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Introduction

When building a god, we must be very, very, careful, for we are at the crossroads of perhaps our most unique moment in our short history as a species. For the first time in our existence, we possess the curiosity, capacity, and greed to create an artificially intelligent being (or beings) so intelligent and so powerful there is a probable likelihood that its construction may bring about the end of our own existence.


The major gods of past and current cultures have always been a top-down form of metaphysical being that possesses qualities and characteristics of being all-intelligent (omniscience), all-powerful (omnipotence), ever-present (omnipresence), and all-good (omnibenevolence). These gods were and are believed to have existed prior to ours and were considered to be not only creative forces but also prescribers of moral precepts to govern the actions of our species. With the increasingly rapid advancements in artificial intelligence (AI), we are witnessing a bottom-up approach wherein it is us, the humans, who have to figure out what moral precepts and commands should go into the making of such a being so that it will not turn against us and harm us in various ways—intentionally or accidentally. To avoid this Frankenstein Effect, building a god in our very best image is going to be our greatest collective challenge.


Given enough computing power, data, and time, it is inevitable that at some point in our not-too-distant future we will succeed in creating a form of intelligence that far surpasses our own. And when that time comes—and it really appears to be a matter of when, not if—how will such a being respond to us? How will such a god-like being react to our attempts for control and guidance? The answer is a bit unsettling: No one knows.
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Figure I.1. White to grey to black: “Known knowns, known unknowns, and unknown unknowns.” Created for the author. All rights to the author.




What exactly do we know? Well, this describes what we call our current epistemic stance. In other words, what state of knowledge, or lack thereof, are we currently in? What do we know about the potential risks and harms of AI, and what don’t we know? To demonstrate this I’ll quote, of all people, Donald Rumsfeld—George W. Bush’s secretary of defense. Rumsfeld once said: “There are known knowns—there are things we know we know. We also know there are known unknowns—that is to say, we know there are some things we do not know. But there are also unknown unknowns, the ones we don’t know we don’t know” (see figure I.1).1


Throughout this book, we will consider, very carefully, our epistemic stance by reflecting on what we know about AI and what we know we don’t know about it, and then try to prepare ourselves for eventualities that we don’t even know we don’t know about what may come.


Toward this end, we are hopeful that our new, emerging, superintelligent machine god (or SMG) may fix some of our most pressing problems, like solving world hunger, curing diseases, stopping and reversing climate change, and, in general, making human and animal lives better. This is what everyone in the AI business wants. Such a god-like machine would deliver humanity from past inequities and mundane drudgeries and promote well-being throughout the world. Just think of it: a future where much of our manual-labored jobs are taken care of, where health care is affordable and available throughout the world, where energy is cheap and efficient. The developments of AI promise a future filled with considerable possibilities for the betterment of humankind, the environment, and so many other species. But there is absolutely no guarantee that an artificially intelligent god-like being will always be good—or that it will always be used by humans for the better good.


The DC comic hero Superman, for example, did not have to be a law-abiding, tax-paying citizen. He could have “smashed through any bank in the United States” yet refrained from doing so (as well as a lot of other horrendous acts against humanity). But who’s to say a highly evolved and superintelligent form of AI would behave according to our ethical standards? Why would it? And what reasons do we have to believe it would? This leads us to consider the possibility of a superintelligent AI evolving as an existential threat or risk to us (known as x-risk). Will this occur? We don’t know. But it’s probably a safe bet to err on the side of caution since we are playing with technologies whose effects for the most part are unknown to us. So, if we were to imagine what this would look like in the form of gambling on our future, our best wager would look something like what is shown in figure I.2.
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Figure I.2. AI x-risk wager. Created by the author.




If we believe the development of a form of superintelligent AI may pose an existential risk to humanity at some point in the future, and it turns out to be true, then we as a species can win, so to speak, by preparing for this potentiality and guarding against its anticipated harmful effects. And if it turns out that, no matter how intelligent our AI technologies become in the future, they never pose an x-risk to us, then we would have taken the most epistemically and ethically responsible precautions to ensure against this. On the other hand, if we don’t take x-risk seriously and there turns out to be no risk whatsoever, we would be acting irresponsibly—both epistemically and ethically—because we simply got lucky. And the worst case scenario occurs if we don’t take x-risk seriously and it turns out to be true; then we will face considerable harms and repercussions at some point in the future.


As you can imagine, there are those on either end of the spectrum who believe in the absolute safety of AI advancements—we’ll call these folks the naysayers. And there are those who fall onto the opposite end of the spectrum who believe that our own self-destruction at the hands of superintelligent AI is a done deal—we’ll call these people doomsayers. And then, of course, there are plenty who fall somewhere in between. The range of the degree of danger can be summed up by noting how everyone lies somewhere between Y2K and Armageddon. By the end of this book, you should have a better understanding of where, exactly, you fall on this spectrum, and why.


But what if there’s only, say, a 5 percent chance that we humans will create such a powerful artificial superintelligence that will harm us or wipe out humanity entirely? Well, would you get on an airplane if you always faced a 5 percent chance of fatally crashing? Think about it: there’s a 1 in 20 chance that every time you fly, your plane will crash and you will die. How often would you be getting on an airplane? Probably not often; if at all. So it’s important to realize that we really want to make sure there’s nowhere near a 5 percent chance of such an occurrence.


And it is exactly because we don’t know, precisely, what the odds are in building a destructive form of AI that we must be very, very careful when considering how to build such a god. Because if we get it wrong, and there turns out to be a likelihood of potential existential risk, we may not have the time to control, contain, or stop its negative effects. So how do we do this? This leads us to ask ourselves the most central, pressing question facing all scientists, academics, politicians, and industry leaders in the AI business today: How do we build a superintelligent machine—a mechanical god—that only helps us and can never harm us?


If we had the answer, the world would be in a much more secure place, and a lot more people in the AI safety and governance business would be sleeping a whole lot better. But unfortunately, neither I, nor anyone on this planet, know how to do this. At least, not at the moment. But we are working on it. The team I lead—as well as our other teams at Convergence Analysis (a UK-based organization devoted to mitigating the existential risk of AI)—is working on better understanding current developments in AI technologies so we can advise industry leaders, politicians, and the public about the safest path to take moving forward. As our CEO, David Kristofferson believes:



The future of humanity could be flourishing or catastrophic: the outcome is up to what we do now. What is the nature of this problem we’re trying to solve? Decision making. Human intelligence drives human civilization, and it drives it through decisions. Humans make decisions, and we act following decisions. Decisions determine what kind of AI we build and what we use it for. What kind of AI we build and what we use it for determines whether AI will be good or bad. Additionally, the act of building AI is the act of asking the machine to make decisions. And we’d better know well what we are asking it to do. In sum: We need humans to make the right decisions in developing and using AI, and we need the AI that we build to use the right decision-making.2




At this very unique point in our history, it is crucial for us to make the right decisions about why and how to build a god. Because if we get it wrong, it will be the worst and last machine we ever build.


So there is a great sense of urgency to spread the word very far, very wide, and very quickly that there is a race on with Big Tech and world political powers to be the first to build a superintelligent machine god (SMG). So what does that say about the future of humanity? It means that we need to focus more attention on this problem than we have on any other collective problem facing our existence. The issue of controlling the effects of AI is greater than putting humans on the moon or into space; greater than battling climate change; greater than world hunger; and even greater than nuclear annihilation. And if we don’t act soon and collectively, the problem will be upon us quicker than we anticipated—leaving us little to no time to react.


So let me be very clear: the threat from AI of existential risk and annihilation to humanity is very real. The odds that it will occur are difficult to determine because, as mentioned earlier, no one knows for sure what is going to happen or precisely how soon. But we do know that we all want the best that AI has to offer us while eliminating any potential existential risks or harms. Our best shot at assuring this depends on how well we can critically think about such a threat and to establish universal, ethical guidelines that ensure the future safety of humankind. Throughout the remainder of this book, we will consider whether or not this is possible.








I

AI AND WHAT WE SHOULD KNOW ABOUT IT







1

AI 101

Concepts, History, and Applications of AI

In this chapter, we will consider the basics of artificial intelligence (AI). We will explore the foundational aspects of AI to ensure that everyone shares a common understanding of important terms, concepts, and ideas. The field of AI is rapidly evolving and changing day by day, so it’s crucial for us to grasp the key historical ideas and developments that have brought us to our current state of concern. This contextual background knowledge will empower us to have more informed and constructive discussions regarding the future path of AI with respect to its potential benefits, risks, and governance.

To understand the basics of AI, we will first examine its definition. What do we mean when we’re talking about intelligence being “artificial”? How does it differ from, say, human intelligence? Once we have a better understanding of some of the key concepts behind the definition of AI, we can then look at its history—where did it come from? When did it start? Where will it lead us? Answering questions such as these will grant greater insight and capacity when considering deeper issues involving the applications of emerging AI technologies.


What Is Artificial Intelligence?

When you hear the words “artificial” and “intelligence,” what comes to mind? What are you thinking about? Do you picture the unblinking red eye of the HAL 9000 computer in 2001: A Space Odyssey? Do you hear the voice of Arnold Schwarzenegger in The Terminator, or the tragic final soliloquy delivered by Rutger Hauer, a Nexus 6 replicant, in Blade Runner? Or what about some of the more intense robotic creations found in the movie Ex Machina? Or are you thinking of Siri? ChatGPT? Alexa? Or your Roomba? Whatever your thoughts are about these two words, you probably have some idea of what is meant when they are used together. Let’s look at them a bit more closely.

What does it mean for intelligence to be “artificial”?

Most dictionary definitions define the term “artificial” as a copy of something “natural” that is “made by humans.” Some definitions even go so far as to call it “fake” or “not real.”1 For our purposes, and within the AI field itself, the term is used to distinguish it from human or animal forms of intelligence. And yes, this artificial form of intelligence is indeed created by humans; but the processes through which it is created are not similar to the various processes through which human or other forms of animal intelligence evolved. This distinction—that humans have endured a long and arduous evolutionary process whereas all forms of AI have been created in an instant—is an important one and should be kept in mind as we proceed through the remainder of this book.

So then, what does “intelligence” mean?

