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			To my family

		

	
		
			With regard to the question of whether we can make [machines] think like [human beings], my opinion is based on the following idea: that we try to make these things work as efficiently as we can with the materials that we have. Materials are different than nerves and so on. If we would like to make something that runs rapidly over the ground, then we could watch a cheetah running, and we could try to make a machine that runs like a cheetah. But it’s easier to make a machine with wheels, with fast wheels, or something that flies just above the ground in the air. When we make [an airplane], the airplane doesn’t fly like a bird. They fly, but they don’t fly like a bird. They don’t flap their wings exactly. They have in front another gadget that goes around, or the more modern airplane has a tube that you heat the air and squirt it out the back—jet propulsion. A jet engine has internal rotating fans and so on and uses gasoline. It’s different, right? So there’s no question that the later machines are not going to think like people think, in that sense. With regard to intelligence, I think it’s exactly the same way. For example, they’re not going to do arithmetic the same as we do arithmetic, but they’ll do it better.

			—Richard Feynman, “Computers from the Inside Out” (1985)
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			IS THE ALGORITHM PLOTTING AGAINST US?

		

	
		
INTRODUCTION: LIVING WITH LIONS

			
			

		Some days it feels like the whole world just can’t stop talking about artificial intelligence, or AI. Some of it seems good and exciting, like self-driving cars. We can already see cars maneuvering in certain situations with little human interaction; it won’t be long before the driving experience is all but automated. Some of it seems straight out of Star Trek or an Arthur C. Clarke novel. Neuralink, a company cofounded by Elon Musk, promises futuristic chips that can be inserted into your brain and interface with your neural connections, initially to help persons with disabilities gain lost functionality and eventually to serve as a much faster interface with our digital world. Imagine surfing the web (Does anyone still say “surfing the web”?) without needing a keyboard. Then, there are voice assistants like Amazon’s Alexa and Apple’s Siri that can understand our endless queries and respond in impressive ways. All these advances might have you wondering how any of this is possible. What is the source of knowledge in these machines, and how do they actually work?

		Darker and more ominous undercurrents, however, have also sparked interest in AI. If you haven’t watched the Netflix series Black Mirror, you should. It’s great, and it’s also a reminder—or maybe a warning—of what can happen when we lose control of our technology. Maybe you’re reading this book to find out exactly how terrified you should be of AI. Maybe you’ve read news articles or seen Instagram videos about companies likes Boston Dynamics creating animallike robots that can maneuver in complex environments, perform such sophisticated tasks as opening doors, and communicate with other robots to achieve a common goal. Maybe you’ve thought, “Oh my God, it’s too late. We are all going to die!”

		Whether your interest in AI is driven by hope and excitement or gloom and despair, you want to know if this book is for you and what you will get out of reading it. So let’s get right to it.

		The purpose of this book is, first and foremost, to explain how AI works at a level of detail that makes these algorithms accessible to a general audience. You do not need a technical background to understand this book; all that is required is a sense of curiosity and a willingness to consider complex subjects. After reading the book, you should have a good handle on the capabilities of state-of-the-art AI algorithms so that you can evaluate and gauge your response to this technology from an informed place.

		A lion in the wild can be dangerous to humans. But knowing where they live, when they hunt, and their physiological capabilities can help us modulate our response and behavior. If we find ourselves on a safari in the African savanna, we should be alert. If we see a lion, we might want to stay in our vehicles and keep enough distance so that we can drive away if the lion decides to chase. We can do this because we know how fast our vehicle can travel, and we know the speed of a lion. We also know that lions can run, but they can’t fly. This knowledge helps us gauge the level of readiness we ought to have in the African savanna. The Maasai of Tanzania and Kenya understand this better than anyone. They have coexisted with lions for millennia. They use knowledge developed over generations to keep themselves and their herds safe from lions. Once, long ago, they used their skills to track and successfully hunt lions in traditional rites of passage. Now, increasingly, they use those same tracking skills to protect and help preserve the king of the jungle. The Maasai do not fear the lion; instead, they have learned to understand it.

		On the other hand, if we find ourselves in the jungles of South America, we know that we need not fear lions—other predators, sure, but not lions, because there are no lions outside of Africa. In other words, understanding the lion’s capabilities, limitations, and domain helps us understand when we must worry about lions and when we can be certain that we are safe from them. That is the goal of this book (not to discuss lions—though we will come back to them in a later discussion!): to help us understand the capabilities, limitations, and domains of current AI technology.

		First, we need to define what we mean by AI in this book. When we say “AI,” we are referring to a specific class of AI algorithms: artificial neural networks. Readers may have heard of deep learning used in conjunction with AI these days as well. This term often describes neural network models with multiple layers of artificial neurons. We come back to this relationship in chapter 1 and discuss the significance of each layer in a neural network model. It is important to note, however, that AI is a broad discipline in computer science; it spans many areas of research, and countless algorithms fall under this umbrella term. We are aware of the umbrage taken by purists—and those inclined to proper definitions, terminology, correctness, and so on—when we use the terms AI and neural networks interchangeably in this book, but the reality is that most people ignore this distinction often enough that those terms are regularly used interchangeably in informal contexts. Before proceeding, let’s make a promise to eternally remember that AI is a broad discipline, and neural networks are a class of algorithms belonging to that discipline. Having promised to remember the distinction, we can now do as we please.

		Artificial neural networks are by far the most popular and successful AI algorithm in use today. They are currently the driving force behind advances in robotics, self-driving cars, Amazon’s Alexa, and Google Assistant. In the pharmaceutical industry, it is expected that neural networks will make significant contributions to the discovery of molecules that can be synthesized to treat debilitating diseases like Parkinson’s, multiple sclerosis, and many others. At this point, it seems like there is no problem big enough or abstract enough that artificial neural networks cannot handle it. The corollary to this is that their unprecedented level of success has also garnered for them a certain level of distrust, or at least trepidation. If it can respond to me and understand my queries so well, what else can it do? What is it thinking?

