

































































and how they knew it and then convert that
information into symbols that a computer
could understand -- a give and take process
that took several years.

Chemists know that the structure of any
chemical compound depends on a number of
basic rules about how atoms bond to each
other. When they make or discover a new
compound, chemists can analyze the substance
with a mass spectrograph, which provides a
lot of data about the compound but no clues
as to the specific shape that the molecule
takes out of the millions of possible shapes
allowed by the rules of chemical bonds.

Building the right kind of "if -- then"
program to narrow the range of possibilities
was only the first major problem to be sol-
ved. The knowledge engineers had to dig out
from the chemists how the latter determined
molecular structure from the spectra and
then add these judgmental rules to the pro-
gram.

First Commercial System: Dendral

Eventually, in 1965, the interdisciplin-
ary team came up with an expert system call-
ed Dendral which was able to predict a nar-
row range of possible structures of a com-
pound from its spectral data. Dendral was
the world's first commercial expert system
and is now regularly used by organic chem-
ists. It has been further expanded to in-
clude data from other analytical techniques
such as nuclear magnetic resonance.

Mycin

In the mid-1970s, Edward Shortliffe, a
Harvard-educated premed found himself at
Stanford studying computer science and medi-
cine. His adviser was Stanley Cohen, soon

to be famous for his work on recombinant DNA.

Shortliffe produced a program -- incorpora-
ting the expertise of Cohen and physician
Stanton Axline -- that would diagnose blood
and meningitis infections and advise physi-
cians on antibiotic therapies. The program,
called Mycin, performed at the level of hu-
man specialists in infectious diseases and
above the level of general physicians. By
adding another program called Teirasias,

the system was also able to tell the consul-
ting physician the reasons for the guesses
it made.

Mycin had other problems that limited its
usefulness in clinical situations, but it
served well as a lesson in knowledge engin-
eering. In developing Mycin, researchers

found that if they removed the knowledge
base from the program -- that is, the medi-
cal information -- what they had left was a
section that contained the logic and this
section was universally applicable. You
could plug in data bases from other fields,
say geology or computer-chip design, and the
program would still work.

Inference Engine, Emycin

Researchers now call this logic portion
the "inference engine'" and they have develop-
ed a program incorporating this generalized
logic named Essential Mycin or Emycin.

IBM is now using an expert system based
on Emycin to diagnose malfunctions in comput-
er disk drives and Sacon is another Emycin-
driven system that assists structural engin-
eers in identifying the best strategy for
using a complex computer simulation program.
The ability of the inference engine to oper-
ate in several fields supports the notion
that at least some human reasoning is struc-
tural and can be duplicated by machine.

New Ventures

The development of the expert system as a
practicable proposition has touched off a
mad rush in the U.S. to move AI from the
laboratory into the marketplace. Like an-
other futuristic technology, genetic engi-
neering, the investment is being made at both
ends of the specturm -- small companies start-
ed by AI researchers themselves backed by
venture capital and large corporate giants
like ITT, General Electric, DEC and Texas
Instruments.

"Business Week'" in a recent cover story
reports that venture capitalists have in-
jected more than $100 million into some 40
small companies bent on commercializing AI.
Startups in this field tend towards science
fiction names like Teknowledge (started by a
group that included Feigenbaum in 1981), Ma-
chine Intelligence Corporation, Computer
Thought Corporation, Symbolics and Intelli-
genetics.

Optimistic analysts predict that the mar-
ket for expert systems and the software tools
needed to build them will explode from about
$20 million this year to nearly $2.5 bil-
lion by 1993. Simultaneously, a market is
developing for software that allows users to
communicate with expert systems in normal or
"natural' languages. It is expected to grow
to $1.8 billion annually by 1993.
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Assortment of Strategies

About 200 researchers in the U.S. -- 500
worldwide -- are working on developing ex-
pert systems and there are about 50 systems
in a stage of readiness. A number are now
commercially available but only half-a-dozen
actually make money for their developers.
This is because expert systems are very ex-
pensive to develop. An expert system can
take many man-years of work by knowledge en-
gineers, who are scarce, and can eat up §$1
million or more. Worse, the chances of its
performing well are difficult to predict.
Companies in the business have devised an
assortment of strategies to make their tech-
nologies attractive. A Californian start-
up company offers low-priced systems for use
on personal computers, some have made a spe-
ciality of teaching knowledge engineering to
their customers' programmers and others build
custom-tailored systems for clients.

Other vendors and would-be users pin their
hopes on the recent emergence of an industry
in expert system ''shells'. These are off-
the-shelf inference engines that users can
equip with special expertise for doing any-
thing from analyzing the course of pollution

in streams to selecting the right dinner wine.