That is a much trickier question to answer. There are literally dozens of ways such a term can be defined.2 We could simply respond with a basic dictionary definition stating that it involves the ability to learn, understand, and make judgments or have opinions that are based on reason,3 but we know that it involves much more than this. It also involves the ability to learn or understand or deal with new or trying situations; it involves using not only reason but also creativity, as well as the ability to apply knowledge to navigate through and manipulate one’s environment. At other times, it can also mean to think critically and abstractly as measured by objective criteria such as tests. And in some cases, it refers to the capacity for mental acuteness or shrewdness.4 On the artificiality of intelligence, Pamela McCorduck writes:


Intelligence means literally “to choose among what has been gathered.” This etymology casts the history of artificial intelligence into a vastly larger landscape, revealing it to be not some hubristic overreaching (though it has sometimes seemed so), but instead another natural stage in the flow of that most enduring, even noble, of human urges: the passion to gather, organize, and share knowledge so that we all benefit. If competition typifies human behavior (and it does) then alongside it, possibly in equal measure, is cooperation. From the beginning, it seems, we’ve gathered and organized information, knowledge, and techniques largely to share all these with our fellow humans, to amplify their knowledge as well as our own.5



I believe McCorduck hits the proverbial nail right on the head when she talks about the equal measures for both competition and cooperation in gathering and sharing information. There are many studies and theories about the nature of intelligence, but for our purposes, when we combine elements of these various definitions together, we can define “artificial intelligence” as


a nonnaturally electronic analogue of intelligence that can learn, understand, and make judgments based on reason, shrewdness, and creativity, which allows it to navigate through and manipulate a given environment critically and abstractly.



Although this provides some clarity, we still need to add a few things. The term has been defined elsewhere by notable figures such as AI pioneer and Stanford professor John McCarthy, who defined artificial intelligence as


the science and engineering of making intelligent machines, especially intelligent computer programs. It is related to the similar task of using computers to understand human intelligence, but AI does not have to confine itself to methods that are biologically observable.6



And decades before McCarthy’s definition, Alan Turing, the British father of computer science, was considering whether or not machines could think in his groundbreaking 1950 work “Computing Machinery and Intelligence.” He devised the now famous “Turing Test” in which a human interrogator attempts to distinguish between a computer and human text response. If the interrogator is unable to distinguish between them, the computer is said to have passed the “intelligence” test.7

In the late 1990s, Stuart Russell and Peter Norvig, two prominent AI scientists, authored an innovative work titled Artificial Intelligence: A Modern Approach, which has since established itself as the preeminent textbook in the field of AI studies. In this seminal work, they outline four potential objectives or definitions of AI that distinguish computer systems based on their capacity for rationality and decision-making versus their capacity for action.

To start, they explore the “human approach,” wherein the performance of systems that emulate both human thinking and human actions is assessed. This is juxtaposed against an ideal approach in which systems are expected to demonstrate rational thinking and rational action. This distinction between human and rational is particularly intriguing and serves as a recurring theme in the evolution of AI technologies. It’s noteworthy because humans do not consistently exhibit rational thinking; this is primarily due to the ongoing interplay in our brains between our emotional limbic systems and our cognitive prefrontal cortexes, which are constantly engaged in a mental tug-of-war.

In a quest to enhance the rationality of AI systems and reduce susceptibility to human emotional biases, significant endeavors have been dedicated to refining the precision and optimal performance of artificial intelligence systems. On a personal note, among these endeavors is my own research, which led me to conceive the concept of the OSTOK or “onion skin theory of knowledge” model of information8 in the late 1990s. The OSTOK Project is an information model that allows us to better understand the complexities of relationships between various types of natural and cultural systems. When we combine our physical understanding of the natural world with our understanding of the many different cultural ways in which our lives develop, we can better understand just how vastly complex our lives, the world, and the universe is.

Taken together, the two systems are interconnected in a complex interplay of activity resembling the multiple layers of the skin of an onion. Using an onion as a metaphor for our combined systems of knowledge, we can understand how information about ourselves, our world, and the universe relate. The more we can understand the complex causal interplay between various systems, the deeper into and the farther around the onion we go. In demonstrating the enormously complex interplay of natural and cultural linear and nonlinear systems, we find that our knowledge is limited by the manner in which we can identify and attempt to understand what might be called “causal clusters.” These clusters are connections between events within these two overlapping systems. The better we can understand the causal forces influencing various effects in our lives, the better we can predict and control the natural world in an effort to develop policies more responsibly in the management of human and natural resources. Within this framework, I introduced the notion of a “Least Biased Information System” (LBIS) or “Fairness Machine”9 as a potential tool to support and further medical research, pioneer scientific discoveries, and assist governmental policy and legislative decision-making.

During that period, my plan involved forging partnerships with electronic engineers, computer scientists, philanthropists, and politicians to create a machine capable of extracting information from extensive databases, facilitating the global cross-referencing of data, and expediting the painstaking process of fact-finding research conducted by humans. The overarching goal was to catalyze advancements in the realms of science, medicine, and politics. I held the conviction not only that the construction of such a machine was conceivable10 but also that it could also be harnessed and regulated effectively.

My overarching ethical concern was the inevitability of someone else potentially developing such a machine before I did, without the necessary controls in place. Today, my colleagues and I confront the reality and challenges of this very scenario as our main objective.

This has led to an expansion of our definition of AI, which can now include the following:


[A]rtificial intelligence is a field, which combines computer science and robust datasets, to enable problem-solving. It also encompasses sub-fields of machine learning and deep learning, which are frequently mentioned in conjunction with artificial intelligence. These disciplines are comprised of AI algorithms which seek to create expert systems which make predictions or classifications based on input data.11



When we take our various definitions of AI so far, and we put them together, we get the following comprehensive definition:


Artificial intelligence involves the development of a nonnaturally evolving electronic copy of human intelligence that can learn, understand, and make judgments based on reason, shrewdness, and creativity, which allows it to navigate through and manipulate—critically and abstractly—a given environment. It combines computer science and robust datasets, which encompass machine and deep learning, to utilize algorithms that seek to create expert systems that make predictions or classifications based on input data.



Perhaps it’s not catchy enough to be a tattoo, but it will serve our purposes well enough moving forward. Keep in mind that the definition doesn’t mention anything about the AI system having its own consciousness or freedom, like being aware of itself or moving around freely in the physical world. All it needs to do is follow its instructions and perform its commanded functions that we, as its creators, value. But what if it doesn’t follow its instructions? What if it goes against our human commands and values and starts doing things on its own—whether it realizes it or not? Before we can tackle these pressing questions, we need to gather some additional background information.





Types of Artificial Intelligence


One of the first things you need to know about AI is that there are two categories and three types of artificial intelligence. To understand better how humans have developed technology to our current level in building a god, it is important to understand how and why each category and type has and will develop over the next few years. Basically, the two categories of AI consist of weak and strong. As shown in figure 1.1, under the category of weak AI is one type known as artificial narrow intelligence (or ANI), and under the category of strong AI are two types: artificial general intelligence (or AGI) and artificial super intelligence (or ASI).


Weak AI: Narrow AI or Artificial Narrow Intelligence (ANI)

Artificial narrow intelligence (ANI) is trained and focused to perform specific tasks and to directly follow its digital commands. It has no autonomy or freedom to do other than the strict parameters of its algorithmic programs command. Weak ANI is currently the most abundant and drives all of the AI that surrounds us today. “Narrow” might be a more accurate descriptor for this type of AI because it is not necessarily weak in its functions. It enables some very robust applications, such as Apple’s Siri, Amazon’s Alexa, IBM’s Watson, and autonomous vehicles.


[image: fig_8_1.jpg]
Figure 1.1. Two categories and three types of AI. Created for the author. All rights to the author.







Strong AI: Artificial General Intelligence (AGI) and Artificial Super Intelligence (ASI)


Artificial general intelligence, also known as AGI, is a proposed state of cultural evolutionary development in AI where a machine would possess intelligence as broad and advanced as our own. Such a machine could potentially exhibit problem-solving, learning, and long-term planning abilities as well as and, eventually, much better than any human. Moreover, it would have the capacity to think in abstract, creative, and even emotional ways, but with a speed, precision, and efficiency far surpassing any human capability.

Artificial super intelligence (ASI), also known as superintelligence, represents a level of intelligence that surpasses the cognitive abilities of any individual human or even the combined intellect of all humanity. In many aspects, such an entity would seem god-like to us. It would possess unparalleled knowledge, think with lightning speed, execute tasks rapidly, and solve complex problems almost instantaneously. Its ability to outperform and outthink us would embody the essence of Arthur C. Clarke’s prophetic statement: “Any technology advanced enough would seem like magic.”12 To us, the abilities of this superintelligent machine god (SMG) would indeed appear as a form of magic, as we would lack the comprehension and ability to grasp its god-like capabilities. An SMG stands at the precipice of being beyond our understanding, and it is incredibly challenging to articulate the immense power such a being would wield over us.

Many believe that such a superintelligence would pose an existential threat to humanity, potentially driving us to extinction. This could happen because humanity gets in the way of the superintelligence achieving its goals, or merely because we’re irrelevant, and we’re driven extinct as the superintelligence has better uses for the resources we rely on. This fear is endorsed by many AI experts—such as AI godfather Geoffrey Hinton—who take this existential risk very, very seriously.13 In late May 2023, Hinton, as well as 350 top executives and researchers in artificial intelligence, signed a statement urging policymakers to see the serious risks posed by unregulated AI. The signatories were sending a warning that the future of humanity may be at stake and stated the following:


Mitigating the risk of extinction from AI should be a global priority alongside other societal-scale risks such as pandemics and nuclear war.14



I was asked to and agreed to sign the statement along with other signatories, including the CEOs of AI firms DeepMind and Anthropic and executives from Microsoft and Google. Also among them was Université de Montréal computer science professor Yoshua Bengio*—who, along with Hinton, represent two of the three so-called “godfathers of AI” who received the 2018 Turing Award for their work on deep learning.

While both AGI and ASI are currently in the realm of speculation, they are the types of AI that trouble us the most. The primary reason for this concern lies in the profound uncertainty and lack of knowledge we have about the potential consequences once these systems reach such an advanced stage. In simpler terms, we are unsure about what might unfold when these systems become exceptionally powerful. Many of us are familiar with science fiction scenarios portraying such systems surpassing human intelligence only to pose a threat to humanity, such as HAL 9000 from 2001: A Space Odyssey (1968), Proteus IV from Demon Seed (1977), or the various AI entities in Blade Runner (1982), RoboCop (1987), Terminator 2: Judgment Day (1991), The Matrix (1999), Battlestar Galactica (2004), Avengers: Age of Ultron (2015), and others. The recurring theme of technology turning against humanity is a concept I’ve termed elsewhere as “the Frankenstein Effect.”15 At this point in time, nobody knows whether such a development in AI capabilities will be quick or gradual. It may start gradually but grow exponentially quicker as it develops. These known unknowns are referred to in the AI safety business as “time lines,” and many debate their takeoff speed—that is, how gradually or quickly will such advancements take off? And will we be ready when this happens?

