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low yield (only a fraction of usable chips results from initial produc-
tion) and the need to recover research, design, and development costs.
The price of chips follows a “learning curve,” a drop-off in cost as a
function of the number of chips fabricated. Memory is the prime
example: the cost per bit of memory storage has dropped by a factor
of ten every five years for thirty-five years running, yielding a cost that

is one ten-millionth that of the 1950 price—one one-hundred mil-

lionth after adjustment for inflation! Since the processors of a
massively parallel computer are mass-produced, as memory chips
are, the cost of a given amount of processing power for parallel
machines should drop as rapidly as the cost of memory—that is, very
rapidly indeed.

The cost of computer systems involves, of course, both hardware
and software. How is one to program a machine with tens of
thousands or perhaps millions of processors? Clearly, human pro-
grammers cannot afford the time or the money to write a program for
each processor. There seem to be two practical ways to program such
machines. The first, which has been in most use to date, is to write a
single program and have each processor execute it in synchrony, each
processor working on its own portion of the data. This method is
“data-level parallelism.” A second way is to program learning
machines that can turn their experiences into a different code or data
for each processor.

Research in machine learning has grown dramatically during the
last few years. Researchers have identified perhaps a dozen distinctly
different learning methods.’® Many massively parallel learning
schemes involve the connectionist, or neural net, models mentioned
earlier. Connectionist systems have usually been taught with some
form of supervised learning: an input and a desired output are both
presented to a system, which then adjusts the internal connection
strengths among its neuronlike units so as to closely match the
desired input-output behavior. Given a sufficiently large number of
trials, generally on the order of tens of thousands, such systems are
able to learn to produce moderately complex desired behavior. For
example, after starting from a completely random state and being
trained repeatedly with a 4,500-word data base of sample pronun-
ciations, a system called NETtalk was able to learn to pronounce
novel English words with fairly good accuracy.?®
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The central problem to be solved in connectionist and society-of-
mind learning research is the “credit assignment problem,” the
problem of apportioning simple rewards and punishments among a
vast number of interconnected neuronlike computing elements. To
show the relevance of this problem to the ultimate goals of AL I will
couch the problem in terms of the “brain” of a robotic system that we
hope will learn through its experiences.

Assume a large set (perhaps billions) of independent neural-like
processing elements interconnected with many links per element.
Some elements are connected to sensors, driven by the outside world;
others are connected to motor systems that can influence the outside
world through robotic arms and legs or wheels, which generate
physical acts, as well as through language-production facilities, which
generate “speech acts.” At any given time a subset of these elements
is active; they form a complex pattern of activation over the entire
network. A short time later, the activation pattern changes because of
the mutual influences among processing elements and sensory inputs.

Some activation patterns trigger motor actions. Now and then
rewards or punishments are given to the system. The credit assign-
ment problem is this: which individual elements within the mass of
perhaps trillions of elements should be altered on the basis of these
rewards and punishments so the system will learn to perform more
effectively—that is, so the situations that have led to punishments can
be avoided in the future and so the system will more often find itself
in situations that lead to rewards?

The credit assignment problem has at least two aspects. The
simpler is the static credit assignment problem, in which rewards and
punishments occur shortly after the actions that cause them. Such
systems receive instant gratification and instant negative feedback.
The static credit assignment problem has been found reasonably
tractable: units that are active can be examined, and those that have
been active in the correct direction have their connections with action
systems strengthened, while those that have been inappropriately
active have their connection strengths reduced. If the reward or
punishment occurs substantially after the fact, however, we have a
temporal credit assignment problem, which is significantly more
difficult. To solve this problem, a system must keep memories of the
past states through which it has passed and have the capacity to
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analyze and make judgments about which earlier states were respon-
sible for the rewards and punishments. Progress on the temporal
credit assignment problem has been promising, but much remains to
be done before it can be considered solved.?°

