implemented as computer programs—have become the foundation of artificial intelligence. Models we and others originally developed to understand the human mind turned out to be the basis for building artificial minds. Thus, understanding how neural networks capture our thought-like capabilities also sheds light on today’s AI systems. In this book, we will discuss the key principles of neural network models of our own minds that underpin the AI systems that are reaching and sometimes exceeding aspects of our human cognitive abilities. While our focus is on what we consider to be enduring ideas, we also selectively discuss certain rapidly evolving innovations in AI systems from the mid-2020s—particularly in the final two chapters. These innovations, while interesting and generative, may become much more developed in the coming years. Whenever possible, we have described such ideas in a way that emphasizes their underlying principles rather than their transient implementations. Our goal is to provide readers with a foundation that remains useful even as specific implementations evolve.

The book is divided into four parts. In Part 1, we begin by describing how a system can have properties that are not present in any of its parts. This phenomenon—called emergence—is central to the neural network framework of the mind, according to which the mind emerges from the interactions between simple processing units akin to brain cells. The brain cells, by themselves, cannot think, but their interactions enable a system that does think. In Part 2, we showcase how the neural network framework of the mind can help explain a diverse range of human behavior. First, we examine neural network–based accounts of memory—including its fallibility. Next, we consider our dependence on context to make sense of the world around us—including how our expectations shape our thoughts. Then, we consider our decision-making—including how our choices are sometimes rational and sometimes irrational. In Part 3, we detail how neural networks—both biological and artificial—learn from experience. We describe how learning enables our knowledge about objects and their properties and how it can support using language—especially in large language models (LLMs). Finally, in Part 4, we extend and apply the neural network view of the mind. We describe how neural networks might be useful in understanding phenomena such as formal reasoning, motivated behavior, and consciousness—aspects of the mind that have not yet been fully captured in the neural network framework. We close by discussing some implications of the neural network perspective—both for us humans and for our machines.

Throughout the book, we include interludes that are, unless noted otherwise, fanciful and fictitious conversations. For example, one conversation features Sigmund Freud talking to Adam Smith, and another features the editor of this book talking to a (fictitious) customer at a bar in New York City. We have imagined these conversations, and all the words attributed to people—whether historical or fictitious—are figments of our imaginations. We hope these interludes will enliven your consideration of the issues as much as they have enlivened our writing of this book.

We wrote this book for anyone curious about minds—both human and artificial. We do not assume any mathematical sophistication. Other than simple multiplication and addition, there is not a single equation in the book. We also do not assume any prior knowledge in the cognitive, psychological, neural, or computer sciences. At the end of the book, we provide notes with pointers to resources for those interested in learning more.

Our understanding of the mechanisms of the mind continues to evolve. There is much that remains to be discovered—but what is already known is stirring and profoundly consequential.

We invite you to embark on this journey with us. Perhaps it will enrich how you see yourself and your place in the universe we live in.

—Gaurav and Jay




Part 1

Your Mind Is a Neural Network

In Part 1, we invite you to consider the proposition that our minds are usefully conceived of as arising from interactions between brain cells that, by themselves, do not have the capabilities of the mind. We introduce the idea of emergence—a phenomenon in which the whole has properties that are not present in any of the parts—and describe how neural network models help us understand the emergence of the mind.




Chapter 1

An Invitation

When one of the authors of this book, Gaurav, was fourteen, his parents gave him the equivalent of about fifty dollars for his birthday. The cash was enough for him to buy denim bell-bottoms—absolute must-haves for any teen at the time—or enough for him to reserve a spot on a longed-for school trip with many of his friends. The problem was that he could have one, but he really, really wanted both. A decision was needed. So, that evening, he bit the bullet and chose. He would take the trip. The pants, after all, could wait. He felt sure that he was doing the right thing.

But the next morning, something unexpected happened: Gaurav woke up feeling sure he should choose the pants. Nothing related to the two options had changed, yet his decision had changed. This vacillation, repeated several times over the next few days, greatly puzzled him. At that time, he had just started working with computers, and he imagined that the mind was a sort of computer that operated based on logical principles. What kind of computer gave one answer in the evening and a different one in the morning? How could answers based on logic change for no apparent reason? And if his thoughts and preferences were not the output of logic and reason, then what kind of thing were they?

Gaurav had stumbled upon some of humankind’s enduring questions: How do our thoughts arise? Why do we do the things that we do? Can we trust what we think? More generally, what is the mind, and how does it work?

Common Conceptions of the Mind (and Their Limitations)

What is the mind? We might see it as whatever is inside of us that gives rise to our thoughts, perceptions, memories, feelings, decisions, and actions. But what is it, really? Where does it come from? Here we briefly consider several common conceptions and their limitations.

One conception of the mind is based on our religious traditions, many of which have converged upon the idea that our minds derive from God matter or spirit stuff that can animate human flesh into personhood. It is not difficult to understand the source of this idea: Human flesh appears routine and mindless. How could it possibly produce intelligence? Surely, the mind had to come from something else—something unfamiliar, something not of this earth. Something that connected us to the immortal, to the sacred, and to the meaningful. Something godlike.

The problem is that while ascribing the mind to something eternal is a stirring and even beautiful idea, it is not really an explanation of what the mind is and how thoughts arise. Instead, it treats the mind as an ineffable entity resistant to further understanding. If the goal is to understand how the mind produces thoughts and the other things we ascribe to it, this is not an acceptable stopping point.

A second conception suggests that the mind is a set of sentence-like beliefs and desires. For example, “People with graduate degrees make more money” is an example of a belief. And correspondingly, “I want to eventually land a well-paying job” is an example of a desire. It seems reasonable that beliefs and desires can interact to produce intentions and actions. If someone asks why we decided to act in a certain way, we may refer to the beliefs and desires that appeared to drive our decision. Why did we apply to graduate school? You might answer, “To get a better-paying job.” Perhaps the operations of the mind simply involve the interactions of beliefs and desires to form goals that then guide our behavior.