		Popular beliefs, science fiction, and media sensationalism have conditioned us to distrust AI systems. That general distrust has taken on one most prominent and particular flavor: these machines will eventually become self-aware, wake from their eternal slumber, and kill us. The problem with such concerns is that they serve as a bit of a red herring. Regardless of whether we will eventually have to contend with self-aware machines, it’s certainly not the only issue we should be discussing at this time. Presently, science does not have a complete theory of consciousness. We do not understand how consciousness arose in ourselves. We don’t even have a definition of consciousness that everyone agrees with. Recent advances in AI—mixed with a lack of understanding of how AI systems work and a tendency on the part of media companies to generate revenue by stoking fears—contribute to a general sense that conscious artificial systems are just around the corner, ready to enslave us. Society may have to grapple with conscious AI in a distant future, but before we get there, plenty of more urgent matters warrant discussion: What happens when AI is used in ad campaigns? What about by law enforcement? Can AI algorithms solve a problem in unique ways, where its measure of “success” differs from that of its human designer? This last example is the well-known alignment problem. Suppose you ask a robot to get rid of the CO₂ in the atmosphere to combat climate change, and it finds that the best way to achieve this goal is to get rid of the human population. The robot did not consciously decide to get rid of humans. The situation simply describes an optimization problem gone wrong (for us!). Understanding when our current AI technology is being applied and the potential unintended consequences of its misuse are real-world, present-day issues that get pushed aside because they are not as exciting as the thought of berserk smart blenders chasing us around the house.

		In this book, we first address the functioning of neural network algorithms. We explain what it is that makes them tick and how they manage to work at all. Then, we critically examine their limitations, the rights and trust we have already granted them, and their potential for causing significant harm to our society, in some cases, if we are not careful. But let’s be clear: this harm is completely self-inflicted. The algorithms are not yet “out to get us”; we just don’t always use them in healthy and productive ways.

		Why should you get involved in this discussion if you are not a scientist? Because each of us can influence our collective future. Technology advances with research, and research is fueled by money. Institutions get billions of dollars in government grants for research into different areas. The grants are made possible by taxpayer money—your tax money. You have the ability to influence policy every time you go out and vote. The public can decide what areas of research should get more attention. But how can you make an informed decision without being, well, informed? When it comes to artificial intelligence, there is a lot of speculation, often in the media, about the dangers and the capabilities of AI. You will be much better served by understanding how these systems work and what we realistically need to worry about rather than making an emotional decision based on uninformed sensationalist ideas. This way, you can at least arrive at a decision by way of a thought process. If we don’t have a thought process to ground our decision-making, as often happens, we get disproportionate—typically radical and extreme—responses driven by fear. This happened when stem cell research was all but banned in many countries out of fears over possible misuse: critics concocted specious moralistic arguments and completely disregarded the ethical dilemma of abandoning research that could contribute significant insight into terrible diseases like cancer, AIDS, and degenerative muscle disorders.

		For many of us, AI immediately conjures up the specter of Skynet—an intelligence created for the purpose of protecting national security that inevitably gains consciousness and wreaks havoc on humanity—and its cyborg assassin, the Terminator T-800. But our fear of AI might derive from a more primitive and innate response to a perceived threat, a response that predates the development of technologies whose imagined descendants populate movies and science fiction novels—that is, the fear of the unknown. More specifically, that fear has often manifested as a fear of the Other: a creeping, gut-borne feeling characterized by increasing and alarming suspicions of newcomers, outsiders, or anyone beyond our circles of intimacy or relationality. What are these circles? Interestingly, we construct different ones depending on certain rules of engagement. First, there is the family circle, where we extend the most trust. Beyond this, we have friends and more distant relatives. Even our respective countries form a certain circle of trust, if not comfort; we typically feel more connected to our compatriots than to people from other parts of the world. We notice this when we travel and meet a fellow expat. Immediately we feel a connection to them even though we know very little about them; we just know that they belong inside one of our circles.

		In its beneficial, or at least benign, form, this distinction between insiders and outsiders can foster a sense of community. In its malignant form, as the twentieth century showed in unconstrained horror, it leads to xenophobia and fascism (and unfortunately such virulent nationalism has been on the rise again around the world). So far, we are just talking about relationships between people. What then can we expect from our relationships with other beings, including the artificial kind? It seems natural that we should be suspicious of artificial intelligence. In some ways, it is the ultimate threat: by definition an outsider, not being human or natural, yet possessing the crown jewel of all qualities that separate us from mere animals—intelligence.1 Intelligence has given our species the superpower to change our planet and dominate all other living things on it. When looking at the full scope of what we have done with our intelligence—taking in our remarkable creations in the arts and sciences, our developments and advances living as social beings—in some very specific and clear ways, it has not served the natural world well: destroying forests, polluting oceans and waterways, wiping out entire species of plants and animals, and threatening those that are still around. It is no wonder that we should be outright mortified of a being, or entity, that shares very little with us yet finds itself in possession of our ultimate weapon.

		It seems that our primary concern, then, is with the form and extent of so-called intelligence in artificial systems. Over the course of this book, we systematically describe the mechanisms that are responsible for the advances we see today. Once we finally understand the machinery behind AI, we should feel empowered to take charge of our technology instead of being fearful of some synthetic omnipotence. At the very least, establishing a foundational understanding will give us the tools to judge what we should accept and what we should constrain when it comes to artificial systems that are now making decisions that affect our lives. My hope is that this book will not leave you feeling afraid but rather informed and, therefore, empowered.

			

			•   •   •

		The rest of the book comprises four main chapters and a short conclusion. In chapter 1, we discuss the first artificial neuron created by humans and the history and motivation that led to its creation. Along the way, we meet individuals who were driven purely by curiosity—that insatiable need to understand everything about our universe, from its physical laws to the phenotypic expressions of those laws. We examine how the humble artificial neuron evolved into a network of artificial neurons powerful enough to solve problems that were once considered computationally intractable, such as image recognition and natural language processing (e.g., understanding speech and writing, translating between languages). Wherever possible, we point out similarities between artificial and biological neurons, similarities that inspired the early work in artificial intelligence. Importantly, we unpack the multilayer perceptron—the first artificial neural network architecture ever created and still a fundamental building block of most state-of-the-art architectures in use today.