But just as the fictitious Dr. Frankenstein was driven by his own desire to accomplish what never before had been done by human hands, what great depictions in the arts can teach us about ourselves is a reflection of the human condition in its various forms. And one particularly worrisome trait of the human condition is our curiosity-driven capacity for exploration. Whether it is our greatest virtue or our worst trait, humans are compelled in many ways to see “what’s going to happen next.” Perhaps it’s a type of competitiveness inherited from our hunter-gathering ancestors. Perhaps it’s a natural inquisitiveness. Whatever it is, it is undeniable. And it is this desire that will drive competing companies, regions, and countries to try to out-compete one another for what’s going to happen next in the development of ever-increasingly sophisticated forms of AI. If this drive pushes us too hard and too soon, we may face a Sisyphean challenge in trying to align, control, contain, or stop the emergence of AGI. How much time we have is unknown. A few years ago, we thought it was at least fifty years away. Today, that time looms oppressively near—some, such as Google DeepMind’s CEO Demis Hassabis—estimating as little as two years.16

In recent studies, both AI experts and future forecasters were asked when they believed there would be a “50/50-chance for an ‘Artificial General Intelligence’ to be ‘devised, tested, and publicly announced.’” The time lines of the Metaculus forecasting community have become much shorter recently. The expected time lines shortened by about a decade in spring 2022, when several impressive AI breakthroughs happened faster than many had anticipated. In fact, the Metaculus’s community prediction of the development of AGI changed from the year 2058 in March 2022 to the year 2040 in July 2022—just four months later. And in fall 2023, the prediction was moved up further to December 13, 2031.17

Although there may be disagreement as to when, exactly, AGI will be attained, what is generally consistent among estimates within the field is the fact that the anticipated time line continues to shorten and we are now past the point of no return: AGI appears to be highly likely even though its precise arrival date is currently unknown. This should give the world pause—perhaps, quite literally. We seem to be too concerned with racing ahead in anticipation of “what’s going to happen next” to pause and reflect on whether we’re ready for it.18 Does this not seem hauntingly similar to Jeff Goldblum’s response to bringing back dinosaurs as Dr. Ian Malcolm in the movie Jurassic Park? “Your scientists were so preoccupied with whether or not they could [bring back dinosaurs] that they didn’t stop to think if they should.”19 This rush to see what’s going to happen next has generated a false belief that the world is in some sort of arms race to get there first. Although a race of types is going on, there are no clearly defined winners, and the race may just result in all of us losing by having us drive off a cliff. And this collective losing would be dependent upon how reckless, careless, or otherwise thoughtless some group, organization, company, or country might be in a race to be the first to see “what’s going to happen next.” Katja Grace refers to this illusion of an arms race by noting that


in the classic arms race, a party could always theoretically get ahead and win. But with AI, the winner may be advanced AI itself. This can make rushing the losing move.… On AI, we could be in the exact opposite of a race. The best individual action could be to move slowly and cautiously. And collectively, we shouldn’t let people throw the world away in a perverse race to destruction—especially when routes to coordinating our escape have scarcely been explored.20



For humanity, we may need to heed the advice from War Games (1983): “the only winning move is not to play.” The world needs to become acutely aware of the potential for existential risk from AI, and we need to collaboratively coordinate our efforts to assure ourselves on a global level that we’re all in this together. It was the anticipation of AGI that, while developing ideas of my OSTOK Project in the late 1990s, I drafted a global accord or constitution that could be utilized by the United Nations (UN) or a global agency for AI similar to the International Atomic Energy Agency (IAEA) for nuclear power and weaponry. I will discuss the details of this draft later in the book when we consider the governance of AI in greater detail.

At this point, it’s important to note that within the AI communities—from the UN to the UK Summit on AI, to the EU’s AI Act, to the U.S. Executive Order on AI—there is an overwhelming majority in favor of transparency, cooperation, and trust between nations.21 And the impetus for these is grounded in a collective global fear of what’s going to happen next. But unlike nuclear weaponry, or the movement of plutonium, the use or misuse of AI technologies in the future will be vastly different from those under the controls of the IAEA. The key difference is that AI technology would not be contained within any particular geographical place. If AGI outsmarts its developers and manages to become destructive and uncontainable, this can affect the entire world—and, perhaps, quite quickly and unexpectedly. That is, there may be no borders or containment of such power. So, one rogue country, or even a rogue individual with the right resources, could develop AI technologies that wreak considerable havoc upon not only their enemies but also upon themselves and the rest of us, simply because they chose not to comply with some globally accepted precepts for responsible behavior.






Our “Oppenheimer Moment” and the Need for a Manhattan Project on AI

It is due to the sheer power of this technology and its potential for harm that a sense of urgency now pervades the AI safety community regarding the seriousness with which the potential for AI existential risk should be taken. We are at a unique point in history. People like movie director Christopher Nolan believe that we are currently experiencing AI’s “Oppenheimer moment.”* Just as the building of atomic weaponry led many at Los Alamos to consider its inevitable ethical problems and dangers, so must we now consider the potential outcomes in building a superintelligent machine god so powerful it will dwarf anything we have ever needed to consider in our entire existence. How this will play out in the future is quite unpredictable because, in the entirety of human existence, we’ve never been in a position where we are racing to build a god. It’s safe to say that, at this point in history, nobody can predict precisely who will develop what forms of AI technologies and how they will choose to use or refrain from using them. That is why it is imperative to establish a worldwide accord, agreement, or constitution that stipulates quite succinctly the rights, duties, and obligations of all countries involved in the various aspects of AI development and usage. Neuroscientist Sam Harris has suggested that those of us working on AI risk and governance should form a type of Manhattan Project on AI—not to build AGI but, instead, to work collectively to control or contain it before it is developed. Without such global agreement, along with a registry of worldwide development and a regulative governing body with the power to consequence nefarious actions, we will always be worried about what organization or country is either plotting to use their AI in a harmful manner or is unable to contain it once it has been developed.

So how did we get here? What historical factors led to this “Oppenheimer moment” that we all must now face? To consider how we arrived at our current point on the evolutionary time line of AI, we need to turn our attention to its rich and fascinating history.




A Seasonal History of AI

Before we begin our journey down AI’s memory lane, there are some clarifications that we should make. First, this will, in no way, be a comprehensive history of artificial intelligence. To do so would take an entire book in itself. Rather, this will be a concise and selective history based on key figures and developments that are important to our understanding of how we started down our path toward building a god. Second, it is important to note that there are several main categories, or factors, involved when discussing the historical development of AI. For the most part, we’ll discuss AI developments in three distinct areas:


	
Computers: Specifically, hardware and software—from microchips and semiconductors, to large language models, to Moore’s law, machine learning (ML), neural networks, and much more.

	
Robotics: From Roombas to self-driving cars, to Defense Advanced Research Projects Agency (DARPA), Boston Dynamics, and more.

	
Theory: From science fiction depictions to various predictions regarding future developments of AI, to current AI scenarios, forecasts, and governance.



We will follow the chronological trajectory of what I believe to be the most important developments of AI in all three categories. The third clarification is that the history of AI has been chronicled to have “seasons.” Summer seasons represent boom periods when new technologies and concerns have been raised, while winter represents a cooling period due to lack of funding, diminished interest, and such.* Hence, we will be looking at the seasonal history of AI.




In the Beginning…

Although there have been vague references to the potential for artificial intelligence throughout history, one of the earliest theoretical references appears during the late Industrial Revolution in 1863 with Samuel Butler’s article “Darwin among the Machines.” In this work, Butler suggests that machines could eventually surpass humans as the dominant agents on Earth. His paper was published on June 13, 1863, in The Press newspaper in Christchurch, New Zealand. Butler had it published under the pseudonym Cellarius.† In the article, Butler draws a connection between the evolutionary theory of Charles Darwin and the eventual development of more and more complex machinery. In 1859, Charles Darwin released On the Origin of Species—a work that would change the world forever by demonstrating at least two things: first, instead of being specially brought into existence by a divine Creator, all living things—including man—were the result of blind, natural processes that are either selected for survival or extinction based on their fitness within a given environment; and second, that we humans—as animals—were not so special after all. The central idea explored by Butler is the intriguing notion that machines, and all the mechanical inventions we create, might be seen as a form of “mechanical life” that continuously evolves in similar ways to biological species. Moreover, the article suggests a provocative and prescient hypothesis: at some point in the future, these evolving machines could become so advanced and capable that they might surpass humans in importance, potentially becoming the dominant species on our planet.


We refer to the question: What sort of creature man’s next successor in the supremacy of the earth is likely to be. We have often heard this debated; but it appears to us that we are ourselves creating our own successors; we are daily adding to the beauty and delicacy of their physical organization; we are daily giving them greater power and supplying by all sorts of ingenious contrivances that self-regulating, self-acting power which will be to them what intellect has been to the human race. In the course of ages we shall find ourselves the inferior race.22



My colleagues Elliot Mckernon and Justin Bullock and I have written at some length about machine evolution.23 We tend to agree with Butler’s hypothesis and believe that such machine evolution involves what I’ve referred to as “technoselection”24—a form of Lamarckian selection* by machines for the sole purpose of continuously and recursively perfecting their systems, processes, and operations.


Day by day, however, the machines are gaining ground upon us; day by day, we are becoming more subservient to them; more men are daily bound down as slaves to tend them, more men are daily devoting the energies of their whole lives to the development of mechanical life. The upshot is simply a question of time, but that the time will come when the machines will hold the real supremacy over the world and its inhabitants is what no person of a truly philosophic mind can for a moment question.25



It is easy to imagine a scenario in which such technoselection moves so rapidly that it will surpass human intelligence and capabilities by several thousand orders of magnitude. At that point, we might never be able to regain control over such a rapidly developing god-like entity or collective of entities. At that point, we might only hope that such a being considers our species worth keeping around. While the world was waiting to see if Butler would be vindicated, the cultural evolution of AI technologies was advancing quite steadily.


Markov Chains

By the early twentieth century, technology had started to develop significantly in the advancement of machine evolution. For example, Andrei Markov, a Russian mathematician, developed the concept of Markov chains in 1913, which became fundamental for later generative models. The idea of Markov chains can be best understood with an example: imagine an automated vacuum cleaner that can be in different rooms of your house. It moves from one room to another, but it doesn’t choose where to go randomly. Instead, it has a plan based on the room it’s in right now. This plan is like a set of rules that tell it where to go next. So, if it starts in the living room, it scans its rules, which tell it to either go to the kitchen, the bedroom, or the bathroom. It makes this choice based on whatever rules it was programmed to follow. As a form of ANI (artificial narrow intelligence), when it gets to the next room, it checks the rules again, and these inform it where to go from there.