One limitation with the belief–desire model of the mind is that it does not explain where these beliefs and desires come from. How do such abstract things as beliefs and desires result from physical processes taking place in our brains, and how can they give rise to physical actions, including moving, acting, and producing language? Moreover, the model does not explain why people frequently do not act according to their beliefs and desires. For example, patients often do not take medications essential to their health, and employees do not start retirement accounts crucial to their financial future. This occurs even though such individuals hold positive beliefs about the efficacy of their medications and desire the security provided by retirement accounts. And yet they fail to act.

Another conception imagines that the mind is akin to software that takes input from the outside world and applies a set of rules, perhaps provided by evolution, to those inputs. Indeed, in some cases, the operations of the mind seem to involve applications of rules: If an animal has wings and can fly, we will likely classify it as a bird; we choose a particular item on a restaurant menu because we think that it maximizes our value compared to other available items; and we predict the past tense of a recently invented verb such as fax to be faxed, in accordance with the easily stated rule that the past tense of any item classed as a verb is formed by adding ed.

A problem with the mind-as-software view is that it can’t take us very far in understanding the mind. Yes, many birds can fly, but we can still recognize a bird that cannot fly. Yes, we often choose menu items that we prefer, but our choices often feature the influence of variables that are incidental to inherent value—such as whether a menu item is toward the top of the page. And yes, we often add an ed to make past tenses, but there are many irregular verbs where this does not work (sleep, for example, becomes slept). Another crucial limitation of these models is that they did not result in artificially intelligent systems that worked. The approach we present in The Emergent Mind has proven to be far more successful.

A final conception that we frequently encounter imagines different aspects of the mind as depending on separate specialists, each residing in its own specialized region of the brain. According to this perspective, we move because of brain regions that specialize in movement, we see because of brain regions that specialize in sight, we get motivated because of brain regions that specialize in motivation, we speak because of brain regions that specialize in language—and, in some versions of such accounts, we think by relying on specialized regions that think.

It is indisputable that brain regions show some degree of specialization. The question is, what gives rise to this specialization? One approach, championed by the philosopher Jerry Fodor in his book The Modularity of Mind, is that this specialization arises due to the particular internal properties of those brain regions, selected by evolution to carry out computations specialized for the tasks they perform. While brain regions do differ from one another internally to some degree, the view we present in The Emergent Mind is that such specialization is largely a consequence of differences in connections into and out of different brain regions. For example, the part of the brain called the visual cortex plays an important role in visual perception because it receives especially strong input from the eyes. This suggests that changing the input coming into a brain region should produce a change in the function performed by that brain region. Indeed, people whose visual cortex receives no visual input because they are blind from birth repurpose this part of the brain for nonvisual tasks, such as processing auditory or tactile inputs, both of which provide some input to this brain region.

Rather than viewing the mind as a collection of rigidly specialized modules, this perspective invites us to see it as an adaptable system shaped by experience, learning, and environmental demands. This approach helps us explain the existence of what some scientists call “the visual word form area”—a brain region that seems specialized for reading printed, visually presented words. It is not plausible to suggest that evolution selected this region to specialize in reading, because reading and writing were invented about five thousand years ago. Five thousand years is far too short a time for evolution to have produced a dedicated reading module through natural selection.

Yet this brain area does specialize in reading for people who have learned how to read. Why? Reading depends heavily on distinguishing fine-grained visual details like the differences between very similar letters. The visual word form area receives strong input from other neurons in the visual parts of the brain that provide the highest sensitivity to details—and so it becomes recruited in the reading process. In individuals who do not read, this area becomes specialized for other tasks that also depend on distinguishing fine-grained details, such as recognizing different people’s faces. Such findings support our view of specialization in the brain as being shaped by experience and dependent on the inputs and outputs of brain regions rather than having dedicated functions prespecified by evolution.

We have considered several conceptions of mind, each of which has limited explanatory power. We now turn to a conception that has created a pathway to understanding our minds much more deeply and that has enabled the rise of artificial intelligence: the conception of the mind as arising in a neural network.

What Is a Neural Network?

Faced with the limitations of the common conceptions of the mind, some scientists and mathematicians sought to approach understanding the mind in a radically different way. They thought that it might be productive to begin to understand the outputs of the mind (i.e., our thoughts and actions) by tracking the signaling within the networks of neurons in our brains. The brain is composed of billions of cells called neurons. The neuron is the fundamental building block responsible for processing and transmitting information within the brain and the rest of the nervous system.

At a basic level, neurons do some very understandable things: (1) They can become activated—meaning they can generate small bursts of electricity called action potentials; (2) they can transmit signals to other neurons that they are connected with; and (3) they can build or adjust the strength of connections with other neurons.

Now, let’s try to visualize a network of neurons. It is cumbersome to depict real neurons, so we might agree to denote neurons with circles—which we might call units. Some of these units are connected to others, and we might denote these connections by drawing arrows between units. We might designate units that get activated by receiving inputs from the outside world as input units, units that send output to the outside world as output units, and units that have no contact with the outside world as hidden units. And there it is, a neural network (Figure 1.1).

[image: An illustration presents a simple neural network with three layers labeled ‘Input’, ‘Hidden’, and ‘Output’. Circles represent nodes in each layer, connected by directional arrows that illustrate the flow of information from input nodes through hidden nodes to output nodes.]
Figure 1.1: A prototypical neural network.


How might we use such a neural network to begin to understand the mind? To illustrate how this might be possible, let us imagine a bus hurtling toward a pedestrian in a crosswalk. Abstracting out the pedestrian’s brain as a neural network, we might imagine that signals detecting a large moving object might be transmitted via the eyes to the input units, which might signal hidden units, which might signal output units that direct the pedestrian’s leg muscles to contract and get out of the way. Here, the arrows refer to the direction of signaling. For example, input units influence hidden units, and there are forward arrows between these units.

