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When we began this book, we expected to talk to scientists who
were solving problems on the frontier of what is possible in computing. We expected them to describe new computer architectures and a variety of new software techniques. The fifteen
scientists featured in Natural Computing control spacecraft from
millions of miles away, embed intelligence in smart bacteria, or
build computers to run as fast as a million desktops combined.
They work on the most challenging applications in science, engineering, and even finance. We expected this diversity, but we
didn’t expect the common vision that has emerged across all of
these fields: the future of computing is a synthesis with nature.
There are three major strands to this vision.
First, biological thinking has inspired new ways to do digital
computing. This hasn’t happened yet in your word processor or in
data centers, but it has occurred in applications that are pushing
technology to its most interesting limits. For example, computers
control spacecraft throughout flight and after landing. Manual
repair of onboard hardware, once in flight, is often impossible;
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but innovative spacecraft engineers propose designing machines
that will repair themselves. If you’re not in an engineering field,
you may not appreciate what a change in thinking this approach
represents. Instead of building a high-precision machine that can
handle every possibility, designers construct a machine that will
adapt itself to possibilities the designers cannot even imagine.
Although there is some debate about how to realize this new
design philosophy, many of the scientists profi led in this book
suggest that evolution or some form of learning should be
involved. At first glance, evolution and learning may seem very
different. Evolution works across many generations and organisms, while learning and adaptation occur in a single organism.
Conceptually, however, they are very similar: try something and
see how it works; then respond to feedback by trying something
new that has a chance to be better. We associate learning with
conscious improvement, but evolution occurs subconsciously,
chemically, or even metabolically. For purposes of survival, however, learning and evolution have the same effect.
Many applications are based on evolutionary techniques. In
Natural Computing, a surfer dude turned mathematical financier uses evolutionary algorithms to figure out when to buy or
sell US Treasury bonds. A professor analyzes the safety of a missile defense system by checking how well safety procedures adapt
to failure. In these instances, evolution, learning, and adaptation
are linked.
Second, biological entities may replace silicon. Computing built
on DNA or bacterial cells is nearly free (billions of bacteria need
just a little sugar water to grow), and DNA computing also has
a massively parallel capacity. One day, living bacteria rather
than silicon electronics may compute inside our bodies or inside
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microfactories. Harnessing life in this way will require the development of an entirely new paradigm of computing. No longer
will a human hand design computers to work reliably for several
years, give them universally known names, and install them in
air-conditioned splendor.
Computers made of bacteria or viruses come by the million,
have no names, and are provincial—they communicate only
with their neighbors. They also fail often. Getting them to do
something useful is daunting and might seem impossible, but it
must be possible because we already have what mathematicians
call an existence proof: humans are composed of about 100 trillion cells and we are able to run, think, and love, even though
none of our individual cells can do those things.
Third, new applications may require rethinking the underlying physics of computation. Simulating protein folding or
breaking codes requires thousands of processors to coordinate
their work. Because communication through switches and
computer memory is slow compared with the speed of transistors, such a strategy works best when there is little communication between faraway processors. For that reason, the fastest
digital machines on the planet are designed to move information as little as possible.
For example, a multi-millionaire inventor has embarked on
the design of a machine to simulate the behavior of proteins. To
do this, his hardware moves the information concerning each
atom in the protein to very specific places within the active circuitry. At those places, information is combined with corresponding information about neighboring atoms—all without
returning to the computer’s slow memory. The payoff may be
speeding up computation by a factor of 1,000, enough to accel-
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erate a task that would normally require as much as a century to
one that could be completed in less than 100 days.
Another designer, much less well funded, has constructed a
computing device whose main computational element is a piece
of foam attached to 25 wires. Measuring the electric current
could offer a method to simulate the differential equations that
characterize a whole host of “continuous” scientific problems,
from the prediction of star trajectories in galaxies to the propagation of pigmentation on butterfly wings. This “extended analog computer” turns computing completely on its head. Instead
of calculating an answer using 1s and 0s and arithmetic in a digital computer, it measures an answer.
You may find yourself feeling affection for these machines.
Instead of the hard metal engines that do calculations or send
e-mails or play chess, you will see machines that are more
human—they repair themselves, attempt extremely hard problems, and sometimes make mistakes. These are computational
devices that may one day set your broken bones, maintain the
stability of bridges, or perhaps even help you breathe underwater.
In writing Natural Computing, we encountered a constellation of ideas that could change the world decisively for the better.
Each chapter in this book describes a unique path to discovery. We hope you enjoy reading the stories of these risk-seeking
adventurers as much as we enjoyed writing them.
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ADAPTIVE COMPUTING

