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INTRODUCTION

n my 2005 book The Singularity Is Near, 1 set forth my theory that

convergent, exponential technological trends are leading to a transi-
tion that will be utterly transformative for humanity. There are several
key areas of change that are continuing to accelerate simultaneously:
computing power is becoming cheaper, human biology is becoming
better understood, and engineering is becoming possible at far smaller
scales. As artificial intelligence grows in ability and information be-
comes more accessible, we are integrating these capabilities ever more
closely with our natural biological intelligence. Eventually nanotech-
nology will enable these trends to culminate in directly expanding our
brains with layers of virtual neurons in the cloud. In this way we will
merge with Al and augment ourselves with millions of times the compu-
tational power that our biology gave us. This will expand our intelli-
gence and consciousness so profoundly that it’s difficult to comprehend.
This event is what I mean by the Singularity.

The term “singularity” is borrowed from mathematics (where it
refers to an undefined point in a function, like when dividing by zero)
and physics (Where it refers to the infinitely dense point at the center of
a black hole, where the normal laws of physics break down). But it is
important to remember that I use the term as a metaphor. My predic-
tion of the technological Singularity does not suggest that rates of
change will actually become infinite, dasM eé( eorrllg?tlal growth does not
imply infinity, nor does a physmgl singularity. A black hole has gravity

strong enough to trap even light itself, but there is no means in quantum



2 THE SINGULARITY IS NEARER

mechanics to account for a truly infinite amount of mass. Rather, I use
the singularity metaphor because it captures our inability to compre-
hend such a radical shift with our current level of intelligence. But as
the transition happens, we will enhance our cognition quickly enough
to adapt.

As I detailed in The Singularity Is Near, long-term trends suggest
that the Singularity will happen around 2045. At the time that book
was published, that date lay forty years—two full generations—in the
future. At that distance I could make predictions about the broad
forces that would bring about this transformation, but for most read-
ers the subject was still relatively far removed from daily reality in
2005. And many critics argued then that my timeline was overopti-
mistic, or even that the Singularity was impossible.

Since then, though, something remarkable has happened. Progress
has continued to accelerate in defiance of the doubters. Social media
and smartphones have gone from virtually nonexistent to all-day com-
panions that now connect a majority of the world’s population. Algo-
rithmic innovations and the emergence of big data have allowed Al to
achieve startling breakthroughs sooner than even experts expected—
from mastering games like Feopardy! and Go to driving automobiles,
writing essays, passing bar exams, and diagnosing cancer. Now, power-
ful and flexible large language models like GPT-4 and Gemini can trans-
late natural-language instructions into computer code—dramatically
reducing the barrier between humans and machines. By the time you
read this, tens of millions of people likely will have experienced these
capabilities firsthand. Meanwhile, the cost to sequence a human’s ge-
nome has fallen by about 99.997 percent, and neural networks have
begun unlocking major medical discoveries by simulating biology dig-
itally. We’re even gaining the ability to finally connect computers to
brains directly.

Underlying all these developments is what I call the law of acceler-
ating returns: 1nformat10n teclt}lrtlol %'vlesthke fomputmg get exponen-
tially cheaper because eac var(lace mgkgsr IE' easier to design the next

stage of their own evolution. As a result, as I write this, one dollar buys



INTRODUCTION 3

about 11,200 times as much computing power, adjusting for inflation,
as it did when The Singulariry Is Near hit shelves.

The following graph, which I’ll discuss in depth later in the book,
summarizes the most important trend powering our technological civi-
lization: the long-term exponential growth (shown as a roughly straight
line on this logarithmic scale) in the amount of computing power a con-
stant dollar can purchase. Moore’s law famously observes that transis-
tors have been steadily shrinking, allowing computers to get ever more
powerful—but that is just one manifestation of the law of accelerating
returns, which already held true long before transistors were invented
and can be expected to continue even after transistors reach their phys-
ical limits and are succeeded by new technologies. This trend has de-
fined the modern world, and almost all the coming breakthroughs
discussed in this book will be enabled by it directly or indirectly.

Price-Performance of Computation, 1939-2023'
Best achieved price-performance in computations per second per constant 2023 dollar
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To maximize comparability of machines, this graph focuses
on price-performance during the era of programmable
computers, but approximations for earlier electromechanical
computing devices show that this trend stretches back at least
to the 1880s.2

So we have kept on &chedule or the SmgulTrlty The urgency of
pyrig Materia
this book comes from the nature of exponential change itself. Trends

that were barely noticeable at the start of this century are now actively
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impacting billions of lives. In the early 2020s we entered the sharply
steepening part of the exponential curve, and the pace of innovation is
affecting society like never before. For perspective, the moment you’re
reading this is probably closer to the creation of the first superhuman
Al than to the release of my last book, 2012’s How to Create a Mind.
And you’re probably closer to the Singularity than to the release of my
1999 book The Age of Spiritual Machines. Or, measured in terms of
human life, babies born today will be just graduating college when the
Singularity happens. This is, on a very personal level, a different kind
of “near” than it was in 2005.

That is why I’ve written this book now. Humanity’s millennia-long
march toward the Singularity has become a sprint. In the introduction
to The Singularity Is Near, I wrote that we were then “in the early stages
of this transition.” Now we are entering its culmination. That book
was about glimpsing a distant horizon—this one is about the last miles
along the path to reach it.