‘In my estimation, these learning methods will only be suitable for
producing modules of an overall intelligent system. A truly intelligent
system must contain many modules. It seems very unlikely that the
organization of an entire brain or mind could be automatically
learned, starting with a very large, randomly interconnected system.
Infants are highly organized at birth. They do not, for instance, have
to learn to see or hear in any sense that we would recognize as
learning, Their auditory and visual systems seem already organized to
be able to extract meaningful units (objects, events, sounds, shapes,
and so on). Elizabeth Spelke and her research associates have found
that two-month-old infants are able to recognize the coherence of
objects and that they show surprise when objects disappear or
apparently move through each other.?! At that age they cannot have
learned about the properties of objects through tactile experience. It
is not too surprising that such abilities can be “prewired” in the
brain: newborn horses and cattle are able to walk, avoid bumping
into objects, and find their mother’s milk within minutes of birth. In
any case, the necessity for providing intelligent systems with a priori
sensory organization seems inescapable. On what other basis could
we learn from scratch what the meaningful units of the world are???

THE FUTURE OF ARTIFICIAL INTELLIGENCE

Any extrapolation of current trends forces one to conclude that it will
take a very long time indeed to achieve systems that are as intelligent
as humans. Nevertheless, the performance of the fastest computers
seems destined to increase at a much greater rate than it has over the
last thirty years, and the cost/performance figures for large-scale
computers will certainly drop.

The effect of a great deal more processing power should be highly
significant for Al. As claimed earlier, current machines probably have
only one four-millionth the amount of computing power that the
human brain has. However, it is quite conceivable that within about
twenty-five years we could build machines with comparable power
for affordable prices (for the purposes of this argument, let an
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affordable price be $20 million, the cost of today’s most expensive
supercomputer).

The Connection Machine system, currently probably the fastest in
the world, can carry out the kinds of calculations we think the brain
uses at the rate of about 3.6 X 10 bits a second, a factor of about
twenty million away from matching the brain’s power (as estimated
by Jack Schwartz in his article in this issue of Dadalus). One may
build a more powerful Connection Machine system simply by
plugging several of them together. The current machine costs about
$4 million, so within our $20 million budget, a machine of about five
times its computing power (or 1.8 X 103 bits per second) could be
built. Such a machine would be a factor of four million short, The
stated goal of the DARPA (Defense Advanced Research Projects
Agency) Strategic Computing Initiative is to achieve a thousandfold
increase in computing power over the next ten years, and there is
good reason to expect that this goal can be achieved. In particular,
the Connection Machine system achieves its computation rates
without yet using exotic materials or extreme miniaturization, the
factors that have enabled us to so dramatically speed up traditional
computers. If a speedup of one thousand times every ten years can be
achieved, a computer comparable in processing power to the brain
could be buiit for $20 million by 2012.

Using Schwartz’s estimates, we find that the total memory capacity
of the brain is 4 X 10'® bytes. The current Connection Machine can
contain up to two gigabytes (2 X 10° bytes). In today’s computer
world, two gigabytes of memory is considered a large amount, yet
this is a factor of twenty million short, or a factor of four million
short for a system with five Connection Machines.

At today’s prices, two gigabytes of memory costs roughly $1
million, so to buy enough memory to match human capacity would
cost on the order of $20 trillion, roughly ten times our current
national debt. Given its long-term price decline of roughly a factor of
ten every five years, the cost of 4 X 10 bytes of memory will be in
the $20 million range within thirty years, so that the time at which we
might expect to build a computer with the potential to match human
intelligence would be around the year 2017.* As suggested earlier,

‘Wcll befpre the 2017 date, however, mass storage devices (disk units and other storage media)
will certainly be capable of storing this much material at an affordable price.
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however, building the hardware may be the easiest part; the need to
untangle the mysteries of the structure and functioning of the mind,
to gather the knowledge both innate and learned, and to engineer the
software for the entire system will probably require time that goes
well beyond 2017. Once we have a piece of hardware with brain-level
power and appropriate a priori structure, it still might take as long as
the twenty years humans require to reach adult-level mental compe-
tence! More than one such lengthy experiment is likely to be required.