		Chapter 2 is all about vision. Here we discuss the problem that computer vision presents. Today, we take for granted that cameras and gadgets can track our faces and follow our movements. Even relatively inexpensive drones can be programmed to track and film us as we ski down a mountain. We search images for content using a variety of applications and tools. These tools can take a search query from us (something like “pictures of red cars in autumn”), analyze images for content (that shows red cars in autumn), and then return a list of images matching these search criteria. In the medical domain, similar applications are capable of searching biopsy scans for anomalous tissues that might be signs of disease. How is any of this possible? If you keep up with technology, none of this is surprising or even impressive anymore. But computer vision was once considered among the most elusive subjects to tackle in computer science. In chapter 2, we see why computer vision is such a fundamentally difficult problem to approach, and we discuss how artificial neural networks have all but solved this problem. And finally, we introduce the convolutional neural network, which has become the de facto architecture for computer vision. In fact, together with the multilayer perceptron, they form a set of fundamental building blocks used in most neural network architectures today. Throughout, we continue to note the similarities between artificial and biological systems and, wherever possible, describe the biological system as the inspiration for and intuition behind the development of the artificial one.

		The overarching goal of the first two chapters, then, is to specify what neural networks look like and how they operate. Providing the layout of the neural networks (in graphic and linguistic form), we describe each layer and show how each neuron in one layer is connected to the neurons in subsequent layers. We also detail the types of operations taking place at each neuron. After reading chapters 1 and 2, you should be able to answer—at least at a conversational level—what neural networks are and how information is processed from the input to the output.

		In chapter 3, we dive deeper into the how questions. This is where we look at what gives artificial neural networks any right to work and elucidate the mathematical intuitions that govern most of them. We describe the training processes that enable neural networks to perform certain tasks. This information allows us to understand their limitations and start to grasp the current state of artificial intelligence. We explore whether these systems are capable of conscious thought—whatever that means to you—or whether they are enacting a more primitive method of information processing.

		In the final main chapter, we take a step back from our pursuit of understanding neural networks in specific and operational terms. Instead, we put to good use the information we learned in the preceding chapters and attempt a bit of introspection. Using our newfound knowledge, we again ask the question of how dangerous artificial intelligence is and proceed to answer the question by evaluating levels of threat. We discuss areas (the judicial system, advertising) where artificial intelligence poses significant risk—without requiring the technological leap of gaining consciousness—and examine industries (automotive, health care, warehousing) where automation promises an improvement over present-day standards. More importantly, in this chapter we evaluate the current AI revolution against previous technological revolutions and attempt to learn from the past to understand our current moral and practical obligations.

		Having defused the panic about a robot takeover, in the conclusion, we provide a simple test for identifying classes of problems that are amenable to AI-based solutions and classes of problems that should remain in human control for the foreseeable future. The test provides a path to action by asking a set of questions for any new class of problems we may want to solve using automation. This set of questions enables us to reflect on the problem to understand whether the solution requires nuanced and difficult moral considerations or simply a set of specific rules to follow. Armed with these simple questions, we can then take control of deploying our AI tools in responsible ways.

		So let’s get to it. The path to learning whether Alexa is conspiring with Siri begins with chapter 1—including a brief diversion into what amounts to present-day technology’s ancient past.

		

		
			
				1. Apes, dolphins, and even some species of birds like crows and magpies are known to be quite intelligent. When it comes to human-level intelligence, however, it’s quite clear that we stand alone. In the context of discussing possible alien civilizations, the scientist and educator Neil deGrasse Tyson has postulated that the difference in DNA between chimps and us is 1 percent on average. He asks the question, “If the difference between humans and chimps is driven by that one percent, and that one percent is responsible for an ‘intelligent’ chimp stacking boxes and an intelligent human building the Hubble space telescope, what might the difference be between an advanced alien civilization and us, even if they are just one percent smarter than us?” Now consider an AI that is just a few percent smarter than we are. “Neil deGrasse Tyson: Only 1% Separates Our Intelligence from Chimps,” YouTube video posted by Danica Patrick on Sept. 6, 2019, 4:54, https://www.youtube.com/watch?v=F200wpEpJ4w.
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POLARIZATION AND ITS CONSEQUENCES

			
			

			What are artificial neural networks? Are they really made of neurons, like our brains? The structure of artificial neural networks presents a starting point in our pursuit to understand them but says very little about their capabilities and limitations. For this, we must dig deeper and ask more pointed questions. Why were they invented, and what kinds of problems can they solve? How do they know things? Can they learn on their own, or do we have to teach them? In this chapter, we dedicate considerable time to understanding artificial neural networks and their history. Their origin story is one of optimism and hope.

			As you might imagine, the artificial neural network, much like our own brains, began its life as a single cell. Complex networks developed from that cell, and these networks are today’s rock stars of artificial intelligence. We use them for making sense of data. We use them to classify images, performing object recognition and tracking for self-driving cars. You might have seen a Tesla successfully merge from one lane to another without human intervention. The car has cameras and other sensors that help it capture the state of the outside world, but artificial neural networks are tasked with interpreting the data from its sensors to identify vehicles, pedestrians, traffic signs, road signs, and anything else that enables it to see the world. Researchers are currently investigating using neural networks in medical settings as image classifiers to help diagnose different kinds of diseases, from melanoma to breast cancer to pulmonary ailments like pneumonia. For example, neural networks may be tasked with identifying anomalous regions in image scans of biopsied tissue or signs of pulmonary effusion in X-ray images. In a more general sense, we use artificial neural networks to process large volumes of data and extract patterns and trends from the data that might be significant to us. In some cases, this involves analyzing images, but neural networks are not limited to vision applications. We might train a neural network to predict the price of houses in certain neighborhoods or teach it to analyze financial markets’ historical data to forecast future trends. In other words, we use artificial neural networks as tools to solve certain classes of problems—namely, classification problems and forecasting problems.