Luckily, we can now see this path much more clearly. Although
many technological challenges remain before we can achieve the Sin-
gularity, its key precursors are rapidly moving from the realm of theo-
retical science to active research and development. During the coming
decade, people will interact with Al that can seem convincingly human,
and simple brain—computer interfaces will impact daily life much like
smartphones do today. A digital revolution in biotech will cure diseases
and meaningfully extend people’s healthy lives. At the same time,
though, many workers will feel the sting of economic disruption, and
all of us will face risks from accidental or deliberate misuse of these new
capabilities. During the 2030s, self-improving Al and maturing nano-
technology will unite humans and our machine creations as never
before—heightening both the promise and the peril even further. If we
can meet the scientific, ethical, social, and political challenges posed by
these advances, by 2045 we will transform life on earth profoundly for
the better. Yet if we fall our Very éurvwal 1S |1n question. And so this

yrighte teria
book is about our ﬁnal approach to the Singularity—the opportunities
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and dangers we must confront together over the last generation of the
world as we knew it.

To begin, we’ll explore how the Singularity will actually happen,
and put this in the context of our species’ long quest to reinvent our
own intelligence. Creating sentience with technology raises important
philosophical questions, so we’ll address how this transition affects
our own identity and sense of purpose. Then we will turn to the prac-
tical trends that will characterize the coming decades. As I will show,
the law of accelerating returns is driving exponential improvements
across a very wide range of metrics that reflect human well-being. One
of the most obvious downsides of innovation, though, is unemploy-
ment caused by automation in its various forms. While these harms
are real, we’ll see why there is good reason for long-term optimism—
and why we are ultimately not in competition with Al.

As these technologies unlock enormous material abundance for our
civilization, our focus will shift to overcoming the next barrier to our
full flourishing: the frailties of our biology. So next, we’ll look ahead to
the tools we’ll use over the coming decades to gain increasing mastery
over biology itself—first by defeating the aging of our bodies and then
by augmenting our limited brains and ushering in the Singularity. Yet
these breakthroughs may also put us in jeopardy. Revolutionary new
systems in biotechnology, nanotechnology, or artificial intelligence
could possibly lead to an existential catastrophe like a devastating pan-
demic or a chain reaction of self-replicating machines. We’ll conclude
with an assessment of these threats, which warrant careful planning,
but as I’ll explain, there are very promising approaches for how to mit-
igate them.

These are the most exciting and momentous years in all of history.
We cannot say with confidence what life will be like after the Singular-
ity. But by understanding and anticipating the transitions leading up
to it, we can help ensure that humanity’s final approach will be safe

and successful.
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CHAPTER 1
WHERE ARE WE IN THE SIX STAGES?

n The Singularity Is Near, I described the basis of consciousness as

information. I cited six epochs, or stages, from the beginning of our
universe, with each stage creating the next stage from the information
processing of the last. Thus, the evolution of intelligence works via an
indirect sequence of other processes.

The First Epoch was the birth of the laws of physics and the chem-
istry they make possible. A few hundred thousand years after the big
bang, atoms formed from electrons circling around a core of protons
and neutrons. Protons in a nucleus seemingly should not be so close
together, because the electromagnetic force tries to drive them vio-
lently apart. However, there happens to be a separate force called the
strong nuclear force, which keeps the protons together. “Whoever”
designed the rules of the universe provided this additional force, oth-
erwise evolution through atoms would have been impossible.

Billions of years later, atoms formed molecules that could represent
elaborate information. Carbon was the most useful building block, in
that it could form four bonds, as opposed to one, two, or three for
many other nuclei. That we live in a world that permits complex chem-
istry is extremely unlikely. For example, if the strength of gravity were
ever so slightly weaker, there would be no supernovas to create the
chemical elements that life is made from. If it were just slightly stron-
ger, stars would burn ocq/t and Se be df re intelli gent life could form.

yri Mat erla
Just this one physical constant had to be in an extremely narrow range
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or we would not be here. We live in a universe that is very precisely
balanced to allow a level of order that has enabled evolution to unfold.

Several billion years ago, the Second Epoch began: life. Molecules
became complex enough to define an entire organism in one molecule.
Thus, living creatures, each with their own DNA, were able to evolve
and spread.

In the Third Epoch, animals described by DNA then formed
brains, which themselves stored and processed information. These
brains gave evolutionary advantages, which helped brains develop
more complexity over millions of years.

In the Fourth Epoch, animals used their higher-level cognitive
ability, along with their thumbs, to translate thoughts into complex
actions. This was humans. Our species used these abilities to create
technology that was able to store and manipulate information—from
papyrus to hard drives. These technologies augmented our brains’
abilities to perceive, recall, and evaluate information patterns. This is
another source of evolution that itself is far greater than the level of
progress before it. With brains, we added roughly one cubic inch of
brain matter every 100,000 years, whereas with digital computation
we are doubling price-performance about every sixteen months.

In the Fifth Epoch, we will directly merge biological human cog-
nition with the speed and power of our digital technology. This is
brain—computer interfaces. Human neural processing happens at a
speed of several hundred cycles per second, as compared with several
billion per second for digital technology. In addition to speed and
memory size, augmenting our brains with nonbiological computers
will allow us to add many more layers to our neocortices—unlocking
vastly more complex and abstract cognition than we can currently
imagine.