NaturalComputing_6thpass.indd 1

3/10/10 1:28 PM

NaturalComputing_6thpass.indd 2

3/10/10 1:28 PM

MODERN MANUFACTURING BEGAN WITH THE NOTION OF INTER-

changeable parts, dating back to Johannes Gutenberg’s movable
type in the fifteenth century. By the eighteenth century, manufacturers had become more concerned about the precision of the
parts. Eli Whitney’s interchangeable musket parts had a precision
of 1 ⁄30 inch (about 1 millimeter). Machine tolerances today are typically 10 micrometers (millionths of a meter), 100 times more precise than what Whitney could achieve. Optical tolerances are now
measured in the nanometer range—a million times more precise than Whitney’s. Designers now have the opportunity to build
machines of exquisite precision for the task at hand.
Mainstream computer science is built on algorithms. An
algorithm is a method that is guaranteed to produce a correct
response for a large class of stimuli with a specified efficiency.
Think of algorithms as recipes—to produce a particular dish,
combine specified ingredients in a recommended order to obtain
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a desired result. For example, a “mergesort” algorithm puts items
in order no matter what kinds of items are presented to it.
Although algorithms will always play a central role in computing, some problems are fundamentally not algorithmic. Consider the following problem: You are to survive in Antarctica and
keep equipment operating at any temperature down to –60°C
(–76°F). You know that your shelter and clothes may suffer any
one of many possible mishaps. How will you and your equipment survive? An algorithmically oriented computer scientist
would complain that the problem is ill posed. If the mishaps are
great enough, it may not be possible to survive. But what if you
had to design a solution that would work most of the time? You
would need to build in adaptation or its cousin, evolution.
As early as 1954, the mathematician Nils Aall Barricelli, working at the Institute for Advanced Study at Princeton, simulated
simple models of evolution using a computer. About fifteen years
later, the German computer scientists Ingo Rechenberg and
Hans-Paul Schwefel used evolution to improve designs for complex engineering problems.
In the natural world, evolution applies to organisms. In the
computational world, evolution applies to designs. In both cases,
evolution can lead to beautiful results without the benefit of a conscious designer. In 1975, John Holland of the University of Michigan wrote a landmark book, Adaptation in Natural and Artificial
Systems, in which he showed the commonalities among the different approaches to evolutionary design and improved them
through a uniform mathematical framework.
Holland’s framework became the basis for modern genetic
(sometimes called “evolutionary”) algorithms. It consists of
repeated applications of the following procedure:
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1. Start with a population of possible designs (candidates).
2. Evaluate each one to give a “fitness” score, perhaps
based on monetary cost or energy consumption.
3. Remember the design that receives the best fitness score.
4. Create a new population by selecting the fittest candidate designs and changing them slightly in a random
way or changing them greatly by combining different
designs together.
Suppose you are using this method to design a car. If a good
design proposes a composite chassis with a six-cylinder engine
and another good design proposes an aluminum chassis with an
electric engine, the combined design might be a composite chassis with an electric engine. Parent designs beget children having
some characteristics of each.
Although evolution can lead to better designs, small adaptations require less effort. For example, you can learn to ride a
bicycle or juggle without evolving. Adaptations at that level may
entail trial and error, but the organism doesn’t need to change.
Rodney Brooks does adaptation in motion. Since the 1980s,
he has designed robots that move intelligently by adaptation.
Since starting his pioneering work, Brooks has been inspired by
insects, elephants, and geckos. In the process, he has redefined
what it means for robots to be smart.
Suppose you are designing software for a robot that must
navigate the surface of another planet. You don’t know what the
exact task will be. You do know the ground is rough. You also
know the environment is extremely hostile, but you don’t know
the particulars. You are faced, in fact, not only with unknowns
but with what Glenn Reeves of NASA’s Jet Propulsion Labora-
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tory calls “unknown unknowns”—unknowns you can’t even
characterize. It won’t work to design a rover, send it, and then