Taylor Instruments of Rochester, New York,
uses ''shells'" from several suppliers to build
systems for controlling processing plants.

Expert System Applications

Some companies have developed systems in-
house which may have a broader market and be-
come a lucrative sideline. For example, Gen-
eral Electric has developed a program that
helps mechanics repair ailing diesel engines
on its locomotives. Although the system was
originally designed for GE mechanics, the
company now plans to offer it to other rail-
roads. GE intends to develop similar expert
systems for jet engines and digital flight
control systems.

Expert systems are today being used or
being designed for use in such disparate
fields as medical diagnosis, insurance under-
writing, credit planning in banks, prospec-
ting for minerals, production scheduling,
equipment maintenance, battlefield intelli-
gence, data analysis, spare parts ordering,
product design and what have you. '"Expert
systems can be consulted for advice,'" says
Randall Davis of MIT, '"or they can be co-
workers on a more equal footing. Or they
could be assistants to an expert. All along
the spectrum these are very useful systems."

While expert systems seem to be on a good
commercial wicket and find plenty of real
world applications, their capabilities just
barely touch the fringe of what human intel-
ligence can do. An article in "Fortune' by
Tom Alexander points out that the main con-
nection between expert systems and intelli-
gence is that most systems employ program-
ming techniques pioneered by AI researchers
trying to develop computer models of how the
mind works.

Even prominent AI researchers like Marvin
Minsky of MIT and Roger Schank of Yale con-
tend that today's expert systems are largely
based on 20 year-old programming techniques
that have merely become more practical as
computer power got cheaper.

“Brittle’”” Systems

Expert programs use languages that manip-
ulate non-numerical symbols and emulate the
deductive operations of classical logic.

But the computer still works mechanically,
manipulating arid symbols that it recognizes
but does not understand. It does not deal in
rich associations, metaphors and generaliza-
tions that language evokes in people and that
constitute the essence of meaning and thought.

The rule-bound expert system could break
down if it encountered a situation it was
not programmed for. Not knowing what it
didn't know, it would be bound to provide
misleading responses while having no idea it
had done so. For example, several expert
systems can diagnose automobile breakdowns.
They know all about ignition and fuel prob-
lems and might be a terrific help to novice
mechanics. But they would be frustrating
time wasters if the problem is, say, a stone
in the exhaust pipe. The term that AI peo-
ple use for this shortcoming is 'brittleness'.

“If a Rule Is Wrong,
the Expert System Won't Tell”’

Beau Sheil, a manager of Artificial Intel-
ligence systems with Xerox observes: "It's
extremely difficult to clone experts except
in very, very narrow, highly specified do-
mains. A limit of expert systems is that if
the rules are wrong or don't apply in this
case who tells? One thing that is sure is
that the expert system doesn't tell'.

Sheil concludes that the main applications
of expert systems will be to help specialists
manage information or point out inconsisten-
cies between their assumptions and establish-
ed knowledge. Martin Hollander, director of
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marketing with Intellicorp, sees a system
functioning best as a ''doubting Thomas' ad-
viser. '"You give the system a hypothesis,"
he says, '"and the system runs through its
rules and points out things it knows are in-
consistent'.

Common Sense

Most humans, in contrast, have the advan-
tage of common sense. They can handle the
unusual by making analogies with their ex-
periences, by extrapolating missing informa-
tion or by modifying imperfect instructions.
One of the objectives of frontline AI re-
search today is to attempt to program com-
mon sense into a computer. This is a stu-
pendous task since the knowledge base will
require acquisition and representation soft-
ware powerful enough to handle millions of
facts and tens of thousands of rules. To
get that knowledge into a computer, AI re-
searchers believe that machines must be able
to learn on their own.

How Humans Learn

Researchers have gone back and studied
how humans learn. Models of children learn-
ing geometry problems and language reveal
that we do not simply soak up knowledge like
sponges. '"'What has emerged', says psycholo-

~gist John Anderson, "is basically a set of
principles of how we learn from doing. It
turns out that we learn formal skills like
solving problems in physics and doing proofs
in geometry not by reading a textbook and
understanding the abstract principles, but
by actually solving problems in those fields.
What the textbooks don't teach you is when to
apply the knowledge and that knowing turns
out to be about three-quarters of the learn-
ing problem."

According to a theory of semantic memory
developed several years ago by M. Ross Quil-
lian at Carnegie-Mellon, the mind is an en-
ormously complicated and constantly changing
network of nodes and links. When we experi-
ence something new, like seeing an exotic
animal, we store the information and later
retrieve it through a technique called
"spreading activation''. This means that new
material is processed by being linked with
established ideas or modes. That way, the
new animal is not only classified according
to form, color, odor and behavior but also
linked to other animals and a repertoire of
feelings and recollections.