Notice that this explanation is grounded in the kinds of things we know neurons can do. It suggests that our neurons, none of which individually can think about getting out of the way of a hurtling bus, can accomplish such an action by signaling and activating one another. The neural network view suggests that all the mind’s thoughts and actions come about due to the interactions between our neurons. There is nothing else.

Of course, signaling between neurons in the brain is more complicated than this simplified example might suggest. But one can make progress by relying on just a few aspects of this process: First, neurons can vary how frequently they generate their action potentials, something we can think of as a graded degree of activation. Second, each neuron may receive signals from many other neurons. At least to a first approximation, neurons add up the activations they receive from other neurons, and the larger the sum of these inputs, the stronger the activation. Third, neurons create and change the strength of their connections as a function of experience. For example, meeting a new person may create connections between neurons representing the person’s face and the neurons representing the person’s name. These connections might strengthen with repeated meetings. A strong connection between two neurons makes them influence each other more robustly.

Many neurons getting activated at different levels of activation, simultaneously influencing and being influenced by other neurons via connections of different strengths, might be too much to capture in a diagram. But one of us, Jay McClelland, came across a visual scene that helped him crystallize the various simultaneous operations of a neural network (Figure 1.2).

[image: A landscape features cascading water flowing over layered rocks. The water creates streams forming a series of small waterfalls into a pool, surrounded by dense forest with trees.]
Figure 1.2: A stream falling into pools captures some of the simultaneous operations of a neural network.


At that time, Jay was a young assistant professor trying to understand the mind, not as a system that relies on discrete ideas considered step-by-step but as a continuous processing system subject to many influences of varying strengths. While on a hike in Yosemite National Park, where other people saw a stream successively falling into various pools, Jay saw a metaphor for these continuous processes in the mind. He conceptualized the various pools as if they corresponded to different thoughts. The amount of water they contained corresponded to their activations. Each pool could receive water from multiple other pools, and the level of water it contained depended on the summation of these various inputs. Some pools were connected to other pools by deep or broad streamlets that carried a lot of water, whereas other pools were connected by streamlets that were little more than a trickle. These connections were evocative of connections of different strengths linking these thoughts to one another. This metaphor, he realized, helped him think about the mind as a neural network, and he soon began to build models guided in part by this intuition.

Jay’s metaphor, like all metaphors, is not perfect, but in addition to illustrating the processes in a neural network, its mechanistic nature suggests an intriguing possibility: The operations of the mind could be understood as a physical process—akin to water flowing downhill or plants bending toward light—rather than the expression of an enigmatic essence. Could this be a starting place for understanding all the mysteries of the mind?

The Emergence of the Mind in a Neural Network

At this point, perhaps you are beginning to acknowledge that a neural network potentially offers a pathway to understanding the mind. Yet you might still be uncertain about the idea that thought arises from the interactions of neurons, none of which, by themselves, are capable of thinking.

Our central proposal in this book is that thinking emerges from components that themselves cannot think.

Examples are helpful in understanding emergence. One of the most magnificent manifestations of emergent behavior is the coordinated flight of an entire flock of birds—often starlings or swallows. The flock is a swooping whole that pulsates and undulates, creating a mesmerizing ballet in the sky (Figure 1.3). Watching these murmurations unfold, it is easy to have the feeling that the flock is a single whole with a mind of its own that somehow coordinates the movements of each of its components.

But there is no overseeing intelligence. Each bird is simply interacting with a small number of neighboring birds, typically within a specific range. Each bird responds to the changes in flight direction and speed exhibited by its immediate neighbors. These local interactions create a domino effect, where a slight change in one bird’s flight can propagate through the flock, leading to a graceful, coordinated movement. No single bird knows anything about these overall movements of the flock; they emerge.

It is similar to the wetness of water. No single water molecule has the property of wetness. Wetness emerges due to the electrical interaction of water molecules with one another and with any surface they contact. Emergence can also occur in groups of people—so that the group may be capable of a level of cruelty that no individual member of a group, acting alone, may be capable of.

[image: A dense murmuration of birds swirling above a city, forming a towering, tornado-like column beneath drifting clouds.]
Figure 1.3: There is no overseer of the beguiling and complex patterns made by flocks of birds. These emerge from the relatively simple behaviors of each individual bird.


In this book, we will describe—without resorting to mathematics or technical details—how many things that we attribute to our minds, such as thoughts, decisions, and emotions, can emerge from the interaction of neurons. There is a lot we don’t understand about how these processes occur, but the models that we and others have built, and many things that we have learned about the brain, have begun to show us how our experiences, our thoughts, and our actions could arise within a neural network.

A Transformative Journey

Gaurav’s curiosity about the nature of his decisions eventually led him to pursue a PhD at Stanford University. By then, he was familiar with neural networks and emergence. He had an intuition that these were powerful ideas, but he could not yet fully connect them with the questions he deeply cared about.

Then one day, Gaurav attended a seminar taught by Jay McClelland, who, by then, was a senior professor.

What struck Gaurav about Jay was that his approach was unflinchingly concrete. There was no hand-waving over crucial details, there were no appeals to unfathomable theoretical concepts, and there was no speculation or introduction of convenient fudge factors. Instead, Jay would pick a phenomenon he wanted to understand, state a set of explicit founding principles and assumptions, and then transparently apply those principles to derive the neural network’s activations for a given set of inputs. Gaurav went to see Jay to better understand his approach.

The first phenomenon that Jay described to Gaurav involved the retrieval of information about a group of people. It was a neural network developed by Jay that we describe in Chapter 4. Gaurav carefully traced the activations in the network, and to his delight, he realized that the neural network could make inferences. This capability had not been explicitly provided to the network; rather, it had emerged via the interaction of the network’s units. It was a transformative experience. Sitting at his desk, he remembers saying to himself, “I will never again think of the mind the way I did before.”

Our goal in The Emergent Mind is to re-create this transformative experience for our readers.