			But the history of artificial neural networks, in some ways, is not the pursuit of a tool for artificial intelligence. It started with researchers’ need to understand the human brain. Researchers like to use analogs and models to investigate concepts. It is difficult, however, to tinker with a real brain; people get in the way. Early researchers in neuroscience and psychology thought it would be useful to try to build an artificial brain as a step to understanding our own.

			To try to answer the questions we opened with, this chapter is broken into a few sections. We start by taking a stroll through the halls of history and examining the earliest steps (in the nineteenth century!) that contributed to building a functioning artificial neural network. We discuss how researchers came to view the neuron as the key element in information processing and look at the first artificial neuron: the McCulloch-Pitts neuron. We explain how developments in our understanding of the biological brain contributed to modifying the McCulloch-Pitts neuron into a more powerful system called the perceptron, which led to the simplest type of artificial neural network—the fully connected neural network, also known as the multilayer perceptron, or MLP (fig. 1.1). We explain why, although artificial neural network research began in earnest in the 1950s, you probably didn’t hear about such networks until very recently: research in the field suffered many ups and downs from its inception, with many of the downs driven, in part, by overhyped promises. We try to make the case that, while hype is still a problem, it looks promising that artificial neural networks will stick around. Once we establish the progression of steps that led to modern artificial neurons, we examine how these neurons can be combined into complex networks. We look at examples and explain how information is processed by each neuron in the network and how the output of the network is calculated and interpreted. Finally, we close the chapter with a few use-case examples for how we can employ neural networks to solve real-world problems.
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						Figure 1.1 A simple artificial neural network. Information flows from left to right. The two circles in the first layer are the input nodes. The three circles in the middle are the processing neurons, and the one circle on the right represents the output value. The output in a neural network signifies a “prediction” on the input.

				

			

			DISENTANGLING THE NEURON

			Before we jump into the more technical aspects of neural networks and how they function, let’s spend a few moments learning about their history. Understanding what early researchers did to decipher the mysteries of the brain will help shed light on why artificial neural networks operate the way they do.

			To apprehend neural networks, biological or artificial, we must begin with the neuron. We now know that our brains are made of billions of neurons and that neurons are the fundamental building blocks of information processing. But we didn’t always know this. And, as is typical of scientific advancements, the discovery of the neuron and interpretation of its function were not without contention. How did we come to view the humble neuron as the fundamental unit of processing? It starts with a young nineteenth-century Spaniard exuding energy and enthusiasm. His name was Santiago Ramón y Cajal. He was the first person to understand that the brain was made of individual neurons and that these neurons played a pivotal role in information processing.

			Cajal was born in 1852 in a small village in Aragon, in northeast Spain. As a young man, Cajal’s first inclination was to become an artist. He enjoyed drawing the natural world, a passion that would come in handy in his future scientific career (figs. 1.2–1.5). His father was a surgeon and professor of dissection at the University of Zaragoza. The younger Cajal eventually followed in his father’s footsteps and enrolled in the Zaragoza school of medicine, graduating in 1873. Cajal’s big contribution to neuroscience began in 1887. That year, Cajal traveled from Valencia to Madrid to learn about new technological advances related to sample preparation for inspection under a microscope. There he met a brilliant psychiatrist by the name of Luis Simarro Lacabra, who showed him brain specimens stained using a technique developed fourteen years earlier by the Italian Camillo Golgi. The technique involved hardening a piece of brain matter in potassium dichromate and later dousing it with silver nitrate. This had the effect of dyeing only a few types of cells, revealing their complete structures as black silhouettes against the unstained background. Those who knew of this technique—not many, as the technique had not enjoyed great dissemination in the fourteen years since its inception—knew it as Golgi’s reazione nera (black reaction). Upon seeing the specimens produced by Lacabra, Cajal quickly realized the inadequacies of the current methods for studying nervous tissue. He would later write in his autobiography that the staining technique produced cells “coloured brownish black even to their finest branchlets, standing out with unsurpassable clarity upon a transparent yellow background. All was sharp as a sketch with Chinese ink.”2 Cajal used and improved the staining technique as he studied the neural tissue composition of the retina, cerebellum, and spinal cord.

			At the time, the prevailing scientific consensus, driven in large part by the German histologist Joseph von Gerlach, was that nervous tissue consisted of cells sprouting a variety of tangled projections that formed a continuous network known as the reticulum. According to this view, unlike other organs of the body, which could be separated into distinct components, the brain and nervous system could not be disentangled into fundamental and distinct units. Camillo Golgi analyzed nervous tissue following his own staining techniques and noticed that nervous tissue cells had two different kinds of projections: a cluster of short fibers that sprang and branched in many directions and a long cable that didn’t branch very much. He noticed that the bodies of the individual cells, although branching near other similar cells, did not in fact fuse to form a continuous reticulum, but so accepting was he of Gerlach’s description that he convinced himself that the long connections sprouting from the cells probably still formed a continuous path at some point he could not yet see.

			It was Cajal who first realized the individuality of the cells in the nervous system and, more importantly, the implications of what such structural organization might mean. The reticulum description of the nervous system was a monolithic representation impervious to external prodding, threatening to forever keep its operational secrets hidden in a singular mess of tissue. The idea that the nervous system is instead made up of billions of individual cells helps, in many ways, break the problem of understanding how it could function into fundamental building blocks and forms the basic principles of today’s understanding of the nervous system’s organization.

			Between 1894 and 1904, Cajal developed one of his most important works, Textura del Systema Nervioso del Hombre y los Vertebrados (Texture of the Nervous System of Man and the Vertebrates). This work contained detailed analyses and illustrations, made possible by Cajal’s artistic affinities and preparation in his younger years, of nerve cell organization and nerve cell structures. His illustrations continue to be reproduced in neuroscience textbooks even to this day. One of Cajal’s most important contributions is known as the law of dynamic polarization. This law states that nerve cells are polarized by splitting their main function between two distinct parts of their bodies, the input and the output parts. Cells receive input signals on their bodies and dendrites; they generate output signals through the axons.