What could we expect the intelligence of such powerful machines
to be like? Almost certainly they will seem alien when compared with
people. In some ways such machines will eclipse maximum human
performance, much as pocket calculators outperform humans in
arithmetic calculation. The new machines may have perfect recall of
vast quantities of information, something that is not possible for
people. (While humans apparently have vast amounts of memory, we
are quite poor at the literal memorization of words, images, names,
and details of events.) Unless deliberately programmed in, such
machines would not have a repertoire of recognizable human emo-
tions. Nor would they have motivation in any ordinary human sense.
Motivation and drive seem to be based on innate mechanisms
developed over eons of evolution to ensure that we make species-
preserving decisions—to avoid pain, continue to eat and drink, get
enough sleep, reproduce, care for our young, act altruistically (espe-
cially toward relatives and friends)—without requiring that we
understand that the real reason for carrying out these actions is
species preservation.?? (It is, however, quite possible that it will prove
useful to endow machines capable of problem solving and learning
with the ability to experience some analogues of frustration, pleasure
at achieving a goal, confusion, and other such emotion-related
attitudes toward emergent phenomena in order that they can gener-
ate useful abstractions for deciding when to abandon a task, ask for
advice, or give up.)

Al researchers can grasp the opportunity to build human:level
intelligent machines only if they find ways to fill prodigious quantities
of memory with important material. They will be able to do so only
if Al can produce adequate sensory systems (for hearing, vision,
touch, kinesthesia, smell, and taste). With sensory systems, Al
systems will for the first time be able to learn from experience. Such
experience may initially be little more than rote memory—that is,
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storing records of the partially digested sensory patterns seen by the
system. Yet, as argued earlier, the storage of vast amounts of
relatively literal material may be a key to intelligent behavior. The
potential for artificial intelligence depends on the possibility of
building systems that no longer require programming in the same
sense that it is now required. Then we could overcome the tendency
of systems development to be very slow because of software engi-
neering difficulties.

There is also the question of what kind of “body” such an
intelligence must be embedded in for it to really understand rather
than to merely simulate understanding. Must the machine be wired to
have emotions if it is to understand our human emotional reactions?
If a machine were immortal, could it understand our reactions to our
knowledge of our own mortality? Intelligent machines might be
cloned by simply copying their programming or internal coding onto
other identical pieces of hardware. There is no human analogue to a
machine that would have experience as a unitary entity for an
extended period and then, at some point during its “lifetime,”
suddenly become many separate entities, each with different experi-
ences. Exactly what kind of intelligence this would be is therefore an
open question.

SUMMARY

We are nearing an important milestone in the history of life on earth,
the point at which we can construct machines with the potential for
exhibiting an intelligence comparable to ours. It seems certain that we
will be able to build hardware that is a match for human computa-
tional power for an affordable price within the next thirty years or so.
Such hardware will without doubt have profound consequences for
industry, defense, government, the arts, and our images of ourselves.

Having hardware with brain-level power will not in itself, how-
ever, lead to human-level intelligent systems, since the architecture
and programs for such systems also present unprecedented obstacles.
It is difficult to extrapolate to future effects from the rate of progress
that has been made to date. Progress has been very slow, in part
because the computational models that have been used have been
inappropriate to the task. This inappropriateness applies most criti-
cally to the problem of learning. Without learning, systems must be
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handbuilt. We don’t know how closely we must match human brain
details to foster appropriate learning and performance. With the right
architectures, it is likely that progress, both in the building of
adequately powerful hardware and in programming sucb hardware
(by teaching), will accelerate. I believe that the construction of truly
intelligent machines is sufficiently likely to justify beginqlng study and
policy planning now. In that way we can maximize their benefits and
minimize their negative effects on society.
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