To achieve this goal, we have selected findings from experiments with humans, animals, and artificial neural networks that illuminate important aspects of the human mind. These examples address how we perceive, form concepts, arrive at decisions, experience emotion, exercise self-control, use and understand language, and even how we think and reason. Each finding we seek to explain comes with a rich body of experiments, and this experimental data can be used to judge the explanatory power of the neural networks we will develop.

An Added Upside: Understanding AI

For us, the pursuit of understanding our minds is a sublime endeavor in and of itself and requires no additional incentive beyond the intrinsic value of gaining insight into ourselves. But it turns out that understanding the mind via neural networks does have a useful and unexpected bonus benefit: One gets an understanding of modern AI systems, which are based on the same neural network principles that were initially developed with the goal of understanding the human mind.

Today’s AI systems far exceed earlier efforts to build machines that can identify objects from images. They can translate one language into another while capturing the nuance of what is being communicated, surpass human abilities in deeply intuitive games such as Go, and engage in natural, humanlike conversation across a nearly limitless range of subjects. This list of impressive breakthroughs will likely grow in the coming years.

What has been lost in all the excitement of these breakthroughs is the general realization that the machine learning systems showing these capabilities are, quite precisely, neural networks with many similarities to the models we and others have been using to capture crucial aspects of the human mind for over fifty years. Their intelligence relies upon the brain-inspired concepts of collections of neuron-like units exciting and inhibiting one another via connections. Despite decades of effort, prior versions of AI that relied on symbols standing for objects and relations according to systems of rules have not achieved the level of intelligence that has now been captured in neural network–based AI.

Furthermore, neural networks in AI also demonstrate emergent properties (properties present in the overall system but not in any of the components). For one thing, they behave in accordance with rules they were never explicitly taught—and capture nuances in language that no one has ever captured using explicit systems of rules or computing algorithms that were programmed directly by humans. They can sometimes make people think that they are humanlike intelligent beings.

These systems still have many shortcomings, but it seems likely that they will continue to improve. To understand these new mind-like systems in our midst, it will be useful to develop good intuitions about neural networks and their emergent properties.

Over the rest of this book, we will further examine the concept of emergence, and we will consider the properties of real and artificial neural networks in more detail. We will describe how these networks allow us to capture many aspects of human experience, thought, and behavior and how they have led to machines with sometimes superhuman capabilities. We will consider their strengths and weaknesses, some of the avenues that remain to be explored, and their implications for ourselves, for our artificially intelligent systems, and for how we might get along better with one another and our machines.

The path we are inviting you to embark on involves understanding the emergence of intelligence—be it the human mind’s biological intelligence or a machine’s artificial intelligence.

Interlude: “That Is Not Me”

June 2023. New York City. T. J. Kelleher, the science editor of Basic Books, has spent the afternoon in his Manhattan office reviewing a book proposal for The Emergent Mind. Now he’s stopped at Jimmy’s on Forty-Fourth for an after-work drink. Another patron, Pablo, an artist, after determining what T. J. does, asks him if he’s been evaluating any interesting book proposals.


T. J.: Actually, there is one. This book claims that all our thoughts and feelings arise from the brain’s cells. According to the authors, everything we are, everything we do, really our entire self, is enabled by these cells. They say that there is nothing else.

Pablo: (Vigorously shaking his head.) Aah, I think you should not publish such a book. Absolutely not!

T. J.: No?

Pablo: Let me tell you a story that will convince you, okay? This actually happened to me. I was once in an art class, and this brain scientist from NYU came with many sketches of brain cells—neurons, he called them. He was interested in making an art project emphasizing their beauty. He even had us look at them under a microscope and—

T. J.: Neurons are really beautiful. Santiago Ramón y Cajal . . .

Pablo: Right, right. He showed us Ramón y Cajal’s drawings. But here’s the thing: The reason he wanted to do art with neurons was because he believed that our minds arise from these things. No one wants to do art projects about kidney cells! Neurons are interesting, even beautiful because our self is supposed to arise from them. This is what these authors are telling you, right?

T. J.: Right.

Pablo: And I remember looking at the drawings and shaking my head and saying, “No, no, no. I am vast. My thoughts are much more than electricity in neurons. These piddly little things cannot be me.”

T. J.: Why not?

Pablo: I will tell you what I told him! I just asked him a simple question. I asked him if he could explain how our minds could arise from these neurons.

T. J.: What did he say?

Pablo: He had nothing. He could not begin to explain how neurons can allow us to perceive, or feel emotions, or make decisions, or understand concepts, or do mathematics. Until someone can credibly explain how the mind arises from the brain, we should shut our traps about this topic.

(T. J. nods and silently looks at his drink.)

Pablo: (Turning on his barstool to look at T. J.) What are you thinking?

T. J.: I am thinking that if I’m to accept The Emergent Mind, the authors had better have a plan to begin to answer the questions you are asking.






Chapter 2

How Could the Mind Arise from the Brain?

Imagine this: You’re moving to a new city and need to select one among several apartments. Your real estate agent has identified various candidates, but the initial ones seem disappointing. The first one is too far from your work, the second one is too far from your partner’s work, the third one is too near a noisy thoroughfare, the fourth one is too dark, the fifth one is too pricy, but the sixth one! The sixth one feels just right. You excitedly call your partner and tell her about the reasons why you think you should put in a deposit on this apartment: It’s got the right location, the right features, and the right price. She agrees with you and gives you the go-ahead. You quickly call your agent.

This vignette describes a perfectly commonplace instance of thinking. When we think, we take in relevant information, explicitly consider it according to some priorities, and come to an appropriate conclusion. We engage in similar thinking again and again every single day of our lives, and such thoughts create the very fabric of our everyday experience—so much so that we may lose sight of how remarkable they are. Life, at least as we experience it, is scarcely imaginable without the explicit thoughts we have, and it seems clear that these thoughts act as guides to our actions.

Our perceptions, thoughts, decisions, and actions are the processes that constitute our minds. But how does the mind come about?