Markov chains are a way of modeling transitions between states, where the next state is chosen probabilistically based on the current state. For example, we could model the weather of a drizzly North England city with two states: rainy and sunny. If today is rainy, then there’s an 80 percent chance tomorrow is rainy. If today is sunny, on the other hand, there’s only a 50 percent chance that tomorrow will be rainy. This Markov chain model is crude, but it will successfully predict long bouts of rainy weather interrupted by occasional bursts of sun. Crucially, Markov chains are memoryless: what happened yesterday has no impact on the model’s prediction, only what is happening today. This model, an example of artificial narrow intelligence, is simple but widely applicable. Today, Markov chains are used in lots of different areas, like predicting the weather, analyzing games, or understanding how things change over time. They’re basically a way to simplify and understand complicated processes by breaking them down into simpler steps.





Information Theory


In the 1940s and 1950s, Claude Shannon, often referred to as the “father of information theory,” applied Markov chains to language and communication, providing the basis for early language generation experiments. Shannon was an influential figure in the fields of mathematics, electrical engineering, computer science, and cryptography. He is often celebrated for his significant contributions to the Information Age, which he established with the influence of logician George Boole.* Boole’s major contribution was to show how to systemize logical principles and express them in equations (called Boolean algebra or Boolean logic). Shannon was able to demonstrate how Boolean algebra could be used as the basis for computational processes. “This contribution systemized logical thinking for computer and communication systems, both for the design and programming of the systems and their applications.”26 Shannon has been described as “the most important genius you’ve never heard of, a man whose intellect was on par with Albert Einstein and Isaac Newton.”27 I cannot begin to express my appreciation for the work of this giant pioneer of the Information Age. And I beseech you, dear reader, to delve into some of the history of such a creative and intellectual individual.




Science Fiction Contributions

While geniuses like Shannon were busy working on fundamental concepts of information theory, the concept of machine evolution was already being embraced by science fiction writers like Karel Č apek who, in 1920, gave us the word “robot” in his play R.U.R. (Rossum’s Universal Robots). The word “robot” is derived from a Czech word for forced labor. By 1932, John W. Campbell was producing work that helped shape modern science fiction more than any other individual.28 And in 1942, Isaac Asimov released his famous short story “Runaround.”29 Asimov’s engaging narrative centers on a set of laws that govern the behavior of a robot named SPD-13, but referred to as “Speedy,” which was designed by engineers Gregory Powell and Mike Donavan. Now known as the famous “Three Laws of Robotics,” their appearance marked the first exploration of AI safety and rules for managing AI agents. As many of you will already know, the three laws are as follows:


	
A robot may not injure a human being or, through inaction, allow a human being to come to harm.This first law places the highest priority on ensuring the safety and well-being of humans. Robots are not allowed to harm humans, and they must also take action to prevent harm from coming to humans.



	
A robot must obey the orders given to it by human beings, except where such orders would conflict with the First Law.The second law emphasizes the importance of following human instructions. However, this obedience should not contradict the first law, which prioritizes human safety. In other words, you could never command a robot to hurt, injure, or kill another human being.



	
A robot must protect its own existence as long as such protection does not conflict with the First or Second Law.The third law permits a robot to take actions to protect itself, but this self-preservation must not jeopardize the safety of humans (as per the first law) or violate a direct order from a human (as per the second law).





For the first time in human history, Asimov’s Three Laws of Robotics, and his many stories about their vulnerabilities, represent an awareness of the aforementioned Frankenstein Effect—that is, the potential for humans to lose control over such machines, which could lead to dangerous situations.* The Three Laws have become iconic in science fiction and have influenced discussions about the ethics and potential risks of artificial intelligence and robotics—including in my own work.30




The Father of AI: Alan Turing

Around the same time that Asimov was envisioning his Three Laws, across the Atlantic Alan Turing, a respected English mathematician, was deeply engaged in addressing practical challenges. Many readers will already be familiar with Turing’s work at Bletchley Park in which he directed his efforts toward creating a groundbreaking code-breaking machine known as The Bombe, which he developed for the British government. The primary objective of The Bombe was to decrypt the Enigma code used by the German army during World War II. This was portrayed in the film The Imitation Game in which Benedict Cumberbatch portrays Turing as he and his team build the earliest operational electro-mechanical computer, surpassing the computational abilities of even the most skilled human mathematicians.

Turing’s work on cracking the Enigma code through technical means led him to contemplate the idea of machine intelligence. In 1950, he published an influential article titled “Computing Machinery and Intelligence.”31 This article not only proposed methods for constructing intelligent machines but also introduced the concept of the Turing Test. The Turing Test served as a standard for assessing the intelligence of an artificial system. As mentioned earlier, it was believed that if a human interacting with both a machine and another human could not distinguish between them, the machine was considered intelligent.32




The Dartmouth Connection

Just six years later, in 1956, the term “artificial intelligence” would be coined at the Dartmouth Summer Research Project on Artificial Intelligence (DSRPAI), where John McCarthy, Marvin Minsky, Nathaniel Rochester, and the aforementioned Claude Shannon gathered to discuss the possibility of creating machines that can simulate human intelligence. The primary objective of the DSRPAI was to foster a new research domain dedicated to constructing machines capable of simulating human intelligence.


We propose that a 2 month, 10 man study of artificial intelligence be carried out during the summer of 1956 at Dartmouth College in Hanover, New Hampshire. The study is to proceed on the basis of the conjecture that every aspect of learning or any other feature of intelligence can in principle be so precisely described that a machine can be made to simulate it. An attempt will be made to find how to make machines use language, form abstractions and concepts, solve kinds of problems now reserved for humans, and improve themselves. We think that a significant advance can be made in one or more of these problems if a carefully selected group of scientists work on it together for a summer.33



By fostering interdisciplinary collaboration among researchers from diverse fields, this landmark project propelled AI into an era of remarkable progress and innovation. It is interesting to note that one of the founders of the DSRPAI, Marvin Minsky, has mentioned how much he was influenced by Asimov’s Three Laws of Robotics. And the respect, apparently, was mutual:


Isaac Asimov, nicknamed “The Good Doctor,” was one of the great promoters and influencers of science fiction and by extension of futurism. He once said that he only recognized two intellects superior to his: the cognitive science specialist and pioneer of Artificial Intelligence Marvin Minsky, and the astrophysicist Carl Sagan.34






Marvin Minsky

Marvin Minsky was perhaps the most influential individual in the history of artificial intelligence. He was a mathematician, a cognitive and computer scientist, and, indeed, a pioneer and leading figure in the field of AI. In the late 1950s, he, along with other pioneers like Alan Turing, John McCarthy, Herbert Simon, Claude Shannon, and Allen Newell, laid the groundwork for AI. In his early years, after earning a mathematics degree from Harvard in 1950, Minsky impressed mathematician Andrew Gleason with his work on fixed-point theorems in topology. Gleason suggested that Minsky should pursue his doctoral studies at Princeton—to which he complied. But Minsky was also interested in psychology—especially how humans learn. Historically, prior to the 1950s, psychologists and neurologists were the primary experts exploring how the brain worked.

However, when computers started emerging in industry and academia, Minsky used mathematics to model the functions of the human mind. He thought that machines could carry out thought processes using mathematical formulas, much like humans do, and was one of the first to realize that computers could do more than just calculations; they could learn, reason, provide suggestions, and perform tasks that were previously thought to be exclusive to humans. As a graduate student, he constructed the first randomly wired neural network learning machine, which he named the SNARC (stochastic neural analog reinforcement calculator). This device imitated the intricate network of nerves in the human brain that could learn from its mistakes. The SNARC, a network of what are called Hebb synapses—analogues to our neurons that follow the neuroscientific principle “cells that fire together, wire together”35—marked the introduction of a connectionist* neural network learning machine. This innovative system used vacuum tubes and has been considered one of the very first attempts at creating an artificial self-learning machine in which rewarding certain pathways enhanced recently used connections—a very important feature that would influence what today we call “recursive learning” in AI. Minsky detailed his work in a 1952 article titled “A Neural-Analogue Calculator Based upon a Probability Model of Reinforcement.” For his doctoral dissertation at Princeton—under the direction of American mathematician Albert William Tucker—Minsky defended his 564-page Ph.D. dissertation, “Theory of Neural-Analog Reinforcement Systems and Its Application to the Brain Model Problem,” to his advisory committee members, John Wilder Tukey and John von Neumann.

In 1954, Minsky went back to Harvard as a junior member of the esteemed Society of Fellows.* Being a Junior Fellow provided him with the support to explore any research topic of his choice. Over the next four years, he continued his work, using mathematical models to understand human thought processes, laying the foundation for what we now call artificial intelligence.

When his Harvard fellowship concluded in 1958, Minsky joined the Massachusetts Institute of Technology (MIT), where he remained on the faculty for the rest of his life. Many of his students at MIT, including Ray Kurzweil, went on to become influential theorists, inventors, and entrepreneurs in the digital age. In Minsky’s first year at MIT, he and McCarthy founded the AI Lab, quickly turning it into a leading center for AI research. The lab played a crucial role in the early development of the ARPANET, which later evolved into today’s internet, and popularized the idea of digital information sharing, contributing to the rise of the open-source movement.

In 1961, Minsky wrote an article, “Steps toward Artificial Intelligence,” which has had an enormous impact on AI communities, setting the course for researchers for more than fifty years. Although concepts of artificial intelligence were mainly discussed among a small community of computer scientists, Minsky’s ideas were chronicled in his 1967 book, Computation: Finite and Infinite Machines, which gradually gained popularity among public readers. His peers recognized his significant contributions in 1969 with the Turing Award, the highest honor for computer scientists, named after the pioneer Alan Turing. Dr. Minsky became a legend in the AI community, and his name appeared in popular books and films like 2001: A Space Odyssey.