The Sixth Epoch is where our intelligence spreads throughout the
universe, turning ordinary matter into computronium, which is mat-
ter organized at the ultlmate densi C?, of computation.

yrlg Materia
In my 1999 book The ge of piritual Machines, 1 predicted that a
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Turing test—wherein an Al can communicate by text indistinguish-
ably from a human—would be passed by 2029. I repeated that in
2005’s The Singularity Is Near. Passing a valid Turing test means that
an Al has mastered language and commonsense reasoning as pos-
sessed by humans. Turing described his concept in 1950,! but he did
not specify how the test should be administered. In a bet that I have
with Mitch Kapor, we defined our own rules that are much more diffi-
cult than other interpretations.

My expectation was that in order to pass a valid Turing test by
2029, we would need to be able to attain a great variety of intellectual
achievements with AI by 2020. And indeed, since that prediction, Al
has mastered many of humanity’s toughest intellectual challenges—
from games like Feopardy! and Go to serious applications like radiol-
ogy and drug discovery. As I write this, top Al systems like Gemini
and GPT-4 are broadening their abilities to many different domains
of performance—encouraging steps on the road to general intelli-
gence.

Ultimately, when a program passes the Turing test, it will actually
need to make itself appear far less intelligent in many areas because
otherwise it would be clear that it is an AIl. For example, if it could
correctly solve any math problem instantly, it would fail the test. Thus,
at the Turing test level, Als will have capabilities that in fact go far be-
yond the best humans in most fields.

Humans are now in the Fourth Epoch, with our technology already
producing results that exceed what we can understand for some tasks.
For the aspects of the Turing test that Al has not yet mastered, we
are making rapid and accelerating progress. Passing the Turing test,
which I have been anticipating for 2029, will bring us to the Fifth
Epoch.

A key capability in the 2030s will be to connect the upper ranges of
our neocortices to the cloud, which will directly extend our think-
ing. In this way, rather than AI beln a competltor, it will become an

K 9 hed I\/Iate
extension of ourselves. By t ime this happens, the nonbiological
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portions of our minds will provide thousands of times more cognitive
capacity than the biological parts.

As this progresses exponentially, we will extend our minds many
millions-fold by 2045. It is this incomprehensible speed and magni-
tude of transformation that will enable us to borrow the singularity

metaphor from physics to describe our future.

Copyrighted Material



CHAPTER 2
REINVENTING INTELLIGENCE

WHAT DOES IT MEAN TO REINVENT INTELLIGENCE?

If the whole story of the universe is one of evolving paradigms of infor-
mation processing, the story of humanity picks up more than halfway
through. Our chapter in this larger tale is ultimately about our tran-
sition from animals with biological brains to transcendent beings
whose thoughts and identities are no longer shackled to what genetics
provides. In the 2020s we are about to enter the last phase of this
transformation—reinventing the intelligence that nature gave us on a
more powerful digital substrate, and then merging with it. In so doing,
the Fourth Epoch of the universe will give birth to the Fifth.

But how will this happen more concretely? To understand what re-
inventing intelligence entails, we will first look back to the birth of Al
and the two broad schools of thought that emerged from it. To see why
one prevailed over the other, we will relate this to what neuroscience
tells us about how the cerebellum and the neocortex gave rise to human
intelligence. After surveying how deep learning is currently re-creating
the powers of the neocortex, we can assess what Al still needs to
achieve to reach human levels, and how we will know when it has. Fi-
nally, we’ll turn to how alded b%t gel{/lhéltrgﬁ% Al, we will engineer
brain—computer 1nterfaces t at Vastly expand our neocortices with

layers of virtual neurons. This will unlock entirely new modes of
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thought and ultimately expand our intelligence millions-fold: this is

the Singularity.

THE BIRTH OF Al

In 1950, the British mathematician Alan Turing (1912-1954) pub-
lished an article in Mind titled “Computing Machinery and Intelli-
gence.”! In it, Turing asked one of the most profound questions in the
history of science: “Can machines think?” While the idea of thinking
machines dates back at least as far as the bronze automaton Talos in
Greek myth,? Turing’s breakthrough was boiling the concept down to
something empirically testable. He proposed using the “imitation
game”—which we now know as the Turing test—to determine whether
a machine’s computation was able to perform the same cognitive tasks
that our brains can. In this test, human judges interview both the Al
and human foils using instant messaging without seeing whom they
are talking to. The judges then pose questions about any subject mat-
ter or situation they wish. If after a certain period of time the judges
are unable to tell which was the Al responder and which were the hu-
mans, then the Al is said to have passed the test.

By transforming this philosophical idea into a scientific one, Turing
generated tremendous enthusiasm among researchers. In 1956, math-
ematics professor John McCarthy (1927-2011) proposed a two-month,
ten-person study to be conducted at Dartmouth College, in Hanover,
New Hampshire.? The goal was the following:

The study is to proceed on the basis of the conjecture that every

aspect of learning or any other feature of intelligence can in princi-

ple be so precisely described that a machine can be made to simu-

late it. An attempt will be made to find how to make machines use

language, form abstractions and concepts, solve kinds of problems
opyrig t.e<§ Ma erlaf)

now reserved for humans, and improve themselves.*
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In preparing for the conference, McCarthy proposed that this field,
which would ultimately automate every other field, be called “artificial
intelligence.”® This is not a designation I like, given that “artificial”
makes this form of intelligence seem “not real,” but it is the term that
has endured.