Most people will tell you that the mind somehow comes from the brain. But as an explanation, this statement is profoundly unsatisfying. How does the brain produce these processes we attribute to the mind? We can picture the pumping operations of the heart or the contractions of the muscles. But what sort of operations in the brain could possibly produce our thoughts? What sort of operations could possibly produce poetry and bridges and mathematics and vaccines? And know how to pick that just right apartment?

One of the people obsessively haunted by this exact mystery was French philosopher-scientist René Descartes.

Descartes’s Brilliant Mistake

In the 1630s, when Descartes was touring the royal gardens at Versailles, he came upon something unexpected. Every time he placed his weight on particular paving stones in a walking path, a nearby statue would move. Curious, he inquired about the underlying mechanism. It turned out that the movement of the statue was caused by water flowing through hydraulic tubes. The flow was caused by someone stepping on a paver connected to the tubes. Inspired, Descartes hypothesized that a similar mechanism was responsible for biological movement. According to him, external stimuli, such as the heat from a fire, caused “animal spirits” contained in tiny tubes (what today we know as bundles of neurons) to flow into the pineal gland in the brain (Figure 2.1). From there, the animal spirits got rerouted, via other tubes, to the body part that needed to respond—by, for example, moving away from the fire.

Descartes’s ideas turned out to be wrong in nearly every aspect. Neurons don’t contain the fluid he had envisioned, nerve signals are not transmitted via pressure acting on fluids, and the pineal gland is not involved in regulating movement. Nevertheless, it was utterly brilliant. Descartes had correctly intuited that our actions are a mechanical process that can operate without direction from an overseeing intelligence. He was proposing that just as blood circulation is a mechanistic process akin to the action of a water pump, some aspects of the mind (e.g., the act of moving away from a source of pain) might also be mechanistic processes of a similar kind.

[image: A drawing illustrates a man kneeling with his feet labeled ‘B’ and his hand near a fire labeled ‘A’. A nerve route is marked from the tip of the feet to the brain. The route on the upper spine is labeled ‘C’. Three regions in the brain are labeled ‘D. E. and F’.]
Figure 2.1: Descartes proposed that one’s movement away from a stimulus can be mechanistically explained without resorting to an overseeing controller. His explanation involved the routing of fluid in tiny tubes, a bit like nerve fibers. He suggested that all animal behavior and some human behavior could be explained in this manner. This figure is from Descartes’s L’Homme.


But there were limits to Descartes’s audacity. In his writings, he did not consider the possibility that human thoughts might also occur via a mechanistic process. He appealed instead to an ethereal spirit that interacted with the body but was separate from it. According to him, this spirit matter, or soul, made it uniquely possible for humans to have minds that were capable of thought, such as using language, following the rules of logic, and doing mathematics.

Few contemporary scientists accept the specifics of Descartes’s dualistic doctrine. But in many guises, his core notion—that the higher operations of the mind are qualitatively and fundamentally separable from simpler and more mechanistic processes that we share with other animals—still remains. Many influential psychologists, most notably Daniel Kahneman, have postulated two separate systems of thinking: one that controls more automatic reflex-like actions and another that controls slow, deliberate thinking. Many important linguists, most notably Noam Chomsky, believe that the human mind is innately pre-wired to acquire and use language. According to them, a uniquely human language module, guided by a special set of rules and qualitatively unlike other cognitive processes, is what makes language possible and is the key facility separating humans from other animals. A broad group of computationally oriented cognitive scientists still hold that our ability to reason logically and mathematically depends on a special symbolic system distinct from the neural systems that guide our more basic responses to sensory stimuli.

Many other scientists—and we count ourselves among this group—take an alternative approach. They start from the possibility that all our thoughts, our experiences, and our actions are emergent consequences of neural activity in the brain. Interactions among neurons that operate on a common set of basic principles give rise not just to Descartes’s simple reflex motions but also to our complexest cognitions about language and mathematics. Interactions between neurons are the engine of the mind.

This proposition, at least initially, invites incredulity. How could any system entirely reliant on neurons—none of which is individually capable of anything like what we perceive to be thought—yield the full spectrum of human cognition? It turns out that a helpful metaphor for our intelligence is provided by the behavior of ants.

The Intelligence of Ants

If you ever come across a train of ants walking from their nest to a food source and back, try the following experiment: Place an obstacle on their path so that there is a short way around the obstacle and a long way around it. So, for example, the ants approaching the obstacle might take a right turn to take the short way or take a left turn to go the long way. Observe what the ants do. Or if you don’t have ready access to such a train of ants, just try to predict what they will do.

[image: An illustration presents four horizontal paths of ants. The top path depicts ants moving without obstacles. The second path includes an oval gap. The third path illustrates ants clustering around the gap. The fourth path depicts ants bypassing the obstacle, moving along the shorter side.]
Figure 2.2: Ants seem to be smart enough to “know” the shorter way around an obstacle in their path.


Will the ants approaching the obstacle from their nest simply turn around and go back home? Or will they split into two trains, both roughly equal in size, with half the ants taking the long way and the other half going the short way (Figure 2.2, third row)? Or will they somehow collectively choose the shorter way around the obstacle?

It turns out that collectives of ants are highly effective at choosing the more optimal path. In a matter of a few minutes, almost all the ants end up taking the short way around the obstacle (Figure 2.2, bottom row). It’s as if knowledge about the shortest path becomes available to the entire colony.

How might this be possible? What is the source of the intelligence of a colony of ants?

When we ask people this, their first instinct is to anthropomorphize. Perhaps returning ants somehow tell the ants approaching the obstacle to go right instead of left? But this requires the ants to hold thoughts about the somewhat abstract concepts of long and short distances and the ability to meaningfully communicate these concepts to other ants. There is no evidence that ants have such capabilities. Or perhaps the more intelligent queen ant somehow directs her colony to take the best route? But the queen ant is usually back at the nest, and even if she were not, she does not have the type of intelligence to conceptualize distances either.