			Framing the humble neuron as a discrete system capable of receiving inputs and producing an output formed the basic principle of how neural information is propagated in the brain. For their contributions to neuroscience, Golgi and Cajal shared the 1906 Nobel Prize in Physiology or Medicine. Golgi’s Nobel lecture included a description of his view that neurons form reticular networks. Interestingly, this assertion was then contradicted entirely by Cajal’s Nobel lecture, which necessarily focused on the role of the neuron as a distinct unit of the nervous system, far from the concept of a singular, inaccessible reticulum. Cajal continued to fight for his discoveries and disseminate his ideas until his death in 1934. Those ideas form the foundations of the modern understanding of neural information processing, and his contributions are central to artificial neural networks.
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						Figure 1.2 Tumor cells of the covering membranes of the brain, 1890. Cajal Institute (CSIS), Madrid.
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						Figure 1.3 A purkinje neuron from the human cerebellum, ca. 1900. Cajal Institute (CSIS), Madrid.
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						Figure 1.4 A cut nerve outside the spinal cord, 1913. Cajal Institute (CSIS), Madrid.
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						Figure 1.5 “Coupe transversal de la rétine d’un mammifère” (Cross section of the retina of a mammal). Illustration from Les nouvelles idées sur la structure du système nerveux: chez l’homme et chez les vertébrés (Paris: C. Reinwald, 1894), 112.

				

			

			It’s difficult to imagine the full impact of the functions of such a simple unit, which takes an input signal and produces an output signal. It’s hard to conceive that when aggregated over a network of billions of such connections we might get intelligence or even conscious behavior. Scientists aiming to explain how activities in the brain relate to overt behavior in the individual have puzzled over this problem for centuries, and they continue to do so today. To understand how complex systems work, it is important to prod them, measure them, and alter their organization in ways that allow us to ascertain a correlation between output behavior and the state of the system at each point in time. Clearly, we are limited in our ability to perform these kinds of investigative and analytical work when it comes to biological (especially human) brains, as changes in these areas typically come with severe adverse effects in the individual. The need to understand biological neural information processes birthed a new set of tools that eventually heralded a new age of artificial intelligence. But it all started with the need to understand the brain. The holy grail was to build a model of the brain that we could tinker with.

			GATEWAYS AND GATES

			In 1943, Warren McCulloch and Walter Pitts published a research paper titled “A Logical Calculus of Ideas Immanent in Nervous Activity,” where the authors proposed the first model of an artificial neuron. It was a very simple system: a node with inputs that could be either 0 or 1 and a firing threshold, which could be any value and served as a mechanism for determining when the neuron would fire. To fire, the aggregate of the input values into the neuron needed to match or exceed the threshold.

			For example, consider a neuron with two inputs X₁ and X₂, a threshold value of 2, and an output Y. If both inputs X₁ and X₂ are 1, then 1 + 1 = 2, which matches the threshold value of 2; therefore, the neuron fires, and Y = 1 (fig. 1.6). If both inputs are 0, then 0 + 0 = 0, which does not match or exceed the threshold value of 2; thus, the neuron does not fire, and Y = 0. Moreover, if either input signal is 0, then 1 + 0 = 1, which does not meet the firing threshold of 2. Again, the neuron would not output a signal, and the output value Y would be 0. This was the first functioning artificial neuron, and whenever you see your little Roomba headbutting a table leg in apparent artificial frustration, take a moment to think back to Santiago Ramón y Cajal and the McCulloch-Pitts neuron; the little Roomba would not exist without them.
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						Figure 1.6 A McCulloch-Pitts neuron with two inputs, a firing threshold of 2, and one output. In the example on the right, both input signals have a value of 1.

				

			

			The McCulloch-Pitts neuron is a simple system meant to model the most elemental functions of biological neurons. In 1943, thanks to previous work by Cajal and Sir Charles Scott Sherrington (a 1932 Nobel laureate and author of The Integrative Action of the Nervous System), we knew that biological neurons received input signals via the dendrites and that based on some internal threshold or a more nuanced calculation, the neuron would either send out a signal through the axon or not. If you notice, the McCulloch-Pitts neuron approximates the basic elements in this process. It expects a set of values through the input connections, and based on a simple internal state (a threshold value), it outputs either a 1 or a 0. The question is how useful a system like this is. Can we really do anything with something so simple? It turns out that we can.

			One of the more useful things we can do is implement a special set of logic functions known as logic gates. Interestingly, all modern advanced electronics and computing are based on logic gates. They help us transform 0s and 1s from signals traveling in a wire to states upon which we can make decisions. To build the intuition for how simple systems like neurons can perform complex tasks when integrated in complex networks, it will be helpful to understand logic gates. The simplest logic gates are not, and, and or.

			AND Gates

			The and logic gate has two input wires (fig. 1.7). When both input wires are “on” (i.e., both wires have a signal representing the value 1), the output of the and gate is 1. If both input wires are “off” (i.e., both wires have no signal, representing the value 0) or even if either one of the input wires is “off,” the output of the gate is 0. For the and gate to output a signal of 1, both input 1 and input 2 must be 1 (table 1.1).

			How can we utilize this capability in a more practical use case? Suppose you are building a security feature common in industrial machines—like a hydraulic press—where to ensure that the operator’s hands are off the danger area while the machine is operating, there are two buttons that must be constantly pressed by the operator for the machine to work. In this system, you might add a logic and gate with input wires connected to the two buttons in the control panel and connect the output of the logic gate to the machine’s circuit controller. Only when both buttons are pressed will both inputs to the and gate have a value of 1, and only then will the and gate output a 1, signaling that the heavy machinery can proceed to operate. If neither of the buttons is pressed or if only one button is pressed, the and gate will output a value of 0, and the machine will remain off.
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						Figure 1.7 An and logic gate with two inputs and one output. If either of the inputs is 0, the output is 0. If both inputs are 1, the output is 1.