hope for the best. In fact, the current state of the art is to diagnose from afar—100 million miles away. To do that, Reeves has
to design spacecraft instruments that act like chatty patients
talking about their current condition and reporting when they
feel better. When the instrument is sick, his team then has to
send up electronic prosthetics in the form of patches, or small
changes to the software. The device uses the patch in place of the
erroneous code in the same way a patient would use a prosthetic
limb in place of a non-functioning limb.
Adrian Stoica, who also works at the Jet Propulsion Laboratory, imagines future spacecraft that can heal themselves. Consider the challenges: day and nighttime temperatures on the
surface of, say, Mars might vary from a frigid –133°C (–207°F) to
a balmy +27°C (+80°F). A person facing temperature variations
changes clothes. A circuit can’t cover itself, but perhaps it can
change how the electrons flow. Stoica has designed circuits that
can “evolve” a solution on their own. Stoica dreams of equipment
that will survive 100 years by evolutionary adaptation.
Some would argue that genetic algorithms do not deserve the
good name of algorithm, because they don’t guarantee efficiency
and correctness. This is true. A genetic algorithm offers no guarantees, but it often arrives at surprisingly good designs for problems having no known algorithms. Using genetic algorithms,
Louis Qualls designs custom nuclear power plants for extreme
environments, including space. To get the specifications—how
much power the plant should generate, how much it should
weigh if powering a spacecraft, and so on—he talks to specialists, gets design preferences from each of them, and then tries
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to arrive at a design that embodies a compromise among those
preferences while meeting the specifications. To do this, he must
choose among trillions of design possibilities. By hand, he can
explore only a fraction of the possibilities in his search for a good
design. He also knows that he often returns to designs he has
done previously because he has grown emotionally attached to
them. By contrast, when he uses genetic algorithms to program
his computer, the programs sometimes discover designs that he
would never have considered but either cost less or perform better than his own. Further, if the specifications change (and they
often do), he can set the computer off to find another design, still
without any emotional attachment. It is quite likely that in the
future, most complex engineering artifacts will be designed in
this way.
Jake Loveless and Amrut Bharambe apply similar ideas to
finance and use genetic algorithms to design rules to help them
trade treasury bonds. While engineers use complex physical criteria to determine “fitness,” Loveless and Bharambe use the most
basic financial measures: high profit at relatively low risk. To
determine whether a rule is good, they try it on historical data.
The search space (the number of possible rules) is scarily large
and they don’t understand the rules that their genetic algorithms
generate, but the method works.
Nancy Leveson works with nature too, but mostly human
nature as it meshes with high technology. She considers the marvels
of engineering—power plants, missile defense, and spacecraft—
and tries to make them safe. She started her career in computing,
but then took off for the jungles of New Guinea and pursued a
serious interest in cognitive psychology before returning with a
new perspective on computing. She believes that safety requires
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dependable adaptation—mistakes happen, but the system must
compensate for them. The “system,” in Leveson’s view, does
not stop at a convenient boundary like software specification.
It extends all the way up the human management chain. When
computing elements combine with people in life-critical situations, adaptability translates to multiple levels of feedback and
modification. A failure at a lower level must be compensated
for by a person or machine at a higher level. Leveson’s approach
tries to ensure that every level of a system detects problems at
the level below and responds appropriately. Conceptually simple, this approach is being used to help prevent accidental missile launches and air traffic accidents.
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You’re all assuming there’s a logical representation inside the
robot. What if there is no logical representation? I had been
watching insects and how they do stuff . . . do they really have
a three-dimensional rendering of the world around them—
a computer graphics model inside that puny little head with
50,000 neurons? Is that what those neurons are doing?
— Ro dn e y Br o ok s
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RODNEY BROOKS
■