There are two propositions that are generally true about ants. First, they lay trails of chemical substances called pheromones as they make their way from their nests to a food source and back. Second, ants tend to follow pheromone trails laid by other ants. In the case of choosing a particular path, we need only assume that an ant will follow the path with the greatest quantity of pheromones.

Here is a process that can explicate the ability of ants to collectively take the short way around an obstacle that is based on these two propositions: To get started, let’s imagine a world only consisting of two ants traveling from their nest to a food source (the star in Figure 2.3). Along the way, they encounter an obstacle (Panel 1). The first ant, named Tal (“Takes a Left”), takes a left turn around the obstacle, and the second ant, Tar, takes a right turn. They lay out pheromones as they make their way. As shown in the figure, the obstacle is laid out in a way that makes Tar’s path shorter than Tal’s path.

Since Tar is taking the shorter way, it reaches the food first (Panel 2). Tar grabs a little bite and must now carry it back to its nest. But there is a decision to be made: Which path should Tar take on the way back? There is only one path with any pheromone on it, and that is the path Tar took while coming over. So Tar retraces its steps and goes back the way it came.

[image: Four diagrams,1 to 4, illustrate ants labeled ‘Tal’ and ‘Tar’ moving along a set pathway. In step 1, ‘Tar’ and ‘Tal’ are at the start. In step 2, ‘TAR’ advances in one path while ‘Tal’ follows in another. In step 3, ‘Tar’ returns with a distinct mark on the route. In step 4, ‘Tal’ follows ‘Tar’ along the different route.]
Figure 2.3: When one ant (Tar) finds food and goes back the way it came, the other ant (Tal) will follow the first ant. Both ants are just following the strongest pheromone train home.


Meantime, Tal, who took the long way around the obstacle, finally reaches the food source (Panel 3). It, too, grabs a little bite and must head back. But which path should Tal take? There are now two options: the shorter path that Tar used twice (coming and going) or the longer path that it, Tal, just used coming over to the food. The shorter path that Tar took has a greater quantity of pheromones because Tar took it twice. Therefore, Tal, on its way back, will take the shorter path (Panel 4).

The dynamics that are at work for Tal and Tar are generally applicable to the ants in the colony. Later, ants facing choices about which paths to take to the food and back will find greater quantities of pheromones in greater concentrations along the shorter path. They will, therefore, generally take the shorter path as well.

What we have described here is a model, a simplified view of reality, which examines the consequences of the pheromone-laying and pheromone-following propositions about the behavior of ants. The model suggests that the “taking the shortest way around obstacles” behavior of the ant colony may be an emergent consequence of the pheromone-laying and pheromone-following behaviors leading to the behavior of the population of ants as a whole and need not rely on any individual ant having considered the alternatives and chosen the best path to take.

We similarly conceive the mind to be an emergent consequence of the activity of neurons in the brain. The thinking abilities of our minds need not be dependent on the thinking abilities of individual neurons in isolation.

We invite you to consider the possibility that some abilities of a colony of ants are a useful metaphor for the thinking abilities of the mind. Just as the seemingly goal-directed behavior of an ant colony emerges from the behaviors of ants that are, at the individual level, not following any particular goal, the powerful capabilities of the human mind might likewise emerge from the interactions of neurons that are, at the individual level, not capable of anything like what we perceive to be intelligence.

The central goal of this book is to show how the capabilities of thought emerge from the activities of many neurons contributing together to produce experience, thought, and action. Neural networks will be a crucial instrument in our pursuit of this how question.

Interlude: The Intelligence of Slime Molds

September 1999. Tokyo. Toshiyuki is looking at some plasmodial slime mold. The species he is looking at, Physarum polycephalum, is SpongeBob SquarePants yellow and somewhat resembles a coral or lichen. It is, quite literally, brainless. Nevertheless, Toshiyuki appears to be trying to determine if it can solve a maze. He has chopped up a single polycephalum and placed its pieces throughout a plastic labyrinth. He has also placed some slime mold food at two ends of the labyrinth. There is exactly one path that provides the most direct connection between the food sources—all the other paths are dead ends or circuitous. The slime mold appears to be utterly motionless, and Toshiyuki is, too. In a few minutes, he falls asleep. His daughter, Mariko, who is just back from school, comes into the room and starts looking at the slime mold. Sometime later . . .


Toshiyuki: (Waking up, looking at his daughter.) Why are you smiling?

Mariko: You woke up at just the right moment!

Toshiyuki: What do you mean?

Mariko: When you fell asleep, the slime mold was only in the few places you had put it. Later, it grew everywhere into every single path in the maze—including the dead-end paths. But now look at it! It is only growing in the shortest path between the two food clumps! Your experiment worked!

Toshiyuki: (Nodding.) I’ve seen it do this many times, but somehow it still surprises me.

Mariko: How could it possibly know how to find the shortest path between two points?

Toshiyuki: That, Mariko-chan, is exactly the right question. Annoyingly, we are not quite sure yet. But my hunch is that the mold secretes a slimy chemical marker that allows it to keep track of where it has already traveled.

Mariko: So are you saying the bits of mold can communicate with one another?

Toshiyuki: Yes, in a primitive way, using chemical signals.

Mariko: Are you saying the slime mold is intelligent?

Toshiyuki: Let’s think about what it is capable of: You have seen that it can find the most efficient path between two points. It can also choose conditions most helpful to survival, apparently making decisions. So, yes, I’d say the slime mold has a kind of intelligence.

Mariko: How is it possible for something to be intelligent when no single part of it is intelligent?

Toshiyuki: It happens in nature all the time. Ant colonies know how to find the shortest path around an obstacle, but no single ant can do that. Bee colonies can find the best spots to build their homes, but no single bee can do that. It’s the same story with the slime mold. These forms of intelligence emerge from interactions between elements of the collection that themselves are not intelligent.

Mariko: But these forms of intelligence are just an illusion! The groups you are describing only appear to have intelligence. They are not intelligent the way people are intelligent.

Toshiyuki: Why not?

Mariko: For one thing, people are not a colony or a sort of super-organism. We are individuals.