The study was conducted, but its goal—specifically, getting ma-
chines to understand problems described in natural language—was
not achieved within the two-month time frame. We are still working
on it—of course, now with far more than ten people. According to
Chinese tech giant Tencent, in 2017 there were already about 300,000
“Al researchers and practitioners” worldwide,® and the 2019 Global AI
Talent Report, by Jean-Francois Gagné, Grace Kiser, and Yoan Man-
tha, counted some 22,400 Al experts publishing original research—of
whom around 4,000 were judged to be highly influential.” And accord-
ing to Stanford’s Institute for Human-Centered Artificial Intelligence,
Al researchers in 2021 generated more than 496,000 publications and
over 141,000 patent filings.® In 2022, global corporate investment in
Al was $189 billion, a thirteenfold increase over the past decade.’ The
numbers will be even higher by the time you read this.

All this would have been hard to imagine in 1956. Yet the Dart-
mouth workshop’s goal was roughly equivalent to creating an Al that
could pass the Turing test. My prediction that we’ll achieve this by
2029 has been consistent since my 1999 book The Age of Spiritual Ma-
chines, published at a time when many observers thought this mile-
stone would never be reached.!® Until recently this projection was
considered extremely optimistic in the field. For example, a 2018 sur-
vey found an aggregate prediction among Al experts that human-level
machine intelligence would not arrive until around 2060." But the
latest advances in large language models have rapidly shifted expecta-
tions. As I was writing early drafts of this book, the consensus on
Metaculus, the world’s top forecasting website, hovered between the
2040s and the 2050s. But surprising Al prongss over the past two

ris
. Copyrlp hted Mdterra
years upended expectations, and by May 2022 the Metaculus consensus
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exactly agreed with me on the 2029 date.!? Since then it has even fluc-
tuated to as soon as 2026, putting me technically in the slow-timelines
camp!??

Even experts in the field have been surprised by many of the recent
breakthroughs in Al. It’s not just that they are happening sooner than
most expected, but that they seem to occur suddenly, and without
much warning that a leap forward is imminent. For example, in Octo-
ber 2014 Tomaso Poggio, an MIT expert on Al and cognitive science,
said, “The ability to describe the content of an image would be one of
the most intellectually challenging things of all for a machine to do.
We will need another cycle of basic research to solve this kind of ques-
tion.”!* Poggio estimated that this breakthrough was at least two de-
cades away. The very next month, Google debuted object recognition
Al that could do just that. When The New Yorker’s Raffi Khatchadou-
rian asked him about this, Poggio retreated to a more philosophical
skepticism about whether this ability represented true intelligence. I
point this out not as a criticism of Poggio but rather as an observation
of a tendency we all share. Namely, before Al achieves some goal, that
goal seems extremely difficult and singularly human. But after Al
reaches it, the accomplishment diminishes in our human eyes. In other
words, our true progress is actually more significant than it seems in
hindsight. This is one reason why I remain optimistic about my 2029
prediction.

So why have these sudden breakthroughs occurred? The answer
lies in a theoretical problem dating back to the dawn of the field. In
1964, when I was in high school, I met with two artificial intelligence
pioneers: Marvin Minsky (1927-2016), who co-organized the Dart-
mouth College workshop on AI, and Frank Rosenblatt (1928-1971).
In 1965 I enrolled at MIT and began studying with Minsky, who was
doing foundational work that underlies the dramatic Al breakthroughs
we are seeing today. Minsky taught me that there are two techniques
for creating automated S[I?lurtllé) % eta R/Il'g‘?(leerrlnas the symbolic approach
and the connectionist approach

The symbolic approach describes in rule-based terms how a human
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expert would solve a problem. In some cases the systems based on it
could be successful. For example, in 1959 the RAND Corporation
introduced the “General Problem Solver” (GPS)—a computer pro-
gram that could combine simple mathematical axioms to solve logic
problems.’> Herbert A. Simon, J. C. Shaw, and Allen Newell devel-
oped the General Problem Solver to have the theoretical ability to
solve any problem that could be expressed as a set of well-formed for-
mulas (WFFs). In order for the GPS to work, it would have to use one
WPEFF (essentially an axiom) at each stage in the process, methodically
building them into a mathematical proof of the answer.

Even if you don’t have experience with formal logic or proof-based
math, this idea is basically the same as what happens in algebra. If you
know that 2 + 7 = 9, and that an unknown number x added to 7 is 10,
you can prove that x = 3. But this kind of logic has much broader ap-
plications than just solving equations. It’s also what we use (without
even thinking about it) when we ask ourselves whether something
meets a certain definition. If you know that a prime number cannot
have any factors other than 1 and itself, and you know that 11 is a fac-
tor of 22, and that 1 does not equal 11, you can conclude that 22 is not
a prime number. By starting with the most basic and fundamental
axioms possible, the GPS could do this sort of calculation for much
more difficult questions. Ultimately, this is what human mathemati-
cians do as well—the difference is that a machine can (in theory at
least) search through every possible way of combining the fundamen-
tal axioms in search of the truth.