■

■

■

Animals
Rule
WHEN ARTIFICIAL INTELLIGENCE (AI) WAS BORN IN THE 1950s,

excelling at IQ tests or chess seemed to be a good indication of
intelligence. After all, that’s what schools measured. Since then,
a slew of other definitions have been added to the mix, including emotional IQ and Howard Gardner’s interpersonal and kinesthetic measures of intelligence. But if we define intelligence as
the ability to survive in the world, we need to look at more fundamental skills. How is it that we can walk, recognize objects,
and navigate around obstacles? You may say, “Animals can do
that!” To which Rodney Brooks might respond, “Exactly!” In
fact, robots might do better if they didn’t copy humans in all
aspects of our behavior. For example, who walks better over
rough terrain—humans or insects? If you’ve ever seen insects
scramble out of impossible holes, you might vote for the insects.
In a seminal paper from 1990, “Elephants Don’t Play Chess,”
Rodney Brooks presented an evolutionary argument for the relative insignificance of human “higher” intelligence. Life arose

NaturalComputing_6thpass.indd 11

3/10/10 1:28 PM

12

Adaptive Computing

on Earth 3.5 billion years ago, he noted; vertebrates and insects
appeared during the last 10% of that time, approximately 450
million years ago. The great apes emerged in the last 0.5% of that
period, about 18 million years ago. Agriculture was created only
19,000 years ago, 0.0005% of life’s time on Earth. Expert knowledge has appeared only in the last few hundred years.
Computers are most successful at rapidly performing the skills
learned in the last few hundred years of human history, perhaps
because we are most conscious of those skills and they take the
most conscious effort. But our unconscious acts pose a greater
computing challenge. In the brief history of space travel, it has
been easier to build a computer program to guide a spacecraft
to Mars than to build a robot able to navigate over rough terrain
with anything like the skill of a billy goat. Evolution required
billions of years to arrive at the billy goat, but only a few million more to arrive at human intelligence. The factor of 1,000 in
relative timescales should give us a certain humility before these
“primitive” intelligences.
When Brooks wrote his “Elephants” paper, the field of artificial intelligence modeled intelligence as symbol manipulation.
The scientific goal was to design sensor modules such as vision
systems. These would abstract the world into symbols and pass
the symbols into an intelligent core, a kind of electronic monarch. The monarch would manipulate the symbols and then
instruct actuators (normally wheels) to move. In many ways, this
stepped process mirrored the idealized hierarchy of a large corporation or the military—“brains” on top, eyes and limbs on the
bottom. Brooks objected to this paradigm on philosophical as
well as pragmatic grounds.
Brooks’s philosophical objections may have originated in his
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Low-level processing
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The monarch model. The monarch receives data from sensors,
reasons about it, and then emits decisions that are carried out
by reactors.

unlikely path to science and MIT, where he is now a professor at
CSAIL, the Computer Science and Artificial Intelligence Laboratory. Brooks was born in 1954 in Adelaide, Australia. Though not
exactly the outback, Adelaide was a long way from the centers of
computer science research, but the remoteness may have been to
Brooks’s advantage. Nobody told him the right way to approach
the field. At age eight, on his own, he began designing computers to play games. At twelve, he built a primitive computer out of
old telephone relays to play tic-tac-toe. He resolved to pursue a
career in game design.
In 1972, Brooks began studies at Flinders University of South