Toshiyuki: Maybe one could think about a person’s brain as being akin to a colony of neurons. No single neuron is intelligent, but collectively . . .

Mariko: (After a pause.) It still doesn’t feel right to me. We operate by thinking. That slime mold is not thinking.

Toshiyuki: I understand your feeling. But nature seems to be telling us that we need to reconsider how we think about our thinking.



Understanding the Mind via Emergence in Neural Networks

A neuron is a cell. It is the basic building block of the nervous system. Your brain has on the order of one hundred billion neurons, and there are billions more in the rest of your body. Many of the neurons in the brain are extensively connected with one another. In this sense, your brain is a neural network.

Like the ant (or a single bird in the murmuration example of Chapter 1), a neuron’s action repertoire is somewhat limited. One of the things it does is send small bursts of electricity, called action potentials, or spikes, to other neurons. These can be recorded by electrodes inserted into the brain and then sent to a loudspeaker, where each one sounds like a little pop. In the absence of external inputs, a typical neuron tends to fire at a low rate. We shall refer to this as its baseline firing rate. When it is activated, it sends action potentials above its baseline firing rate. Other times, when it is inhibited, its firing rate will be below baseline.

Some neurons can be directly activated by signals from the outside world—these are special sensory receptor neurons. Most neurons get their input from other neurons that are connected to them. These inputs can either excite the neuron (increasing its firing rate) or inhibit the neuron (reducing its firing rate).

How could such firings amount to anything? It turns out they amount to a lot.

Here, we describe one of the earliest examples of a neural network that can do things that none of its individual neurons can do, from the work of the neurobiologists David Hubel and Torsten Wiesel, who used a network of neurons to explain how we begin to build a picture of the world around us. They based their network on groundbreaking observations from the visual cortex of a cat as they flashed slides in front of it. For their contributions, Hubel and Wiesel were awarded the Nobel Prize for Physiology in 1981.

When Hubel and Wiesel started their research in the 1950s, it was known that many neurons in the eye processed incoming light by generating action potentials. As one might expect, their firing rate will be well above baseline if a light spot is shone in the center of their visual field (the part of space the neuron is most responsive to) and will be at baseline if it is shone outside their visual field. The surprising property of these cells is that if a light spot was displayed just outside the center of their visual field, they do not respond by firing slightly above baseline; rather, they fire below their baseline rate. In other words, the firing rate of a retinal neuron is inhibited if the light stimulus is in their visual field but not in the center of their visual field (Figure 2.4).

This was all well and good. The puzzle Hubel and Wiesel confronted was how the mind could possibly discern useful shapes from neurons that were responding to points of light. When we look at the world around us, we see objects of different colors and shapes arranged in space. But neurons in the eyes do not respond to such things as objects. Instead, they can fire in response to detecting points of light—say, a speck or a dot. So Hubel and Wiesel reasoned that detecting objects such as faces and houses must occur in the brain. But how does the brain do it? They decided to try to begin by identifying neurons that fired in response to objects.

[image: An illustration of concentric regions. ‘Outside Visual Field’, outermost, has vertical lines for ‘Firing at Baseline’ spaced evenly apart. ‘Off-Center’, middle, has vertical lines for ‘Firing Below Baseline’ spaced widely apart. ‘Center’, centre, has vertical lines for ‘Firing Above Baseline’ spaced closely together.]
Figure 2.4: Hubel and Wiesel knew that some visual neurons would fire above baseline for a light spot in the center of their visual field, at baseline for a light spot outside their visual field, but below baseline for light spots that were slightly off-center (but still within the visual field).


They went about their search in a joyful way. Their experiences with scientific research have the affective quality of two boys playfully building a robot in a garage. The visual stimuli they showed their cats were sketchily constructed out of cardboard, pasted on slides, and displayed using a slide projector. Instead of a screen, they hung a bedsheet over some pipes on the ceiling, which made their lab room somewhat resemble a circus tent. The first time they treated a cat with formaldehyde, they inadvertently doused each other in a chemical shower—which they thought was utterly hilarious.

Their plan was to show various stimuli (that’s the plural of the Greek word stimulus, which is what a neuroscientist calls an input) to a cat after inserting an electrode into one of the parts of its brain that processes visual signals (Figure 2.5). The electrode was sensitive enough to detect action potentials from individual neurons. If the cat’s brain has a neuron that responds to a particular input, they would, sooner or later, be able to detect it with their electrode.

[image: An illustration presents an experimental setup with a ‘stimulus’ on a screen and a cat fitted with a ‘recording electrode’ over the ‘visual area of brain’ producing an ‘electrical signal’.]
Figure 2.5: After discovering edge detectors by chance, Hubel and Wiesel began to study them more systematically by recording action potentials from neurons in the visual cortex in the brains of cats.


Their plan was ambitious, but when they started out, they were relatively new to such single-cell recordings. At that time, they knew an accomplished neuroscientist, Vernon Mountcastle, who had made hundreds of single-cell recordings. “We knew we could never catch up, so we catapulted ourselves to respectability by calling our first cell No. 3000 and numbering subsequent ones from there,” they later wrote, reminiscing about the early days. The plan worked—“Vernon seemed suitably impressed by our series.”

The fly in the ointment was that no matter what stimuli they presented to the cat, the neurons they were recording from remained, stubbornly, at baseline. They tried various configurations of dots. No luck. Pictures of things a cat might care about—still nothing. Completely stuck, they even tried dancing around in front of the cat. But no. The neurons they were recording from did not show the slightest interest.

Then one day, with yet another neuron, as they were changing the slide in the projector, everything changed. The neuron all of a sudden started to respond wildly: pop, pop, pop, in rapid succession! It was not the content of the slide that the neuron was responding to. Rather, it was the line made by the edge of the slide. A momentous event in the history of science had occurred: Hubel and Wiesel had discovered a neuron that responded to the image of a straight line displayed at a particular angle—the angle that the edge of their slide had happened to project. They ran down the halls, screaming with delight.