To illustrate, if there were ten such axioms available to choose from
at each point, and let’s say twenty axioms were needed to reach a solu-
tion, that would mean there were 10%°, or 100 billion billion, possible
solutions. We can deal with such big numbers today with modern
computers, but this was way beyond what 1959 computational speeds
could achieve. That year, the DEC PDP-1 computer could carry out
about 100,000 operations perrsiec}%)%léidegte”Z? a Google Cloud A3
virtual machine could carry out roughly 26,000,000,000,000,000,000

operations per second.!” One dollar now buys around 1.6 zrillion times
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as much computing power as it did when the GPS was developed.!®
Problems that would take tens of thousands of years with 1959 tech-
nology now take only minutes on retail computing hardware. To com-
pensate for its limitations, the GPS had heuristics programmed that
would attempt to rank the priority of possible solutions. The heuristics
worked some of the time, and their successes supported the idea that a
computerized solution could ultimately solve any rigorously defined
problem.

Another example was a system called MYCIN, which was devel-
oped during the 1970s to diagnose and recommend remedial treat-
ments for infectious diseases. In 1979 a team of expert evaluators
compared its performance with that of human doctors and found that
MYCIN did as well as or better than any of the physicians.!’

A typical MYCIN “rule” reads:

IF: 1) The infection that requires therapy is meningitis, and

2) The type of the infection is fungal, and

3) Organisms were not seen on the stain of the culture, and

4) The patient is not a compromised host, and

5) The patient has been to an area that is endemic for coc-
cidiomycoses, and

6) The race of the patient is one of: [B]lack [A]sian [I]ndian,
and

7) The cryptococcal antigen in the csf was not positive

THEN: There is suggestive evidence (.5) that cryptococcus is not

one of the organisms (other than those seen on cultures or

smears) which might be causing the infection.?’

By the late 1980s these “expert systems” were utilizing probability
models and could combine many sources of evidence to make a deci-
sion.?! While a single if-then rule would not be sufficient by itself, by
combining many tho sands 0 h rules, the overall system could

s Y o {ed Mageria Y
make reliable decisions or a constralned problem.

Although the symbolic approach has been used for over half a
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century, its primary limitation has been the “complexity ceiling.”??

When MYCIN and other such systems made a mistake, correcting it
might fix that particular issue but would in turn give rise to three other
mistakes that would rear their heads in other situations. There seemed
to be a limit on intricacy that made the overall range of real-world
problems that could be addressed very narrow.

One way of looking at the complexity of rule-based systems is as a
set of possible failure points. Mathematically, a group of » things has
2771 subsets (not counting the empty set). Thus, if an Al uses a rule set
with only one rule, there is only one failure point: Does that rule work
correctly on its own or not? If there are two rules, there are three fail-
ure points: each rule on its own, and interactions in which those two
rules are combined. This grows exponentially. Five rules means 31
potential failure points, 10 rules means 1,023, 100 rules means more
than one thousand billion billion billion, and 1,000 rules means over a
googol googol googols! Thus, the more rules you have already, the
more each new rule adds to the number of possible subsets. Even if
only an extremely minuscule fraction of possible rule combinations
introduce a new problem, there comes a point (where exactly this point
lies varies from one situation to another) where adding one new rule to
fix a problem is likely to cause more than one additional problem. This
is the complexity ceiling.

Probably the longest-running expert system project is Cyc (from
the word “encyclopedic”), created by Douglas Lenat and his col-
leagues at Cycorp.?? Initiated in 1984, Cyc has the goal of encoding all
of “commonsense knowledge”—broadly known facts like A dropped
egg will break or A child running through the kitchen with muddy shoes will
annoy his parents. These millions of small ideas are not clearly written
down in any one place. They are unspoken assumptions underlying
human behavior and reasoning that are necessary for understanding
what the average person knows in a variety of domains. Yet because
the Cyc system also repr(q/sents”tgﬁtléndovl\shlgctigﬁ\évllth symbolic rules, it,
too, has to face the complex1ty ceiling.

Back in the 1960s, as Minsky advised me on the pros and cons of the
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symbolic approach, I began to see the added value of the connectionist
one. This entails networks of nodes that create intelligence through
their structure rather than through their content. Instead of using
smart rules, they use dumb nodes that are arranged in a way that can
extract insight from data itself. As a result, they have the potential to
discover subtle patterns that would never occur to human program-
mers trying to devise symbolic rules. One of the key advantages of the
connectionist approach is that it allows you to solve problems without
understanding them. Even if we had a perfect ability to formulate and
implement error-free rules for symbolic Al problem-solving (which we
do not), we would be limited by our imperfect understanding of which
rules would be optimal in the first place.

This is a powerful way to tackle complex problems, but it is a
double-edged sword. Connectionist Al is prone to becoming a “black
box”—capable of spitting out the correct answer, but unable to ex-
plain how it found it.?* This has the potential to become a major issue
because people will want to be able to see the reasoning behind high-
stakes decisions about things like medical treatment, law enforcement,
epidemiology, or risk management. This is why many Al experts are
now working to develop better forms of “transparency” (or “mecha-
nistic interpretability”) in machine learning—based decisions.?® It re-
mains to be seen how effective transparency will be as deep learning
becomes more complex and more powerful.

Back when I started in connectionism, though, the systems were
much simpler. The basic idea was to create a computerized model in-
spired by how human neural networks work. At first this was very
abstract because the method was devised before we had a detailed
understanding of how biological neural networks are actually orga-

nized.