NaturalComputing_6thpass.indd 13

3/10/10 1:28 PM

14

Adaptive Computing

Australia. On the weekends he was permitted to use the lone
university computer with its 16 kilobytes (roughly 16,000 bytes)
of memory and a 1-megabyte disk. Its million bytes were only
one-millionth of the memory capacity of a contemporary desktop computer. Still, a megabyte was a lot more than 16 kilobytes.
Brooks figured out how to program the computer as if it had the
full 1 megabyte of memory by moving data from the disk when
necessary. He used an innovation called virtual memory that had
been commercially realized only a few years earlier. Brooks didn’t
look for papers describing how to do it; he just did it. “Someone
had described to me the idea,” says Brooks. “It sounded pretty
good, so I implemented virtual memory on this computer.”
Brooks went to Stanford for his PhD, where he met another
up-and-coming roboticist: Hans Moravec, a graduate student a
few years ahead of him. In the summer of 1979, in a little lab in
the hills behind the campus, Brooks helped Moravec with a robot
known as Cart. At midnight each evening, when everyone else
went home, Brooks and Moravec would set up Cart. The robot
would move about 20 meters around the lab for the next 6 hours.
The two young scientists wanted to create stereo vision—giving
the robot depth perception by equipping it with slightly different images from each of two viewpoints. Stereo vision normally
requires two cameras, but at that time cameras were expensive
and they had only one. So they had to slide the one camera from
side to side. “I was just a gofer to move furniture around, set things
up, get things connected,” says Brooks. The computer would have
a look at the world and then compute for 15 minutes and move a
meter. Then it would open its eyes, look, shut its eyes, and compute for another 15 minutes. It would move a meter blind, based
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on where it thought things were. “At the time I thought it was way
too much computation,” notes Brooks.
Brooks’s doctoral thesis was on machine vision, a classic AI
approach in which the camera would feed a computer an image.
Brooks’s program would then translate the visual scene into
symbols to be processed by a hypothetical “intelligence”—the
symbol-manipulating monarch. “The basic idea that nobody was
questioning was that you’ve got a camera, you’ve got pixels, and
you just change the pixels into a logical description of the world,”
Brooks says.
On vacation in Thailand in 1988, Brooks visited his first wife’s
family home, which stood on stilts by a river. No one spoke English,
so Brooks sat by himself, watching insects. The more he watched,
the more he began to question the symbolic AI paradigm. He
just couldn’t believe that insects were capable of forming logical
descriptions inside “that puny little head with 50,000 neurons.”
In 1990, Brooks’s “Elephants” paper explained what he playfully called “nouvelle AI.” His hypothesis was that an intelligent
system had to have its representations grounded in the physical world. “The world is the best model of itself,” as he put it.
The world is up-to-date and contains all necessary details. This
meant that Brooks’s robots would dispense with the hierarchical structure of “classical” AI, with its symbolic representation
of the world. Instead, nouvelle AI robots would possess a set of
independently designed skills. Just as a human plays basketball
and walks using the same limbs and eyes, a robot shares sensors and actuators for different skills. The skills, however, are
independent—some of them, especially the highest-level ones,
may fail without causing others to stop working.
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Reactor
Nouvelle AI. A robot should sense and then move according to
simple rules such as “Avoid collisions” or “Wander.”

Embodying this philosophy, the Brooks lab at MIT had built
an early robot called Allen in 1985, which Brooks puckishly had
named after Allen Newell, one of the early proponents of symbolic AI. Allen had three skills: avoid collisions, wander around
randomly, and go to distant objects. “Allen would happily sit in
the middle of a room until approached, and then scurry away,
avoiding collisions as it went,” remembers Brooks. “The internal
representation was that every sonar return represented a repulsive force.”
At the lowest level, Allen acted like a frightened mouse, following a primal rule: avoid hitting or being hit. What would keep
Allen from hiding in a corner? Every 10 seconds, Allen would
be told to wander randomly. Note that wandering also requires
moving wheels, in accordance with the Brooks strategy of having
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different skills use the same actuators. The collision avoidance
skill takes precedence over wandering.
In its third function, the robot used its sonar to look for distant places and try to go to them. It would measure distance
using an odometer. Like a runner trying to complete a mountain race while avoiding a slip off the edge, the robot combined
goal seeking with underlying survival skills. It seemed almost
too easy to be research. “I argue for simplicity,” says Brooks.
“Get away from hairy equations.” He contrasts that viewpoint
with the belief of some of his colleagues and critics, who think
the hairier the better. To Brooks, if you need to explain something with a lot of convoluted mathematics, the solution will be
“pretty unstable.” “I’m interested in building something that
can’t fail to work,” he says.
Rolling robots were one thing. What about walking robots
for scrambling over rough terrain? All that thinking in Thailand
would be put into play. Working with Colin Angle and Grinnell
Moore, a high school student, Brooks built a six-legged walking
robot named Genghis. “There weren’t many walking robots at
the time. Everyone else’s walking machine was big and fragile,”
remembers Brooks.
Brooks had been looking at high-speed videos of insects running. “They fall all the time and hit their metaphorical chin,” he
says. Because the strength-to-weight ratio is greater at smaller
sizes, they can afford to be really bad walkers. By contrast, a fi lly
at the Kentucky Derby can’t afford to fall—she might break a leg
and suffer a career-ending injury.
Brooks found a natural application for Genghis at the Jet Propulsion Laboratory (JPL). He started attending meetings as they
were talking about new Mars missions. JPL was promoting a
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Brooks’s walking robot Genghis, a multi-legged, low-lying device
that could afford to fall.