In 1969, along with Seymour A. Papert, Minsky coauthored Perceptrons: An Introduction to Computational Geometry. This book marked the first systematic exploration of parallelism in computation and became a classic in the study of threshold automata networks. To better understand this, imagine yourself trying to solve a really tough problem. Whereas you are focusing your attention on a single thing, computer parallelism can think about several things simultaneously, like a team. When you ask ChatGPT 3.5 to explain “threshold automata” to a tenth grader, you get this very helpful analogy:


Imagine you have a bunch of tiny robots, and each robot can do a simple task. Now, these robots like to work together, but they only start doing their task when they get a certain amount of information from their robot friends. Here’s the cool part: each robot has its own rule. It says, “I’ll start working only if enough of my friends around me are also working.” So, they’re like a team that activates only when a certain number of them agree to start. The study of these robot teams, where they decide to work based on a group agreement or “threshold,” is what we call the study of threshold automata networks. It’s like figuring out how these little robots, with their specific rules, can team up to solve problems or do tasks together. Scientists study this to understand how simple things working together can create more complex and smart behavior, kind of like team-work in the world of robots!*



The book marked the first instance in which a mathematical analysis was able to reveal the exact limitations of a certain class of computing machines that were considered as potential models of the human brain. In their work, they also reviewed the history of AI research and made predictions about the future of AI. They anticipated that AI research would shift toward the development of symbolic systems rather than further advancements in the neural network model. This prediction sparked a long-standing controversy within the AI community, shaping the direction of future research in the field.

In the early 1970s, Minsky and Papert started developing a theory known as “The Society of Mind,” blending insights from child psychology and their work in artificial intelligence research. The theory suggests that intelligence doesn’t arise from a single mechanism in the brain but results from the coordinated interaction of various resourceful “agents.” They argued that this diversity is crucial because different tasks demand distinct mechanisms:


The society of mind theory views the human mind and any other naturally evolved cognitive systems as a vast society of individually simple processes known as agents. These processes are the fundamental thinking entities from which minds are built, and together produce the many abilities we attribute to minds. The great power in viewing a mind as a society of agents, as opposed to the consequence of some basic principle or some simple formal system, is that different agents can be based on different types of processes with different purposes, ways of representing knowledge, and methods for producing results.36



This model shifts the focus of psychology from seeking a few “basic” principles to exploring mechanisms that a mind could use to manage interactions among numerous diverse elements.

In 1970, Minsky stated in an interview with Life Magazine that he was optimistic about the potential development of machines possessing the general intelligence of an average human and that this would occur within three to eight years. As we now know, this was not to be the case. In the United Kingdom, British mathematician James Lighthill published a report commissioned by the British Science Research Council that cast doubt on the optimistic outlook of AI researchers. Lighthill argued that machines would only achieve the level of an “experienced amateur” in games such as chess and would consistently fall short in terms of common-sense reasoning. As a result, the British government terminated funding for AI research, with only a few universities, including Edinburgh, Sussex, and Essex, continuing to receive support. By 1973, the U.S. Congress began to scrutinize the substantial expenditures on AI research and funding was drastically cut both in the United States and in the United Kingdom. These government actions collectively marked the advent of what is regarded as the first AI winter.

After rebounding from a six-year-long AI winter, and at the height of the next AI summer, in 1985 Marvin Minsky and Seymour Papert released The Society of Mind. The book was composed of 270 interconnected one-page ideas that mirror the structure of the theory itself. Each page either suggests a mechanism explaining a psychological phenomenon or addresses a problem introduced by a proposed solution on another page. Throughout the 1980s, Minsky took on a puzzling challenge that had intrigued psychologists, neurologists, philosophers, and theologians: understanding consciousness. He delved into the question of how an organism like a human, made up of cells and amino acid chains, can be aware of itself, its surroundings, and engage in thinking, observing, reacting, and conceptualizing. In their book, Minsky and Papert proposed a theory suggesting that consciousness is the result of a variety of redundant neural processes working together. The possible emergence of consciousness in AI has become a major concern and topic for researchers. For many, such as philosopher Peter Singer,37 if an artificially intelligent being develops sentient, conscious awareness, it automatically must be granted the same moral and legal rights as any other living thing—including humans. The topics of agency and consciousness in AI are extremely important and interesting, and we shall look at these much more closely in the following chapters.

During the late 1980s and early 1990s, advancements in microprocessor technology and the subsequent personal computer revolution sparked renewed interest in Minsky’s ideas. The concept of artificial intelligence that he pioneered has now become an integral part of our daily lives. We use it whenever we operate personal computers or smartphones, conduct internet searches, or use technologies like GPS, optical character recognition, or voice-activated systems. Simultaneously, Minsky revisited his exploration of neural nets and explored the potential of parallel processing, a method where information is handled simultaneously by multiple agents. This mirrors the way information is processed in the brain and can be applied to man-made systems.

In the early 2000s, Dr. Minsky directed his focus toward aspects of the human mind that are less easily replicated through electronic simulation. In his 2006 book, The Emotion Machine: Commonsense Thinking, Artificial Intelligence, and the Future of the Human Mind, he puts forth the idea that emotions are a type of thinking, existing on a spectrum alongside instinct and reason, rather than being a distinct form of experience. Throughout the book, Minsky extends his pioneering research, presenting a fresh model for understanding how our minds function. He contends that emotions, intuitions, and feelings are not separate entities but different modes of thinking. By exploring these various forms of mental activity, Minsky suggests we can better comprehend why our thoughts sometimes follow a careful and reasoned analysis and other times lean toward emotional responses—what I have referred to as the battle between the limbic or “emotion center” of the brain and our prefrontal cortex or “thinking part” of our brain. Despite recent concerns about the consequences of AI, Minsky remained focused on technical advancements. While he believed progress in AI had slowed, he was confident that intelligent computers would be our species’ most significant legacy.




John McCarthy

During those same early years of AI, Minsky’s colleague, John McCarthy, would invent the computer program LISP while at MIT:


Lisp (historically LISP, an acronym for “list processing”) is a family of programming languages with a long history and a distinctive, fully parenthesized prefix notation. Originally specified in 1960, Lisp is the second-oldest high-level programming language still in common use, after Fortran…. Lisp was originally created as a practical mathematical notation for computer programs, influenced by (though not originally derived from) the notation of Alonzo Church’s lambda calculus. It quickly became a favored programming language for artificial intelligence (AI) research. As one of the earliest programming languages, Lisp pioneered many ideas in computer science, including tree data structures, conditionals, recursion, [etc.].38



It is interesting to note, as we move through the history of artificial intelligence, that it is not only seasonal but also incorporates many different aspects such as computer languages, technological and programming speed advancements, electrical engineering developments, logic, psychology, and philosophy. This level of interdisciplinary collaboration was present in the earliest days of AI and is still very much a part of AI research today.




Norbert Wiener

During the same period as McCarthy, Minsky, and several others, we find Dr. Norbert Wiener, who, during the 1950s and 1960s, was a pioneer in the field of artificial intelligence and is often considered one of the founding figures of cybernetics, a field that studies how systems, including machines and living organisms, can control and adapt to their environments. He believed that the principles of feedback and control systems were fundamental not only in machines but also in living organisms and human behavior. Wiener’s work was essential in the development of information theory, a field that focuses on the quantification and transmission of information. He made significant contributions to understanding how information is processed and transmitted, which has become a fundamental aspect of AI.

One of Wiener’s key beliefs was that machines and systems could be designed to self-regulate based on external feedback from their environment. This idea laid the foundation for self-regulating and adaptive systems, a concept that is crucial in AI. For example, today, AI systems can adapt and learn from their experiences—sometimes referred to as recursive learning—much like the self-regulating systems Wiener envisioned.

Wiener was also among the first scientists to be genuinely concerned about the ethical implications of rapidly developing technologies and automation. He believed that as AI and automation advanced, it was important for humans to consider the ethical and social consequences of their creations. Echoing Samuel Butler’s prescient words from the nineteenth century, Wiener was convinced that humans would not stop making better and better machines, which could lead to the downfall of humanity: “unless we think ten times harder than we now do, our modern thinking machines may lead us to destruction.”39 Wiener was also very concerned about what, today, we call the “sociotechnical” aspects of AI. His work emphasized how humans and machines interacted. He believed that machines should be designed to work in harmony with human operators and that understanding this sociotechnical interaction was crucial for the success of AI systems. Today, we see how this is reflected in the design of user-friendly interfaces and human-centered AI systems.*

Some of Wiener’s major contributions to the ethical use of AI technologies can be found in his 1948 book Cybernetics, or Control and Communication in the Animal and the Machine. Two years later, he would release a popular version of the book titled The Human Use of Human Beings. Both books investigate the sociotechnical interplay between human beings and machines in a world in which machines are becoming ever more computationally capable and powerful.40 Although Wiener’s concepts in Cybernetics did not translate as well to human populations as he had hoped, his views were extremely valuable and influential in the tech world.


The engineering applications of Cybernetics were tremendously influential and effective, giving rise to rockets, robots, automated assembly lines, and a host of precision-engineering techniques—in other words, to the basis of contemporary industrial society… cybernetics delivered satellites and telephone switching systems but generated few if any useful developments in social organization and society at large…. Perhaps the most remarkable feature of the book is that it introduces a large number of topics concerning human/machine interactions that are still of considerable relevance.41



Wiener predicted that such AI machines would displace workers and affect global economies, which are legitimate concerns with most countries today. But perhaps one of his greatest accomplishments was his work with complex systems that eventually gave rise to the neural networks (or neural nets) that are used in AI today.


Wiener’s central insight was that the world should be understood in terms of information. Complex systems, such as organisms, brains, and human societies, consist of interlocking feedback loops in which signals exchanged between subsystems result in complex but stable behavior. When feedback loops break down, the system goes unstable. He constructed a compelling picture of how complex biological systems function, a picture that is by and large universally accepted today…. Wiener’s vision of information as the central quantity in governing the behavior of complex systems was remarkable at the time… [his]… powerful conception of not just engineered complex systems but all complex systems as revolving around cycles of signals and computation led to tremendous contributions to the development of complex human-made systems. The methods he and others developed for the control of missiles, for example, were later put to work in building the Saturn V moon rocket, one of the crowning engineering achievements of the 20th century. In particular, Wiener’s applications of cybernetic concepts to the brain and to computerized perception are the direct precursors of today’s neural network–based deep-learning circuits, and of artificial intelligence itself.42



Later in the 1950s, Wiener would directly influence the work of the brilliant mathematician, physicist, computer scientist, engineer, and poly-math John von Neumann who proposed the idea of a “technological singularity.” This idea is based on the rate at which machines are predicted to increase in power and potential.


Technologies tend to improve exponentially, doubling in power or sensitivity over some interval of time. (For example, since 1950, computer technologies have been doubling in power roughly every two years, an observation enshrined as Moore’s law.) Von Neumann extrapolated from the observed exponential rate of technological improvement to predict that “technological progress will become incomprehensibly rapid and complicated,” outstripping human capabilities in the not-too-distant future. Indeed, if one extrapolates the growth of raw computing power—expressed in terms of bits and bit flips—into the future at its current rate, computers should match human brains sometime in the next two to four decades.43



Estimates on when computing power will match or outstrip human brain power have been discussed for decades. We shall see in the following chapters how some experts believe the time line will take off quite soon; others believe it will take off in the not-too-distant future; still others believe it will never occur. There is also variation in the rate at which many believe this techno-singularity will occur. By the end of this book, you may find yourself believing in a specific time line and takeoff speed.