The question, of course, was how in the world this neuron was able to detect a straight line. It did not respond to a dot, it did not respond to lines at most angles, but, given a line with the orientation it seemed to “prefer,” it responded with abandon. How had this property emerged?

This is where it becomes helpful to think with the help of a neural network. The neural network we describe below is very similar to the network described by Hubel and Wiesel and captures its essential properties.

Let’s start by observing that a line can be thought of as a collection of many dots. To simplify things, let’s imagine that four dots labeled A, B, C, and D define a line called l. Let us assume these four dots are at the center of the visual field of four neurons in the retina of one of the cat’s eyes, which we could label Unit A, Unit B, Unit C, and Unit D. As we saw above, a dot at the center of the visual field of one of these neurons causes a unit to strongly activate. Now, let’s suppose each of the Units A–D is connected to a Unit E, located in the brain. This means that each of Units A–D, when activated, can, in turn, send activation signals to Unit E.

[image: An illustration compares two cases of neural activation. A. ‘Unit E’ fires because ‘Unit A’, ‘Unit B’, ‘Unit C’, and ‘Unit D’ are activated along ‘Line l’ at center of visual field. B. Only ‘Unit A’ activates with ‘Rotated Line’ not aligned with center of visual field, giving ‘Unit E’ less activation.]
Figure 2.6: A neural network with an output neuron—Unit E—that responds vigorously when a line falls across the centers of the receptive fields of its input Units (A–D). When the input line is rotated, the response of Unit E is weakened.


As we noted in Chapter 1, neurons are the brain’s basic information-processing units. They often have a complex treelike shape, but we can draw them as circles and call them units to distinguish the things in our model from the actual neurons in the brain. Also, we only include a minimal set of units to illustrate the main idea here. We’re left with Figure 2.6a: our first real neural network. The arrows between the units represent connections. If a unit has an arrow to another unit, then the activation of the first unit tends to excite (i.e., increase the activation of) the second unit.

We’re at the fun part! Let’s imagine what our neural network does when the four dots, A, B, C, and D, are seen by the eye. Point A is at the center of the visual field of Unit A, so it busily starts to fire (i.e., it generates many spikes per second). The same happens for the other units because they, too, detect dots at the centers of their visual fields. These four units all send a lot of activation to Unit E so that Unit E will start to fire.

What’s remarkable is that Unit E fires very vigorously for the Line l but fires much less for other lines that are (more than marginally) different from Line l. For example, a different line rotated from Line l is depicted in Figure 2.6b. How much activation is Unit E receiving in this situation? Let’s take a look. Unit A is robustly firing because Point A is still at the center of its visual field. Point B is slightly off-center, so Unit B is no longer firing as robustly. Unit C is firing below baseline because Point C is in the “off-center” zone. Unit D is also firing at or below baseline. The net effect is that Unit E is not receiving the same level of excitation as it did for Line l, so it will fire much less in response to this input than it did to the original line.

None of these Units A–D by themselves can detect the presence of a line, and Unit E is not itself directly responding to the line in the stimulus either. Yet working together—like the ants were working together—the units in this small neural network have created the “intelligence” to detect a line. Emergence has happened.

How Do We See What We See?

Imagine looking at a tree. You can see its trunk, its branches, and its leaves. You can see color—perhaps a splash of green enveloping brown limbs. You can effortlessly distinguish the tree from its background. You have a sense of depth related to how far away it is. Perhaps you can see the tree sway a little in the wind. Here’s a question: How do you see all that you see?

Our first instinct might be that our eyes faithfully render an image of the outside world that we can experience seeing. But this instinct is false. The lenses in our eyes produce an image on the retina at the back of the eye that is miniaturized, inverted, and flat. This is not the image of the tree that we see. What we see instead is a reconstruction of the external object—right side up, three-dimensional, and sized appropriately, given its apparent distance. This reconstruction depends on the visual cortex and other interconnected brain areas.

The visual cortex works using hierarchically organized feature detectors. As we saw earlier, the feature detector of Hubel and Wiesel was a hierarchical network in which the line detection capabilities of a neuron in a higher layer emerged from the concurrent activation of neurons in a lower layer. But the emergence need not stop there.

Line detectors firing concurrently can also help with more complex shapes. For example, a square could be detected from the concurrent activation of four line detectors similar to Unit E in Figure 2.6—one for each of the four lines in a square. A square detector can be thought of as being in a deeper layer than the line-detecting units. An even deeper layer in the neural network could enable the detection of cubes, cuboids, and still more complex shapes.

In reality, the response properties of neurons cannot be fully described with simple words like line detectors and square detectors. Indeed, what Hubel and Wiesel described as lines are more like patches of alternating stripes, and at higher levels, the shapes detected in the visual cortex usually defy simple descriptions. Nevertheless, what we see is the result of a constructive process relying on neurons with increasingly complex response profiles at different levels. Given the input of a retinal image of a tree, neurons in the lowest layers of the visual cortex detect simple features like lines and colors. Neurons in subsequent layers combine information about features detected at lower levels to detect features related to more complex shapes, features related to depth, and features related to motion. Neurons in the highest layers are able to assemble information from prior layers and have feature detectors that get activated by higher-order aspects of the shape of the entire tree. Notably, there does not appear to be a special “tree detector” neuron or a dedicated set of neurons responsible for our perception of the whole tree. Instead, the pattern of activation across the neurons in the set of visually responsive brain areas seems to be what constitutes our visual representation of the tree.

Image Classification in AI

The stakes were high at the ImageNet challenge in 2012. Various teams of computer scientists were competing against










Interlude: Reactions to AlexNet

















[image: An illustration presents a high-contrast abstract pattern in dark and light areas with irregular patches forming distinct patterns.]

















[image: An illustration presents a high-contrast abstract pattern in dark and light areas with irregular patches. Two arrows mark features interpreted as ‘Eyes’ while another arrow points downward to a labeled feature identified as ‘Nose’, forming a facial outline.]
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