Copyrighted Material
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DIAGRAM OF SIMPLE NEURAL NET
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Here is the basic schema for a neural net algorithm. Many
variations are possible, and the designer of the system needs to
provide certain critical parameters and methods (detailed below).

Creating a neural net solution to a problem involves the fol-

lowing steps:

* Define the input.

* Define the topology of the neural net (i.e., the layers of
neurons and the connections between the neurons).

e Train the neural net on examples of the problem.

* Run the trained neural net to solve new examples of the
problem.

 Take your neural net company public.

These steps (except for the last one) are detailed below:

THE PROBLEM INPUT
righted Material

The problem input to the neural net consists of a series of num-

bers. This input can be:
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¢ in a visual pattern recognition system, a two-
dimensional array of numbers representing the pixels of
an image; or

e in an auditory (e.g., speech) recognition system,
a two-dimensional array of numbers representing a
sound, in which the first dimension represents
parameters of the sound (e.g., frequency components)
and the second dimension represents different points in
time; or

* in an arbitrary pattern recognition system, an
n-dimensional array of numbers representing the input

pattern.

DEFINING THE TOPOLOGY

To set up the neural net, the architecture of each neuron con-

sists of:

» multiple inputs in which each input is “connected” to
either the output of another neuron or one of the input
numbers; and

e generally, a single output, which is connected either to
the input of another neuron (which is usually in a higher

layer) or to the final output.

SET UP THE FIRST LAYER OF NEURGNS

* Create N neurons in the first layer. For each of these
neurons, “connect” each of the multiple inputs of the
neuron to “points” (i.e., numbers) in the problem input.
These connections can be determined randomly or using

an evolutiongr? Q%Bkﬂﬂﬁﬁ@e@%ﬁ@ .al

e Assign an initial “synaptic strength” to each connection
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created. These weights can start out all the same, can be
assigned randomly, or can be determined in another way

(see below).

SET UP THE ADDITIONAL LAYERS OF NEURONS

Set up a total of M layers of neurons. For each layer, set up the
neurons in that layer.

For layer;:

* Create N, neurons in layer,. For each of these neurons,
“connect” each of the multiple inputs of the neuron to
the outputs of the neurons in layer, , (see variations
below).

» Assign an initial “synaptic strength” to each connection
created. These weights can start out all the same, can be
assigned randomly, or can be determined in another way
(see below).

* The outputs of the neurons in layer,, are the outputs of

the neural net (see variations below).

THE RECOGNITION TRIALS
HOW EACH NEURON WORKS

Once the neuron is set up, it does the following for each recog-

nition trial:

» Each weighted input to the neuron is computed by
multiplying the output of the other neuron (or initial
input) that the input to this neuron is connected to by the

synaptic strengtq‘\r%p%ﬁitg:t;ﬁﬁgtmteri al

 All of these weighted inputs to the neuron are summed.
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e If this sum is greater than the firing threshold of this
neuron, then this neuron is considered to fire and its
output is 1. Otherwise, its output is O (see variations

below).

D0 THE FOLLOWING FOR EACH RECOGNITION TRIAL

For each layer, from layer to layer,,, and

for each neuron in the layer:

e Sum its weighted inputs. (Each weighted input = the
output of the other neuron [or initial input] that the input
to this neuron is connected to multiplied by the synaptic
strength of that connection.)

« If this sum of weighted inputs is greater than the firing
threshold for this neuron, set the output of this neuron to 1,

otherwise set it to 0.

TO TRAIN THE NEURAL NET

* Run repeated recognition trials on sample problems.

o After each trial, adjust the synaptic strengths of all the
interneuronal connections to improve the performance of
the neural net on this trial. (See the discussion below on
how to do this.)

e Continue this training until the accuracy rate of the neu-

ral net is no longer improving (i.e., reaches an asymptote).

KEY DESIGN DECISIONS

In the simple S%ﬁ@ﬁ@ﬁ?e&lméﬁgw of this neural net

algorithm needs to determine at the outset:
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* What the input numbers represent.

* The number of layers of neurons.

* The number of neurons in each layer. (Each layer does
not necessarily need to have the same number of
neurons.)

e The number of inputs to each neuron in each layer. The
number of inputs (i.e., interneuronal connections) can
also vary from neuron to neuron and from layer to layer.

* The actual “wiring” (i.e., the connections). For each
neuron in each layer, this consists of a list of other
neurons, the outputs of which constitute the inputs to
this neuron. This represents a key design area. There are
a number of possible ways to do this:

(1) Wire the neural net randomly; or
(@i1) Use an evolutionary algorithm (see below) to
determine an optimal wiring; or
(ii1) Use the system designer’s best judgment in
determining the wiring.

* The initial synaptic strengths (i.e., weights) of each
connection. There are a number of possible ways to do
this:

(1) Set the synaptic strengths to the same value; or
(i1) Set the synaptic strengths to different random
values; or
(>ii1) Use an evolutionary algorithm to determine an
optimal set of initial values; or
(iv) Use the system designer’s best judgment in
determining the initial values.
* The firing threshold of each neuron.
* The output, which can be:
(i) the outputs of layer,, of neurons; or
(>i1) the outpugcQQXirerQ &GQLM%%@;lthe inputs of

which are the outputs of the neurons in layer, ; or
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(ii1) a function of (e.g., a sum of) the outputs of the
neurons in layer, ; or

(iv) another function of neuron outputs in multiple
layers.

e The synaptic strengths of all the connections, which
must be adjusted during the training of this neural net.
This is a key design decision and is the subject of a great
deal of research and discussion. There are a number of
possible ways to do this:

(1) For each recognition trial, increment or decrement
each synaptic strength by a (generally small) fixed
amount so that the neural net’s output more closely
matches the correct answer. One way to do this is
to try both incrementing and decrementing and see
which has the more desirable effect. This can be
time-consuming, so other methods exist for
making local decisions on whether to increment or
decrement each synaptic strength.