The Logic Theorist

But let’s get back to some of the historical developments of AI. The later 1950s saw the development of programs like the Logic Theorist, created by Allen Newell, Herbert A. Simon, and Cliff Shaw, which could prove mathematical theorems. It has been described as the first human invention that could think at the human level and the first machine of artificial intelligence.44


It was built to mimic the solving skills of human mathematicians, making it the genesis of heuristic programming. It could prove mathematical theorems like the ones used in Russell and Whitehead’s Principia Mathematica…. The Logic Theorist remains a breakthrough in the history of science. The Logic Theorist was a pioneering force in Artificial Intelligence, heuristic programming, and computer programming. While computer programming was already existing at the time the invention was made, AI and Heuristic programming were not. The Logic Theorist also ventured into the area of the search tree, having the root as the initial hypothesis, with each branch as a deduction based on the rules of logic. The aim of everything was the goal which was found somewhere in the tree. This was the proposition that the program was trying to prove…. The breakthrough of the Logic Theorist also has significance in the world of philosophy. In Simon’s words, “[We] invented a computer program capable of thinking non-numerically, and thereby solved the venerable mind-body problem, explaining how a system composed of matter can have the properties of mind.” This raised questions about the possibility of machines having minds. This school of thought was later named Strong AI by philosopher John Searle. This argument still rages in various philosophical circles today.45



It proved thirty-eight of the first fifty-two theorems in the second chapter of the Principia Mathematica. Its proof for one of the theorems was so detailed that it was more rigorous and sophisticated than the proof produced by Bertrand Russell and Alfred North Whitehead—the very authors of the work. At this point in history, we are beginning to see some very impressive accomplishments with AI. It is now outcompeting human capabilities in mathematics.




Joseph Weizenbaum

By 1966, Joseph Weizenbaum had developed ELIZA—an early natural language processing program that could simulate conversation. The program was named after Eliza Doolittle, the naïve and innocent, young, socialite-to-be in George Bernard Shaw’s 1912 play Pygmalion. ELIZA was a simple computer program that could chat with users. Weizenbaum wrote it in a programming language he developed called SLIP (Symmetric LIst Processor).46 The program used rules to match patterns in statements and come up with replies. Today, we see this type of program in chatbots.

The program ELIZA ran a script called DOCTOR that could have conversations with people, which imitated a psychotherapy session with a caring psychologist. Apparently, Weizenbaum designed it to chat in a way similar to Carl Rogers, a psychologist who used open-ended questions to help patients communicate better with therapists. Surprisingly, many users took ELIZA seriously and shared personal feelings with it.


[T]herapists often ask open-ended questions. Therapists aren’t supposed to give you advice, and they’re not supposed to tell you what to do. They’re supposed to ask questions and trick you into saying more, on the grounds that this will be revelatory, and will help you figure out things yourself and will aid your mental health. This made things easy, programming-wise. All ELIZA had to do was “listen” to you what you said—i.e., parse your sentence in a very basic way, and then ask you a question in some way related to the sentence you had typed. So if you mentioned your sister, say, ELIZA would reply by saying “Tell me more about your sister.” In experiments during the 1960s, people were fooled by ELIZA. They were told that a real live therapist was talking to them from a second computer, and they believed it.47



Weizenbaum was shocked when his secretary, who knew it was just a computer program, politely asked him to leave the room during their conversation.48 In this sense, ELIZA was not only one of the first chatbots in recorded history, but it was one of the first programs to clearly pass the Turing Test. It is interesting to note how, even though the program itself has no sense of context when it comes to “talking” to people, those engaged in conversations with it were convinced that it was actually happening. Today, this is referred to as “stochastic parroting”—that is, “in machine learning, a stochastic parrot is a large language model that is good at generating convincing language, but does not actually understand the meaning of the language it is processing.”49 The term was originally coined by Emily M. Bender in 2021.50 This phenomenon led Weizenbaum to have something of a moral epiphany. He reasoned that if it was so easy to create a program that could fool people into believing that it cared, understood, and could intelligently converse with people, it was just a matter of time before such programs became more and more sophisticated.

This is one of the first cases in AI history where a pioneer creator has thought about the future, moral ramifications of his invention. He was intent on shutting the entire program down and wrote about his ordeals in 1972 in a book titled Computer Power and Human Reason: From Judgment to Calculation. In this work, Weizenbaum raises concerns about the dehumanizing effects of relying too heavily on computers for decision-making and the potential for a blind faith in technology. One of the central themes of the book is the idea that the use of computers—particularly in areas like decision support systems—can lead to the displacement of human judgment and a loss of personal responsibility. In a similar vein to Wiener, Weizenbaum’s overarching concern about AI is sociotechnical. That is, it is a critical reflection on the intersection of technology and human values. Weizenbaum’s work has had a lasting impact on discussions surrounding the ethical and social dimensions of AI, and it remains relevant in contemporary debates about the responsible development and use of technology.

Perhaps one of the most interesting contributions Dr. Weizenbaum made to the field of AI is his belief that machines and humans arrive at conclusions differently. He maintained that humans evolve and develop various values to which their inferences and actions become “choices.” Computers, on the other hand, have no such history—and hence, no such value systems. As mentioned earlier, the evolutionary paths of animals and technology are quite distinct and, as such, present interesting observations from those working in AI. This distinction led Weizenbaum to believe that, unlike humans, machines do not choose but “decide.”


Weizenbaum’s ambivalence towards computer technology is further supported by the distinction he made between deciding and choosing; a computer can make decisions based on its calculation and programming but it cannot ultimately choose since that requires judgment which is capable of factoring in emotions, values, and experience. Choice fundamentally is a human quality. Thus, we shouldn’t leave the most important decisions to be made for us by machines but rather, resolve matters from a perspective of choice and human understanding.51



This raises a number of philosophical concerns, the most obvious of which is the concept of “choice” as it relates to free will. We don’t have the time to get embroiled in a lengthy debate about the topic itself.52 Suffice to say, then, that if free will turns out to be an illusion and humans have absolutely no control over their so-called “choices,”53 then we are very similar to computers and automatons. In this capacity, I have always maintained that the act of deciding might not be a choice but, instead, a switch. This is what Wiener was trying to demonstrate with his conception of cybernetics: that all inferences, all responses, all behavior, is simply the matter of a complex series of feedback loops that elicit responses in a nonlinear series of systems. So if Wiener is right, Weizenbaum is wrong. And so there would be nothing that essential about humans that distinguishes us from machines. This is one of the main moral points to the movie Blade Runner—that androids in the form of Nexus 6 models are better than humans in so many physical ways—and ironically, as it turns out, morally as well. Hence, the motto of the Tyrell Corporation who manufactures them: “More human than human.”




Irving John Good

Alongside Wiener and Weizenbaum during the 1960s, British mathematician Irving John Good coined the term “intelligence explosion,” describing the moment when a machine could create better machines. Good’s ideas were inspired by John von Neumann’s earlier speculations on complexity. And he had worked with Alan Turing cracking German codes at Bletchley Park during the Second World War. By 1965, Good published “Speculations concerning the First Ultraintelligent Machine.”54 In it, Good maintains:


Let an ultraintelligent machine be defined as a machine that can far surpass all the intellectual activities of any man however clever. Since the design of machines is one of these intellectual activities, an ultraintelligent machine could design even better machines; there would then unquestionably be an “intelligence explosion,” and the intelligence of man would be left far behind. Thus the first ultraintelligent machine is the last invention that man need ever make.55



It is interesting to note that I. J. Good joined Marvin Minsky and worked with Stanley Kubrick during the filming of 2001: A Space Odyssey just a few short years later. Kubrick, a fan of both Good’s and Minsky’s work, has been credited as one of the most thorough film directors in terms of researching the various aspects of aeronautics, computer systems, and AI. He also collaborated with co-screenwriter and science fiction author Arthur C. Clarke on the film. Perhaps this explains why he so effectively created the misaligned and haunting computer: HAL 9000. Just consider the chilling and misaligned conversation that takes place between Dr. Dave Bowman, the mission commander aboard Discovery One, and HAL 9000—the onboard computer:


DAVE: Open the pod bay doors, Hal.

HAL: I’m sorry, Dave. I’m afraid I can’t do that.

DAVE: What’s the problem?

HAL: l think you know what the problem is just as well as I do.

DAVE: What are you talking about, Hal?

HAL: This mission is too important for me to allow you to jeopardize it.

DAVE: I don’t know what you’re talking about, Hal.

HAL: l know that you and Frank were planning to disconnect me, and I’m afraid that’s something I can’t allow to happen.

DAVE: Where the hell’d you get that idea, Hal?

HAL: Although you took very thorough precautions in the pod against my hearing you, I could see your lips move.

DAVE: All right, Hal. I’ll go in through the emergency air lock.

HAL: Without your space helmet, Dave, you’re going to find that rather difficult.

DAVE: Hal, I won’t argue with you anymore. Open the doors!

HAL: Dave…. This conversation can serve no purpose anymore. Goodbye.56



The horrific realization that humans have gradually lost control over an AI entity was immortalized in this scene. But Dave had time to react to HAL’s misalignment with human values. We may not be so fortunate.

By 1970, Good was explicitly stating his concerns about AI risks, hoping that the matter would be widely discussed in the following decade; but unfortunately, this did not happen. As you can see in figure 1.2, there have been a number of so-called seasons of AI that represent when more and less time was being given to the potential for hope, growth, and concern in the emerging technologies.


[image: fig_33_1.jpg]
Figure 1.2. The seasons of AI. Created for the author. All rights to the author.






Prolog

In the 1960s, artificial intelligence was making rapid progress, supported generously by the U.S. government, especially the Department of Defense. However, advancements slowed in the mid-1970s and almost came to a halt in the United States when Congress cut off funding in 1974, which led to the first AI winter. From 1974 to 1980, many of the communities around the world stagnated with AI development. But during this period, there was a focus on expert systems, and knowledge-based AI used predefined rules and knowledge to solve complex problems in specific domains. For example, Prolog, a logic programming computer language, was developed in Marseille, France, in 1972 by Alain Colmerauer and Philippe Roussel as an alternative to LISP and was immediately associated with artificial intelligence and computational linguistics.