				

			

			
				
					
					
					
				
				
					
							
							Table 1.1 and Gate and Possible Input/Output Combinations
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			NOT Gates

			The not logic gate is probably the simplest of the logic gates, and it functions as a signal inverter (fig. 1.8). It has one input wire and one output wire. If the input is 0, the gate outputs a 1. If the input is 1, the gate outputs a 0 (table 1.2).

			We can apply this behavior to a wide array of use cases. For example, suppose we want to design a sensor that can tell us if the fuel inside the fuel tank of a car drops below a certain level. We might set up a fuel sensor connected to a not gate. While the sensor is submerged in the fuel, the input to the not gate is 1, and the output is 0. An output signal of 0 is interpreted by the control circuit as the fuel level being fine. As soon as the fuel level drops below the sensor’s reach, the input signal to the not gate becomes 0, and the output turns to 1. This causes the not gate to send a signal to the control board indicating that we are low on fuel.
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						Figure 1.8 A not logic gate, with one input and one output. If the input is 0, the output is 1. If the input is 1, the output is 0.

				

			

			
				
					
					
				
				
					
							
							Table 1.2 not Gate and Possible Input/Output Combinations

						
					

					
							
							Input 1

						
							
							Output

						
					

					
							
							0

						
							
							1

						
					

					
							
							1

						
							
							0

						
					

				
			

			OR Gates

			The or logic gate is similar to the and gate (fig. 1.9). It has two input wires and one output wire. It outputs a signal when either input wire is on (table 1.3).

			Again, we can take advantage of this function by acting on an event based on a sequence of past events. Say that we are tasked with implementing a payment system for a public transportation service, a subway, and there are two methods customers can use to pay the fare. They can choose to scan a payment card and transfer the funds electronically, or they can choose to pay in cash. The payment system can be connected to an or gate where the electronic payment system and the coin collector system are connected to the input wires of the logic gate, and the output of the or logic gate is connected to the controller board for the turnstile. While the customer has not paid either electronically or using cash, the or gate continues to not output a signal (output is 0), and the turnstile remains locked. As soon as the customer pays either electronically or using cash, a signal (output is 1) is sent to the turnstile’s controller board that lets the customer pass through. 
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						Figure 1.9 An or logic gate with two inputs and one output. If either input is 1, the output is 1. If both inputs are 0, the output is 0.

				

			

			
				
					
					
					
				
				
					
							
							Table 1.3 or Gate and Possible Input/Output Combinations
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			Logic Gate Systems

			Hopefully you can begin to see how powerful individual logic gates can be. And just as individual neurons are combined to form powerful networks, we can also combine logic gates by using the output of one gate as the input to another gate.

			Consider an automated process for receiving travelers at an airport in a country belonging to the European Union. (Clearly this is an unrealistic example, but bear with me.) There are two ways to get into the country: if you are a citizen of the EU, you can pass right in; if you are not a citizen of the EU, you must show a valid visa and international passport. We could build a system that lets travelers through based on an and gate combined with an or gate (fig. 1.10). The and gate is connected to one of the or gate’s inputs. The and gate outputs a 1 if you have an international passport and a valid EU visa. The other input of the or gate is set to 1 if you are a citizen of an EU nation. Following this logic, if you are a citizen of the EU, at least one of the inputs into the or gate is set to 1; therefore, the output of the or gate is 1, and you are allowed through. If you are not a citizen of the EU, one of the inputs into the or gate is 0, so for the or gate to output 1, the other input must be 1. The other input depends on the output of the and gate, which is only 1 if you have both an international passport and a valid EU visa.
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						Figure 1.10 An and gate and an or gate automatically controlling access into the EU.

				

			

			We can continue to combine logic gates and build complex circuit systems. In fact, if we combine enough logic gates (millions of them), we can build modern computers. Logic gates are the building blocks of the control flow and decision systems that form the backbone of programming languages. Software consists of a series of instructions that a computer can understand. These instructions are sometimes predicated on certain logical conditions (e.g., “if this, then that”). Those conditions are made possible by logic gates. When we read about new computer processors—CPUs or GPUs—sporting millions of transistors, this is essentially what those numbers mean. Transistors are used to a large extent to implement logic gates, so millions of transistors equate to millions of logic gates. So why, again, are we talking about logic gates?

			It turns out that we can build logic gates using McCulloch-Pitts neurons, and logic gates were already well-known constructs in the 1950s.3 This provided scientists with the realization that if you could build logic gates with artificial neurons, then these neurons could be used to build other kinds of powerful systems, maybe even a model of the brain. It gave scientists permission to continue investigating artificial neurons.

			Fine-Tuning the Neuron

			A limitation of the McCulloch-Pitts neuron is that it takes binary inputs and outputs binary values. Even in the 1940s, we knew that inputs into biological neurons were not always binary values (i.e., full-intensity signal or zero-intensity signal). In biological neurons, the signals are nuanced and cover a range of intensities. Furthermore, the decision on whether the neuron should fire, also referred to as the activation function of the neuron, used in the McCulloch-Pitts neuron is the threshold function, which again we knew doesn’t resemble biological neurons very closely (fig. 1.11).

			In 1949, Donald Hebb, a Canadian psychologist researching how neurons contribute to the learning process, wrote a book titled The Organization of Behaviour. In this book, Hebb introduced the theory of Hebbian learning, which revolutionized the way neural information processing was understood and helped change the way that artificial neurons were implemented. In his book, Hebb says, “When an axon of cell A is near enough to excite a cell B and repeatedly or persistently takes part in firing it, some growth process or metabolic change takes place in one or both cells such that A’s efficiency, as one of the cells firing B, is increased.”4 In this statement Hebb proposes that as neurons fire together, not only is the connection between the neurons strengthened, but this very operation is a fundamental step in the learning process. This suggests that weights should accompany the connections to neurons, where the weights modulate the importance of each connection over time. That is, the information flowing through a neural network is not dictated by the input values alone; the connections between the neurons themselves are strengthened or weakened through the learning process by adding a weight value to each connection. The weights affect how much of the input value into that connection is received by the neuron. The addition of weights means that neural networks are not obdurate, unchanging things. Instead, they can be adjusted, and information can be routed and rerouted depending on how the connections between the neurons are strengthened or weakened, much like how water might flow downriver depending on which obstacles it finds.