1,000-kilogram robot called Robbie with a big arm at the front.
It moved a centimeter a minute. JPL estimated that a mission to
send Robbie to Mars would cost about $12 billion. Brooks knew
the required funding would never come through. At a meeting,
he suggested sending a small robot instead of a big one. “I remember one of the lifers at JPL who was an instrument builder saying [as he tells the story, Brooks morphs his Aussie accent into a
southern drawl], ‘A scientist waits 15 or 20 years for a mission, he
doesn’t want a little bitty instrument—he wants a big instrument.
You can’t send a little robot—you’ve got to send a big robot!’”
Brooks proposed a compromise. Instead of sending a single
1,000-kilogram robot, send a hundred 1-kilogram robots. That
would cut the total mass down by a factor of 10 and spread the
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risk. “If you send a 1,000-kilogram robot, you have to be very
careful about what you do,” says Brooks. “If you screw up, you’ve
lost your $12 billion investment. If you’ve got 100 of them and
you lose one—big deal.”
Brooks found another benefit in the “swarm of robots” idea:
mass production. Building 100 copies of a small robot would
be cheaper than building a single 1,000-kilogram robot. But
then what do you do with 100 robots once they get to Mars?
“If you have a single 1,000-kilogram robot, you want to control
it at all times. If you have 100 [smaller robots], you can’t possibly control them; they have to be autonomous. So get over
it—make them autonomous from day one and let them out of
your control.”
In 1989, Brooks wrote a paper for the British Interplanetary Society embodying his in-your-face plan. The title of that
paper—“Fast, Cheap, and Out of Control”—was later used
in 1997 for a documentary by Erroll Morris in which Brooks
appeared, along with a topiary artist, a lion tamer, and the
world’s foremost expert on naked moles. The paper resonated
with a NASA scientist named Donna Shirley. Shirley arranged
for Colin Angle, an undergraduate at the time, to spend the summer of 1989 at the Jet Propulsion Laboratory. There Angle built
a little, half-kilogram robot called Tooth that could do many of
the things the 1,000-kilogram JPL robot Robbie could do. Rajiv
Desau and Dave Miller at JPL used the Tooth code to build Rocky
I and Rocky II, six-wheeled rovers. The current Mars rovers are
based on that design.
Inspired by that success, Brooks and the newly minted graduate Colin Angle decided to start a company for lunar and Mars
exploration. “We were going to send pairs of robots to the moon
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with advertising decals on them,” says Brooks. Eventually, Brooks
teamed up with David Scott, commander of Apollo 15. Through
Scott, Brooks became connected in 1992 to the Strategic Defense
Initiative (SDI), fondly labeled “Star Wars” by its opponents and,
under Clinton, renamed the Ballistic Missile Defense Organization. The plan was to exploit bureaucratic rivalry. The developers
of ballistic missile defense had spacecraft called Brilliant Pebbles.
The idea was that these spacecraft would locate rocket plumes
of ballistic missiles in their launch phase and then ram them
with non-nuclear mini-missiles. But by 1992, the Soviet threat
had disappeared, so the Ballistic Missile Defense Organization
needed to show off its technology in other ways.
A new plan was proposed to put a Brilliant Pebble on a vehicle called Clementine that would orbit the moon. The missile
detection instruments of the pebble would be replaced with
Brooks’s walking robot called Grendel. The pebble would land
on the moon, and the robot would do some environmental tests.
In 1993, a test run was conducted at Edwards Air Force Base. It
looked as though it could work. Interagency turf wars quickly
interfered, however. NASA protested that extraterrestrial exploration was its job, so the idea was scrapped. Brooks’s Rocky VI,
however, was sent to Mars. NASA seemed on board with the
Brooks philosophy. “They said we’re going to do it faster, cheaper,
better. We’re not going to do it the old way. We’re going to do it
smarter,” Brooks recalls. Then the next mission to Mars failed.
“Faster, cheaper, better got canned.”
Since then, Brooks’s company, iRobot, has been making
autonomous vacuum cleaners called Roombas for household
use. It also manufactures bomb-disarming robots for the military. The bioengineer Robert Full has collaborated with iRobot
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on robot construction and has revisited the insect inspiration.
After studying the movements of cockroaches and similar crawling insects with colleagues, Full determined that the legs of such
creatures could be modeled as articulated pogo sticks. Designing
moving robots this way enables them to navigate over difficult
obstacles and to move in and out of craters without a vision system and with minimal computation. Springy limbs have eliminated the need for thought in locomotion. Simplicity wins.
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