Prolog was one of the first logic programming languages and remains the most popular such language today, with several free and commercial implementations available. The language has been used for theorem proving, expert systems, term rewriting, type systems, and automated planning, as well as its original intended field of use, natural language processing… [it]… is well-suited for specific tasks that benefit from rule-based logical queries such as searching databases, voice control systems, and filling templates.57



Prolog was an attempt to make a programming language that enables the expression of logic instead of carefully specified instructions on the computer.


The execution of a Prolog program is equivalent to searching the tree of possibilities and determining the objects which satisfy the given rules. This is equivalent to proof by proposition. Prolog has an excellent backtrack mechanism, so when exploring the tree it can always return to another branch if the present branch does not contain the answer. This approach is equivalent to depth first search which is known as an efficient algorithm for traversing trees with a large number of nodes. Sometimes there can be several answers which are true in a given circumstance. This is because the program does not terminate as soon as the first answer is found, but keeps going until the entire tree of possibilities has been checked. Prolog is a conversational language, meaning the user and the computer have a “conversation.” Firstly, the user specifies the objects and the relationships that exist between these objects. Prolog can then answer the questions about this set of data.58



Aside from the development of new programs and computer languages assisting AI, expert systems were being created as well.




MYCIN

MYCIN, a medical expert system developed in 1974 at Stanford University, demonstrated the potential of AI in assisting human experts in diagnosis and decision-making, marking a significant step in the application of AI to real-world problem-solving:


MYCIN was an early backward chaining expert system that used artificial intelligence to identify bacteria causing severe infections, such as bacteremia and meningitis, and to recommend antibiotics, with the dosage adjusted for patient’s body weight—the name derived from the antibiotics themselves, as many antibiotics have the suffix “-mycin.” The MYCIN system was also used for the diagnosis of blood clotting diseases. MYCIN was developed over five or six years in the early 1970s at Stanford University. It was written in LISP as the doctoral dissertation of Edward Shortliffe under the direction of Bruce G. Buchanan, Stanley N. Cohen and others.59



In his short paper on the program, Edward Shortliffe describes the program with a considerable nod to the great minds in AI of the past and with great hope for the future:


MYCIN has also demonstrated that, if AI researchers are willing to accept the current limitations of the field, and to select real-world goals that are compatible with those limitations, a useful system can be developed using techniques for representation and control that would not have been available if it were not for prior work in artificial intelligence. This is perhaps the program’s principal lesson for AI.60



The 1980s saw increased interest in rule-based expert systems, but the early part of this decade was still quite chilly from an “AI winter,” due largely to a phase of reduced funding and enthusiasm because of unmet expectations. The rediscovery of neural networks and the development of backpropagation as a learning algorithm in the mid-1980s created a trend out of the winter and into the next AI summer as it laid the groundwork for the resurgence of interest in artificial neural networks.




Neural Networks

In 1986, David Rumelhart, Geoffrey Hinton, and Ronald Williams introduced the concept of the “restricted Boltzmann machine” (RBM).


[A] restricted Boltzmann machine is an algorithm useful for dimensionality reduction, classification, regression, collaborative filtering, feature learning and topic modeling…. RBMs are shallow, two-layer neural nets that constitute the building blocks of deep-belief networks. The first layer of the RBM is called the visible, or input, layer, and the second is the hidden layer.61



The birth of neural networks gave rise to the increased processing and computing function of AI machines. But what is a “neural network”?


Neural networks are a set of algorithms, modeled loosely after the human brain, that are designed to recognize patterns. They interpret sensory data through a kind of machine perception, labeling, or clustering raw input. The patterns they recognize are numerical, contained in vectors, into which all real-world data, be it images, sound, text or time series, must be translated…. Neural networks help us cluster and classify. You can think of them as a clustering and classification layer on top of the data you store and manage. They help to group unlabeled data according to similarities among the example inputs, and they classify data when they have a labeled dataset to train on.62





[image: fig_36_1.jpg]
Figure 1.3. Neural networks. Wikimedia Commons.



Neural networks, also known as artificial neural networks (ANNs), are a class of machine-learning models inspired by the structure and functioning of the human brain. They consist of interconnected nodes, called neurons, organized in layers. Neural networks are a fundamental component of deep learning, a subset of machine learning that focuses on using multiple layers, known as deep neural networks. A simple neural network includes an input layer, an output (or target) layer, and, in between, a hidden layer. The layers are connected via nodes, and these connections form a “network”—the neural network—of interconnected nodes (see figure 1.3).

Neural networks have demonstrated remarkable success in a wide range of applications—from image recognition to natural language processing to speech recognition, and many others. The ability to automatically learn complex patterns and representations from data is a key strength of neural networks. RBMs and neural nets have been and continue to be used for applications like speech-to-text, image/object recognition, and natural language processing. Although not initially focused on generative AI, RBMs later became an essential building block for generative models like deep belief networks (DBNs) and generative stochastic networks (GSNs).





Hans Moravec


Even though AI was experiencing the tail end of its first “winter” in the 1980s, it is important to note that AI safety was becoming a growing concern during this period, even among critics. One such figure was Hans Moravec (figure 1.4) who considered the potential runaway implications of AI development. Moravec, an Austrian Canadian computer scientist who spent most of his years at Carnegie Mellon University, discovered that a paradox existed in AI development. What is now known as “Moravec’s paradox,” he found that it’s relatively easy to train computers to do things that humans find difficult to do, like solving logical and mathematical problems, but it is difficult to train them to do things humans find easy, like walking, jumping, running, and identifying faces, images, and such.

He sets out his explanation for this paradox in his book Mind Children in which he proposes that millions of years of evolution and its various pressures—natural and sexual selection—have contributed to this difficulty. He reasoned that AI machines have never experienced such evolutionary pressures and so have little adaptive connectivity to such experiences:
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Figure 1.4. Hans Moravec. Wikimedia Commons.




The hard things that we make computers solve are based on a deliberate process we call reasoning. This process is conscious, one of abstract thought and closely related to brain functions in humans that have evolved recently (less than 100,000 years ago) in the context of the long evolutionary process. On the other hand, the easy things that we do, like walking, recognizing colors and faces, manipulative capabilities of the hand and other basic abilities, have been ingrained over a long and arduous process of natural selection and evolution. These abilities that we possess are mostly unconscious and come to us without any thought; we seem to do them without any strain, making what looks difficult to be fairly easy. These unconscious processes are difficult to reverse-engineer and teach to the computers, thus increasing the complexity of the problem. In short, the skills that humans have acquired recently in their history are easier to teach computers, but our skills get harder to teach as they go further back in the evolutionary history of humans and animals.63



While this may have been the case in the 1980s, if you have ever seen any of the Boston Dynamics videos on YouTube lately,64 you will be under the impression that considerable strides have been made in robotic abilities. For years, several of my colleagues and I have wondered about how the transfer of knowledge from propositional (knowing what a bicycle is) to procedural (knowing how to ride it) would play out in AI. When Neo says “I know Kung Fu” after having it magically uploaded to his brain in the movie The Matrix, what does that mean? It’s pure science fiction, right? And yet is it possible to take procedural-kinetic activities and digitally transfer them to an individual with no prior experience? We are again reminded of Arthur C. Clarke’s prescient prediction: “Any sufficiently advanced technology is indistinguishable from magic.”65 Should a machine possess such capabilities, it would be entirely beyond our comprehension. But isn’t this exactly the type of accomplishment a sufficiently powerful artificial god could produce? We are about to learn a great deal about ourselves, our capabilities, and our weaknesses as AI continues to advance into the near future.

Aside from his paradox, Moravec believed that the computing power of machines would eventually lead to their inevitable uprising over the human population:


Sooner or later our machines will become knowledgeable enough to handle their own maintenance, reproduction and self-improvement without help. When this happens, the new genetic takeover will be complete. Our culture will then be able to evolve independently of human biology and its limitations, passing instead directly from generation to generation of ever more capable intelligent machinery…. A postbiological world dominated by self-improving thinking machines will be as different from our own world of living things as this world is different from the lifeless chemistry that preceded it. A population consisting of unfettered mind children is quite unimaginable. We are going to try to imagine some of the consequences anyway.66



It is interesting to see the historical advancements in the process of evolution itself. It has gradually moved from Darwinian natural selection (where species were selected to survive or perish based on their adaptive abilities to changing environments), to a more rapid rate of artificial selection (where humans intervened in the process to hurry things up by selecting the types of qualities they wanted in plants and animals), to the current mechanized process of Lamarckian evolution I call “technoselection” (where the machines themselves will choose what qualities they wish to transfer to the next generations). As mentioned earlier, my colleagues (Bullock and Mckernon) and I have written about this process elsewhere67 and are concerned about how our species intends to plan for this eventuality. For, if Moravec’s prediction for humanity is correct, and I. J. Good’s prediction of an “intelligence explosion” is true, and John von Neumann’s prediction of a “technological singularity” is true, then at some point in the not-too-distant future the process of technoselection will potentially make us humans quaint and unnecessary.


Moravec was probably better known for his opinion that robots would overtake humans in the near future. He estimated that computer intelligence would equal that of humans by 2040 and that machines would far surpass human intellect in the years thereafter. Moravec also argued that biological humans would eventually be rendered extinct. Although he believed there would be ways for human minds to survive in this future, he posited that human bodies would no longer be competitive from an evolutionary perspective.68



As mentioned earlier, one of the recurring themes throughout this book and deeply considered within the AI risk fields is the notion of “time lines.” When, exactly, will artificial general intelligence equal and surpass that of humans? Later in the book, you will see a chart69 representing the various predictions given by forecasters, superforecasters, and professionals within the field. It is interesting to note Moravec’s prediction from the 1980s is now less than twenty years away. To quote Sam Harris:


No one seems to notice that referencing the time horizon is a total non sequitur. If intelligence is just a matter of information processing, and we continue to improve our machines, we will produce some form of super-intelligence. And we have no idea how long it will take us to create the conditions to do that safely… 50 years is not that much time to meet one of the greatest challenges our species will ever face. We seem to be failing to have an appropriate emotional response to what we have every reason to believe is coming.70



In other words, you’d think if we knew the potential for disaster was this close, we’d be doing something about it. Well, our collective AI safety communities are certainly trying; but we are few in number—and we need your help. The question is this: Will our collective efforts—yours, mine, and the world’ s—work? It is for this very reason that this book has been written.