(i1) Other statistical methods exist for modifying the
synaptic strengths after each recognition trial so
that the performance of the neural net on that trial
more closely matches the correct answer.

(ii1) Note that neural net training will work even if the
answers to the training trials are not all correct.
This allows using real-world training data that may
have an inherent error rate. One key to the success
of a neural net—based recognition system is the
amount of data used for training. Usually a very
substantial amount is needed to obtain satisfactory
results. Just as with human students, the amount of

time that a neural net spends learning its lessons is

a key &Q&Yﬁ Iﬁrbte@ng%&” al
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VARIATIONS

Many variations of the above are feasible:

* There are different ways of determining the topology. In
particular, the interneuronal wiring can be set either
randomly or using an evolutionary algorithm, which
mimics the effects of mutation and natural selection on

network design.

There are different ways of setting the initial synaptic

strengths.

The inputs to the neurons in layer, do not necessarily
need to come from the outputs of the neurons in layer,_,.
Alternatively, the inputs to the neurons in each layer can

come from any lower or higher layer.

There are different ways to determine the final output.

The method described above results in an “all or
nothing” (1 or 0) firing, called a nonlinearity. There are
other nonlinear functions that can be used. Commonly, a
function is used that goes from O to 1 in a rapid but
relatively more gradual fashion. Also, the outputs can be

numbers other than 0 and 1.

The different methods for adjusting the synaptic

strengths during training represent key design decisions.

The above schema describes a “synchronous” neural net, in
which each recognition trial proceeds by computing the outputs of
each layer, starting with layer  through layer,,. In a true parallel sys-
tem, in which each neuron is operating independently of the oth-
ers, the neurons can operate “asynchronously” (i.e., independently).
In an asynchronous approach, each neuron is constantly scanning

its inputs and fires whemeyeicthe stm/eftits jwi¢ighted inputs ex-
ceeds its threshold (or whatever its output function specifies).

25
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The goal is to then find actual examples from which the system can
figure out how to solve a problem. A typical starting point is to have
the neural net wiring and synaptic weights set randomly, so that the
answers produced by this untrained neural net will thus also be ran-
dom. The key function of a neural net is that it must learn its subject
matter, just like the mammalian brains on which it is (at least roughly)
modeled. A neural net starts out ignorant but is programmed to max-
imize a “reward” function. It is then fed training data (e.g., photos
containing corgis and photos containing no corgis, as labeled by hu-
mans in advance). When the neural net produces a correct output
(e.g., accurately identifying whether there’s a corgi in the image), it
gets reward feedback. This feedback can then be used to adjust the
strength of each interneuronal connection. Connections that are con-
sistent with the correct answer are made stronger, while those that
provide a wrong answer are weakened.

Over time, the neural net organizes itself to be able to provide the
correct answers without coaching. Experiments have shown that neu-
ral nets can learn their subject matter even with unreliable teachers. If
the training data is labeled correctly only 60 percent of the time, a
neural net can still learn its lessons with an accuracy well over 90 per-
cent. Under some conditions, even smaller proportions of accurate la-
bels can be used effectively.?¢

It’s not intuitive that a teacher can train a student to surpass her
own abilities, and likewise it can be confusing how unreliable training
data can yield excellent performance. The short answer is that errors
can cancel each other out. Let’s say you’re training a neural net to rec-
ognize the numeral 8 from handwritten samples of the numerals 0
through 9. And let’s say that a third of the labels are inaccurate—a
random mixture of 8s coded as 4s, 5s coded as 8s, and so on. If the
dataset is large enough, these inaccuracies will offset each other and
not skew the training much in any particular direction. This preserves
most of the useful information in the dataset about what 8s look like,

. . opyrighted Material
and still trains the neural netto a high standard.
Despite these strengths, early connectionist systems had a funda-
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mental limitation. One-layer neural networks were mathematically in-
capable of solving some kinds of problems.?’” When I visited Professor
Frank Rosenblatt at Cornell in 1964, he showed me a one-layer neural
network called the Perceptron, which could recognize printed letters.
I tried simple modifications to the input. The system did a fairly good
job of auto-association (that is, it could recognize the letters even if I
covered parts of them) but fared less well with invariance (that is, it
failed to recognize letters after size and font changes).

In 1969 Minsky criticized the surge in interest in this area, even
though he had done pioneering work on neural nets in 1953. He and
Seymour Papert, the two cofounders of the MIT Artificial Intelligence
Laboratory, wrote a book called Perceptrons, which formally demon-
strated why a Perceptron was inherently incapable of determining
whether or not a printed image was connected. The two images on
page 28 are from the cover of Perceptrons. The top image is not con-
nected (the black lines do not form a single contiguous shape), whereas
the bottom image is connected (the black lines form a single contigu-
ous shape). A human can determine this, as can a simple software pro-
gram. A feed-forward (in which connections between the nodes do
not form any loops) Perceptron such as Rosenblatt’s Mark 1 Percep-
tron cannot make this determination.