			Take a moment to ponder this discovery. It was extremely important. The addition of weights to the connections was akin to adding a frequency tuning dial to a radio. A radio that is built tuned to a specific frequency, with no dial, is like the McCulloch-Pitts neuron. We must rebuild the neurons to change their outputs, just as we must rebuild the radio to change the frequency it’s tuned to. The addition of weights to the neuron suggests that we can move the tuning dial on the neurons and change their behavior at run time, much as we can change the frequency on a radio by turning the dial.
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						Figure 1.11 Three activation functions we refer to often in this chapter. The sigmoid activation function (a) outputs a value between 0 and 1 for all its inputs, with an input 0 producing 0.5 as output. The rectified linear unit activation function (b) outputs 0 for all negative inputs, and outputs the unmodified input value for all positive inputs. The threshold function (c) outputs a 0 for all input values below the threshold value; for input values equal to or greater than the threshold, it outputs a 1.

				

			

			THE PERCEPTRON

			Frank Rosenblatt, an American psychologist working in 1958 at the Cornell Aeronautical Laboratory as part of a project funded by the U.S. Office of Naval Research, studied the work on the artificial neuron done by McCulloch and Pitts and recent discoveries by Hebb and developed the perceptron. The perceptron was a modification of the McCulloch-Pitts neuron that incorporated Hebb’s weighted input connections, as well as allowing each individual input to take a value between 0 and 1, instead of the binary (all-in/all-out) approach of the McCulloch-Pitts neuron. These changes more closely aligned the perceptron to biological neurons.

			The history of artificial neural networks is riddled with subtle but crucial discoveries. The addition of weights and real numbers (numbers with fractions that can measure continuous quantities; e.g., all numbers between 0 and 1, not just 0 or 1) hinted that it might be possible to build general models of the brain that could be adjusted to solve general sets of problems, as opposed to specific problems. As Rosenblatt described in his 1961 book, Principles of Neurodynamics, there are two approaches to creating models for studying the brain: monotypic models and genotypic models.

			Monotypic models are similar to our pretuned radios with no dials, while genotypic models are adaptable and allow tuning to different frequencies without having to build a different radio. In the monotypic model, we start with functional requirements of some “psychological function,”5 for example, a well-defined recognition algorithm with specific input/output conditions. That is, in the monotypic model, we find a psychological function that we want to model. Say we want to model how smell is processed in the brain. We might design an artificial system capable of detecting certain types of smells and then design a specific reaction to each smell. Once our artificial system is functioning, we monitor the process of detecting smells and reactions to each smell in a human volunteer, and we try to find where the artificial and biological systems are similar. The monotypic approach for studying the brain starts with a specific set of inputs and specific set of desired outputs, builds a system that can map those inputs to the desired outputs, and finds similar behavior in biological systems. We might then update our model based on what we see in the biological systems. This approach better aligns with the McCulloch-Pitts neuron. It is a purposeful approach where we know exactly the kind of solution we are building.

			In the genotypic approach, instead of starting with well-defined functions and comparing our artificial system to the brain, we start with a set of generic learning rules and build a more general algorithm that can learn to model any set of problems following the same training procedure (rather than a training procedure or design specific to the problem at hand). For example, instead of building a system for detecting a defined range of smells, another system for detecting a defined set of tastes, and yet another system for detecting a desired range of sounds, the genotypic approach aims to find a generic design that can detect input stimuli that could be sounds, tastes, or smells. The genotypic approach lends more plasticity to the design of our artificial networks because the design does not have to closely implement a set of initial requirements; instead, the network can learn to adjust itself to develop the requirements that help it meet its output goals. By incorporating both real-number values into the network connections (numbers between 0 and 1), as opposed to the Boolean (0 or 1, true or false) nature of the McCulloch-Pitts neuron, and the weighting of synaptic connections, the Rosenblatt perceptron is better equipped for implementing genotypic models.

			Rosenblatt viewed decision-making and intelligence in the brain as following a set of statistical and probabilistic algorithms where, instead of mapping a set of input stimuli to a specific set of output psychological behaviors (monotypic models), the brain maps classes of inputs to classes of outputs (genotypic models). There is a very important distinction between these two approaches. If the brain functioned exclusively based on mapping specific inputs to specific outputs—the collection of predefined algorithms necessary to perform all the functions we perform daily and throughout our lives—we would need a staggering collection of discrete algorithms in our brains. This would make the dream of creating artificial systems capable of emulating human-level intelligence almost certainly impossible. If, instead, the brain functioned as a statistical system mapping classes of inputs to classes of outputs, we would not need a specific algorithm for every function we perform; we’d just need an algorithm for each class of functions we perform. This at least offers a reduction in the number of systems we need to emulate if we want to artificially build human-level intelligence.

			Of course, the brain (and nature) need not listen to Rosenblatt, and in fact, it may be that the brain employs both approaches, some specific algorithms for special functions and generic algorithms for most other functions. Rosenblatt’s point was that if we want to have a shot at building a system that resembles human intelligence, and since we don’t really know how the brain exactly works anyway, let’s assume that it works in the way that offers us a greater chance at emulating it and see how far we get. It is important to note that Rosenblatt, at least initially, did not build the perceptron with the purpose of creating artificial intelligence for its own sake. His primary goal was to build a system that he could tinker with and alter to help him better understand our brain.