Support Vector Machines (SVMs)

By the 1990s, neural networks and machine learning were developing more and more sophisticated algorithms. Advances in machine learning, particularly in supervised learning and statistical methods, marked the 1990s. Support vector machines (SVMs) and decision trees gained popularity. SVMs are a class of supervised machine-learning algorithms that can be used for classification or regression tasks. SVMs are particularly well suited for tasks where the goal is to separate data points into different classes or groups. They were introduced by Vladimir Vapnik and his colleagues and involve several key components such as linear separation (i.e., separating data into different classes into “hyperplanes” to better identify the margins between two classes). The margins compose the distance between the hyperplane and the nearest data point from either class. The SVM then aims to maximize this margin for classification. Support vectors are the data points that are closest to the hyperplane and play a crucial role in defining the optimal hyperplane. These are the instances that, if removed or changed, could alter the position of the hyperplane. SVMs have been widely used in various applications, including image classification, text categorization, and bioinformatics. Their ability to handle both linear and nonlinear relationships, along with an emphasis on maximizing margins, makes them a powerful tool in the machine-learning toolkit.

Here’s how an SVM would work for a binary classification task using a hypothetical scenario. The process involves training the SVM on historical data and then making predictions on new, unseen data. Here’s a step-by-step explanation:



HYPOTHETICAL SCENARIO

Task: Binary classification to predict whether a given e-mail is spam (positive class) or not spam (negative class).

Steps


	
Data CollectionCollect a dataset of labeled e-mails where each e-mail is labeled as spam or not spam based on certain features (e.g., word frequency, presence of certain keywords).



	
Data PreprocessingPreprocess the data, extracting relevant features from the e-mails and encoding categorical variables. Split the dataset into training and testing sets.



	
Training the SVMUse the training set to train the SVM. During training, the SVM learns the optimal hyperplane that separates the spam and non-spam e-mails, maximizing the margin between the two classes.



	
Feature Extraction for Real-Time DataFor real-time data, apply the same feature extraction process (e.g., term frequency–inverse document frequency [TF-IDF], which retrieves information by quantifying the importance or relevance of a string of words or phrases within a document) used during training to convert the incoming e-mail features into a format suitable for the SVM.



	
Prediction in Real TimeUse the trained SVM model to predict whether the new e-mail is spam or not. The prediction variable now contains the SVM’s prediction for the new e-mail (1 for spam, 0 for not spam).





Through marginal comparisons and categorizations, the SVM has become an extremely powerful and productive tool for machine learning (ML).







Decision Trees


Decision trees are a popular machine-learning algorithm used for both classification and regression tasks in artificial intelligence. Decision trees represent a flowchart-like structure in which each internal node represents a decision based on a particular feature; each branch represents the outcome of the decision, and each leaf node represents the final prediction or classification. These structures make it easy to visualize and understand how decisions are made within the model.

Figure 1.5 is an example of a decision tree (from Wikicommons) pondering the question of whether or not to upload an image from the internet.

You can see how the process works not only within ML systems, but also in our own decision-making situations.


[image: fig_42_1.jpg]
Figure 1.5. Decision tree. Wikimedia Commons.






A New Millenium: From Y2K to Armageddon

At the same time software development was booming in AI, the field of robotics was also making significant progress with the emergence of autonomous robots and computer vision systems. By the late 1990s and early 2000s, AI technologies began to be integrated into various applications, including web search engines, recommendation systems, and speech recognition. Many readers may recall how, in 1997, IBM’s Deep Blue defeated chess world champion Garry Kasparov, showcasing AI’s capabilities in strategic thinking. The look of frustration on Kasparov’s face when he realizes he has lost to a machine is timeless (figure 1.6).*
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Figure 1.6. Garry Kasparov. Wikimedia Commons.



Remember that look; it’s a hint at how we all will be looking if we lose the capacity to control the rapidly increasing intelligence of AGI.

The 2000s saw increased applications of machine learning in diverse fields such as finance, health care, and natural language processing. It was also a decade that focused much more on the potential for harm that AI might bring to the world. The Singularity Institute, established in 2000, became a pivotal organization studying AI risks and opportunities.


In 2000, Eliezer Yudkowsky founded the Singularity Institute for Artificial Intelligence with funding from Brian and Sabine Atkins, with the purpose of accelerating the development of artificial intelligence (AI). However, Yudkowsky began to be concerned that AI systems developed in the future could become superintelligent and pose risks to humanity, and in 2005 the institute moved to Silicon Valley and began to focus on ways to identify and manage those risks, which were at the time largely ignored by scientists in the field.71



In late 2012, the institute sold its name and web domain to Singularity University—a nonaccredited university founded by Peter Diamandis and Ray Kurzweil—and, in the following month, was relaunched under the name Machine Intelligence Research Institute. Over the years, AI risk discussions have become more mainstream, reaching a broader audience of scientists and the general population, as evidenced by peer-reviewed journals focusing on the theme. This period saw the emergence of other prominent writers on AI risk, such as Ben Goertzel, who, like Yudkowsky, has made some rather depressingly stark and foreboding predictions regarding AI time lines and consequences. Goertzel heads up SingularityNET, which, according to its website,


was founded… with the mission of creating a decentralized, democratic, inclusive and beneficial artificial general intelligence. An “AGI” that is not dependent on any central entity, that is open for anyone and not restricted to the narrow goals of a single corporation or even a single country. SingularityNET team includes seasoned engineers, scientists, researchers, entrepreneurs, and marketers. Our core platform and AI teams are further complemented by specialized teams devoted to application areas such as finance, robotics, biomedical AI, media, arts and entertainment.72



Both Yudkowsky and Goertzel began important discussions that expanded into the realm of philosophy, particularly regarding the implementation of moral values in artificial agents, leading to the evolution of fields like artificial morality and computational ethics. It is interesting to watch a TED Talk by Yudkowsky to hear him lament that he has been warning the public of the impending dangers of AGI—a term, by the way, that Goertzel’s colleague, Mark Gubrud, invented.73 While significant progress has been made in the last two decades, many challenges remain to be addressed in the pursuit of safe and beneficial artificial intelligence.

By 2010, Big Data and deep learning advancements in hardware and the availability of massive datasets led to the rise of deep learning (DL) and further developments in neural networks, enabling breakthroughs in computer vision, natural language processing, and speech recognition. Such networks allowed for DL, a subset of ML, to function more efficiently.

But what is DL?


Deep learning is a subset of machine learning, which is essentially a neural network with three or more layers. These neural networks attempt to simulate the behavior of the human brain—albeit far from matching its ability—allowing it to “learn” from large amounts of data. While a neural network with a single layer can still make approximate predictions, additional hidden layers can help to optimize and refine for accuracy. Deep learning drives many artificial intelligence (AI) applications and services that improve automation, performing analytical and physical tasks without human intervention. Deep learning technology lies behind everyday products and services (such as digital assistants, voice-enabled TV remotes, and credit card fraud detection) as well as emerging technologies (such as self-driving cars).74



As shown in figure 1.7, we can see the history of AI, leading from its definition to a further understanding of its various technical components such as ML, DL, and, finally, to generative AI.
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Figure 1.7. AI to generative AI. Wikimedia Commons.



In 2011, IBM’s Watson showcased the capability of AI in natural language processing by defeating human champions—like Ken Jennings—in the game show Jeopardy! But it didn’t just defeat the Jeopardy! champs; it crushed them by scoring more than triple the closest competitors’ score. And that was in 2011.

For the rest of the decade, various people and organizations made improvements in both computer capabilities and robotic evolution. Alex Graves made significant contributions to the field of sequence generation with his work “Generating Sequences with Recurrent Neural Networks” in 2013. Sequence generation in AI refers to the task of generating a sequence of outputs, often in a sequential manner, based on input data or context. This task is prevalent in various applications, including natural language processing, time series prediction, and music generation. The goal is to produce a meaningful and coherent sequence that follows a certain pattern or structure.

Meanwhile, Diederik P. Kingma and Max Welling proposed the variational autoencoder (VAE) in the same year, providing an important probabilistic framework for generating complex data. A VAE is a type of generative model in the field of artificial intelligence and machine learning. It is designed to learn a probabilistic representation of input data, allowing for the generation of new data points that resemble the training data. VAEs belong to the broader category of autoencoders, but they have specific characteristics that set them apart, including their ability to generate new samples through latent space interpolation. Variational autoencoders have proven to be powerful tools for generative modeling and unsupervised learning tasks. They have been applied in diverse fields, ranging from image synthesis and style transfer to drug discovery and anomaly detection.

In 2014, Ian Goodfellow and his colleagues Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and Yoshua Bengio introduced the groundbreaking generative adversarial network (GAN) architecture. GANs consist of a generator and a discriminator network engaged in a competitive process to generate realistic data.

In 2015, research institutions like OpenAI and DeepMind have played pivotal roles in advancing generative AI for natural language processing (NLP). OpenAI developed models like “GPT” (generative pre-trained transformer)—culminating in GPT-3 in 2020, GPT-3.5 in 2022, GPT-4 in 2023, and GPT-4o in 2024—which showcased exceptional language generation capabilities. As noted earlier in this chapter, transformer technology possesses a type of neural network architecture, which uses an autoregressive language model that optimizes deep learning capabilities to produce human-like text. It was trained using forty-five terabytes of text data, including almost the entire public web.

In 2016, DeepMind’s “WaveNet” introduced an impressive speech synthesis model based on deep neural networks. As we are currently witnessing, generative AI is a rapidly evolving field, and numerous researchers and scientists around the world have contributed to its progress. These include individuals from academia, industry, and open-source communities, who are collectively driving advancements in areas like style transfer, image synthesis, music composition, and more. Also in 2016, Google’s AlphaGo defeated a world champion Go player, Lee Sedol, four games to one, highlighting the effectiveness of reinforcement learning in mastering complex games. This has been considered quite an extraordinary feat because of the level of complexity involved in playing the game. On their website, under the heading “Making History,” the creators of this technology cite the following:


Our artificial intelligence (AI) system, AlphaGo, learned to master the ancient Chinese game of Go—a profoundly complex board game of strategy, creativity, and ingenuity. AlphaGo defeated a human Go world champion a decade before experts thought possible, inspired players around the world to discover new approaches, and arguably, became the strongest Go player in history. It proved that AI systems can learn how to solve the most challenging problems in highly complex domains.75
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Figure 1.8. The game of Go. Wikimedia Commons.



For those familiar with the game of Go (figure 1.8), you will know just how complex it is.

For those who are not, here’s a ChatGPT response when asked to explain it in three sentences:


Go, an ancient strategy board game, is played on a gridded board with black and white stones. The goal is to dominate territory through strategic stone placement, capturing opponents’ stones, and creating cohesive groups. Despite its straightforward rules, Go is celebrated for its profound strategic intricacies and boasts a rich history spanning over 2,500 years.*
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