In short, the reason feed-forward Perceptrons can’t solve this prob-
lem is that doing so entails applying the XOR (exclusive or) computing
function, which classifies whether a line segment is part of one contig-
uous shape in the image but not part of another. Yet a single layer of
nodes without feedback is mathematically incapable of implementing
XOR because it essentially has to classify all the data in one go with a
linear rule (e.g., “If both of these nodes fire, the function output is
true”), and XOR requires a feedback step (“If either of these nodes
fires, but they don’t both fire, the function output is true”).

When Minsky and Papert reached this conclusion, it effectively
killed most of the fundlrg for the congectlorgﬂrg field, and it would be
decades before it came bacfD Bu in fact, %ack in 1964 Rosenblatt ex-

plained to me that the Perceptron’s inability to deal with invariance
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was due to a lack of layers. If you took the output of a Perceptron and
fed it back to another layer just like it, the output would be more gen-
eral and, with repeated iterations of this process, would increasingly
be able to deal with invariance. If you had enough layers and enough
training data, it could deal with an amazing level of complexity. I
asked him whether he had actually tried this, and he said no but that it
was high on his research agenda. It was an amazing insight, but Rosen-
blatt died only seven years later, in 1971, before he got the chance to
test his insights. It would be another decade before multiple layers
were commonly used, and even then, many-layered networks required
more computing power and training data than was practical. The tre-
mendous surge in Al progress in recent years has resulted from the use
of multiple neural net layers more than a half-century after Rosenblatt
e vomnectonis GPYLIRRISS MAET, ey -

pproac es to Al were largely ignored until the
mid-2010s, when hardware advances finally unlocked their latent
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potential. Finally it was cheap enough to marshal sufficient computa-
tional power and training examples for this method to excel. Between
the publication of Perceprrons in 1969 and Minsky’s death in 2016,
computational price-performance (adjusting for inflation) increased
by a factor of about 2.8 billion.?® This changed the landscape for what
approaches were possible in AI. When I spoke to Minsky near the end
of his life, he expressed regret that Perceprrons had been so influential,
as by then connectionism had recently become widely successful
within the field.

Connectionism is thus a bit like the flying-machine inventions of
Leonardo da Vinci—they were prescient ideas, but not workable until
lighter and stronger materials could be developed.?* Once the hard-
ware caught up, vast connectionism, such as one-hundred-layer net-
works, became feasible. As a result, such systems were able to solve
problems that had never been tackled before. This is the paradigm
driving all the most spectacular advances of the past several years.

THE CEREBELLUM: A MODULAR STRUCTURE

To understand neural networks in the context of human intelligence, I
propose a small detour: let’s go back to the beginning of the universe.
The initial movement of matter toward greater organization pro-
gressed very slowly, with no brains to guide it. (See the section “The
Incredible Unlikeliness of Being,” in chapter 3, regarding the likeli-
hood of the universe to have the ability to encode useful information at
all.) The amount of time needed to create a new level of detail was
hundreds of millions to billions of years.?°

Indeed, it took billions of years before a molecule could begin to
formulate coded instructions to create a living being. There is some
disagreement over the currently available evidence, but most scientists
place the beginning of hfe onr Ie rth dsol\r/lnaetvggleéf between 3.5 billion
and 4.0 billion years ago. 9 "E( egumverse 1s an estimated 13.8 billion

years old (or, more precisely, that’s the amount of time that has passed
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since the big bang), and the earth likely formed about 4.5 billion years
ago.?? So around 10 billion years passed between the first atoms form-
ing and the first molecules (on earth) becoming capable of self-
replication. Part of this lag may be explained by random chance—we
don’t know quite how unlikely it was for molecules randomly bumping
around in early earth’s “primordial soup” to combine in just the right
way. Perhaps life could have started somewhat earlier, or maybe it
would have been more likely for it to start much later. But before any
of those necessary conditions were possible, whole stellar lifecycles
had to play out as stars fused hydrogen into the heavier elements
needed to sustain complex life.

According to scientists’ best estimates, about 2.9 billion years then
passed between the first life on earth and the first multicellular life.?
Another 500 million years passed before animals walked on land, and
200 million more before the first mammals appeared.’* Focusing on
the brain, the length of time between the first development of primi-
tive nerve nets and the emergence of the earliest centralized, tripartite
brain was somewhere over 100 million years.>® The first basic neocor-
tex didn’t appear for another 350 million to 400 million years, and it
took another 200 million years or so for the modern human brain to
evolve.?®

All through this history, more sophisticated brains provided a
marked evolutionary advantage. When animals competed for resources,
the smarter ones often prevailed.?” Intelligence evolved over a much
shorter period than prior steps: millions of years, a distinct accelera-
tion. The most notable change in the brains of pre-mammals was the
region called the cerebellum. Human brains today actually have more
neurons in the cerebellum than in the neocortex, which plays the big-
gest role in our higher-order functions.?® The cerebellum is able to
store and activate a large number of scripts that control motor tasks,
such as one for signing your signature. (These scripts are often infor-
mally known as “muscle memor Th1s is not, in fact, a phenomenon
of muscles themselve?but rat (Fgr%, %f tl%aggggefllum As anpactlon is re-
peated again and again, the brain adapts to make it easier and more
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