			So how did this perceptron really work? The Rosenblatt perceptron functioned as follows: For a perceptron with five inputs X₁, X₂, X₃, X₄, X₅, each input connection (analogous to the biological neurons’ synapses) has a weight (w₁, w₂, . . ., w₅) associated with it. The weights are also real numbers, which means they can take any value between 0 and 1 (note that the values can also be greater than 1, but they are typically normalized to the 0–1 range). The process for calculating the output of a perceptron is to perform a weighted sum over the inputs and apply the activation function on the result. The classic activation function for the perceptron was the threshold function, just as it was with the McCulloch-Pitts neuron, but, as we saw in figure 1.11, there are many activation functions that could be used. In the case of the threshold function, we check whether the result of the weighted sum is greater than the threshold value. If it is, the neuron outputs a 1; otherwise, it outputs a 0. A weighted sum operation is performed as follows:

			[image: V equals the summation of w sub j times x sub j for j equals 1 to n, plus b”]

			The formula might look complicated but remember that Σ simply means a sum, so the equation is saying that the output value (V) is equal to the sum of the input values (x) times the weight (w) of the connections, for all inputs (j), plus b. We are going to largely ignore b until chapter 3. For now, we just need to know that it’s called a bias, and as we can see, it doesn’t contribute a lot to the output compared to the input connections and the weights.6 For the next two chapters, we want to build an understanding of how neural networks work at the neuron level, so we are going to concentrate on the most important part of the input/output process—that is, the inputs, the weights, and the activation functions. Once we calculate the weighted sum over the inputs, we take the resulting value V and perform the activation function calculation O = f(V), which gives us the output value (O) for the neuron.

			To calculate the output of the perceptron shown in figure 1.12, we perform the following operation, [image: O equals f of w sub1 times x sub1 plus w sub2 times x sub2  plus w sub3 times x sub3 plus w sub4 times x sub4 plus w sub5 times x sub5, plus b], where f is the threshold activation function with a threshold value of 2. The neuron outputs a 1 if the result of the summation is greater than or equal to 2; otherwise, it outputs a 0. This all sounds great, but how do we get these magical weight values? The weights of the perceptron are initially chosen randomly; they then get adjusted during the training phase of the model when the output is evaluated against expected results, and updates are made to the weights to ensure that the model performs better during each iteration of the training cycle. But more on this later.
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						Figure 1.12 A Rosenblatt perceptron with five input connections. Each connection has a weight (w) associated with it. The value of the weight can be any number between 0 and 1. The output of the perceptron depends on the weighted sum operation passing the threshold test.

				

			

			If you are wondering whether this perceptron has practical applications or if it’s just a scientific novelty item, it is definitely useful in solving certain types of problems. The perceptron was first implemented in software for the IBM 704. It was a computer the size of a room and used punch cards as a user interface. That perceptron was trained to distinguish between punch cards marked on the left and punch cards marked on the right—an incredible achievement for the time. Rosenblatt called the perceptron “the first machine which is capable of having an original idea.” The first implementation of the perceptron as an automation tool was the Mark 1 perceptron, developed in 1958; in this case, it was a machine, as opposed to software. It was designed for image recognition capable of analyzing input images of 20 pixels width by 20 pixels height. The input into the perceptron was a camera with 20 × 20 calcium sulfide photocells. The 400 (20 × 20) photocells were randomly connected to the input channels of the perceptron; that is, the system employed a perceptron with 400 inputs. The weights of the connections to the perceptron were encoded by an array of special resistors called potentiometers, which could be actively adjusted to vary the resistance and in turn vary the voltage. In computer systems, values of 0, 1, and anything in between are represented using voltages. The potentiometers were useful to allow for adjusting each connection weight at run time and representing any value between 0 and 1. The potentiometers were adjusted during the learning phase using electric motors to dial into the right voltage value for each weight. In 1959, Bernard Widrow and Marcian Hoff of Stanford University applied advances in the perceptron to the first implementation of neural networks to solve a real-world problem. These were artificial neural networks trained to eliminate noise from phone lines. Named ADALINE and MADALINE (which stand for ADAptive LINear Elements and Multiple ADAptive LINear Elements, respectively), these systems are still in use today!

			It seemed that all was going well with artificial neural networks, and real artificial intelligence—complete with humanlike androids ready to do our bidding—was just over the horizon. So what happened?

			Right around this time, enthusiasm over a possible new era of human-machine interactions seemed to reach a boiling point, with the New York Times running an article titled “new navy device learns by doing: Psychologist Shows Embryo of Computer Designed to Read and Grow Wiser” and the New Yorker writing, “Indeed, it strikes us as the first serious rival to the human brain ever devised.” Rosenblatt himself didn’t do much to ground such overhyped expectations with statements like, “We are about to witness the birth of such a machine—a machine capable of perceiving, recognizing, and identifying its surroundings without any human training or control.”7

			CALL OF DUTY RESCUES THE NEURAL NETWORK

			Unfortunately for Rosenblatt, and artificial neural networks in general, the excessive attention these systems garnered in a short period served to irk artificial intelligence researchers pursuing more traditional approaches. Most notable among these researchers was Marvin Minsky, who in 1969 coauthored a book titled Perceptrons (with Seymour Papert). In the book, Minsky took aim at the perceptron and its inability to distinguish between classes that are not linearly separable. The perceptron that Rosenblatt implemented for image recognition using a 20 × 20 photocell camera consisted of a single-layer perceptron, and single-layer perceptrons are limited to linearly separable problems. That is, if you think of a classifier as a line that separates two classes of objects (say, blue dots from red dots), a line can only separate these two classes of objects if they are arranged in such a way that a line can bisect the space in which they live. Take a group of blue marbles and red marbles spread over a tabletop: we could position a stick between the red marbles and the blue marbles only if the marbles are already grouped by color. If the marbles are mixed on the surface of the table, a stick could not be placed in a way that separates blue marbles from red marbles. This is the attack that Minsky launched on the single-layer perceptron. More specifically, he cited that the single-layer perceptron could not implement the exclusive or (xor) logic gate.
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