This rich network of connections in human
memory is one of the most profound differen-

ces between humans and machines. The brain's
ability to search for information through its
millions of neurons simultaneously looks
positively uncanny. 'Spreading activation
makes use of associations among ideas,'" An-
derson says, ''so that when a conversation
turns to restaurants, for instance, all the
knowledge related to the subject becomes in-
stantly available.'" Quite unlike the comput-
er the more information we have about a sub-
ject, the faster we seem to be able to re-
trieve it.

“Learning by Discovery”

Yet, human memory is less than ideal at
times. Information sometimes gets lost, be-
cause we break up experience into bits and
pieces and store them in different parts of
memory, according to Roger Schank, a profes-
sor of computer science and psychology at
Yale. But on the positive side, he notes
that breaking up of knowledge in memory al-
lows us to make better generalizations and
more useful predictions.

Douglas B. Lenat, a Stanford University
computer scientist, believes that a shortcut
to machine learning exists in what he calls
"learning by discovery'". In this method,
the computer automatically acquires both new
knowledge and the rules by which that know-
ledge is handled. To achieve it, Lenat loads
a knowledge base with an initial set of sym-
bolically expressed concepts. These are
manipulated by rules that combine the con-
cepts in various ways, then evaluate the re-
sults. Many combinations yield nonsense but
a few produce new concepts.

Analogies and Metaphors

Lenat developed an expert system called
Artificial Mathematician, which employed 100
concepts of set theory and 250 rules. By
acting on the concepts, the rules discovered
natural numbers, prime numbers, addition,
subtraction, multiplication and division.

If it is possible to discover new concepts

in this way, Lenat reasoned, then it should
be possible to discover new heuristics, since
the rules themselves are concepts. He went
on to develop an expert system called Euris-
ko, which generates and evaluates new heuris-
tics in a variety of areas. Lenat hopes to
use Eurisko to represent knowledge in such
powerful cognitive mechanisms as analogies
and metaphors, which are the basis for com-
mon sense.

The huge knowledge bases needed for com-
mon sense reasoning beget another problem:
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finding efficient ways to quickly retrieve
and update information. The trouble with
present computer designs is that operations
are performed sequentially. A machine checks
one "if'" at a time, in an "if-then'" system

to determine whether it applies to the prob-
lem at hand. When a knowledge base grows to
tens of thousands of rules, sequential search
becomes so slow that direct human interaction
with the program becomes impracticable.
Present-day solutions involve algorithms that
group rules so that only potentially pertin-
ent groups are searched. But future solu-
tions will entail new computer architectures
that will permit parallel or simultaneous
data retrieval and data processing.

Nearly 50 universities in the U.S. are
currently working on so-called parallel pro-
cessing machines in which a vast number of
micro-computer chips (each with a micropro-
cessor and its own memory bank) are linked
together to perform separate parts of a job.
At the University of Maryland researchers
have constructed a system called Zmob which
uses 256 parallel microprocessors connected
to a host minicomputer and arranged in a
high speed circular conveyor belt that al-
lows for simultaneous handling of messages.
At Columbia University a machine called
Dado is planned which will have 1,023 micro-
processors to search different parts of a
rule base simultaneously. MIT is developing
the Connection Machine which will have a
mind-boggling one million microprocessors
wired to each other.

The task is not easy. Processors, like
people working together, need to be synchro-
nized when searching for data or solving
problems. They also need to communicate, so
that two of them are not trying to do the
same operation.

Parallel Programs

Parallel machines do not make it any eas-
ier to write better AI programs. Good models
for parallel programs and code languages in
which to express them do not exist. The
greatest problem involves the absence of al-
gorithms for breaking problems into independ-
ent pieces that can be processed separately
and then put back together.

AI researchers are anxiously awaiting the
‘so-called Fifth Generation computers which
will use multiple processors to gain faster
access to their huge memory banks and per-
form tasks at much faster speeds than the
current breed of super fast computers. In
an article in "Electrotechnology', W. S. E.

Mitchell mentions that where current comput-
ers can perform 1,000 to 10,000 of the in-
ferences used in expert systems per second,
the Japanese are planning to achieve in their
Fifth Generation computers, to be ready by
the 1990s, a performance of 100 million to

1 billion inferences per second.

Another goal is to build a dataflow ma-
chine consisting of from 1,000 to 10,000
microprocessors, storage of one to 10 Giga-
bytes and a speed of from 1 billion to 10
billion instructions per second. It is with
such computers equipped with interfaces that
can accept and answer queries in natural
language that AI systems will be able to tru-
ly match human intelligence.

Knowledge Acquisition

Another problem faced in developing Al
systems is the transfer of expertise from the
specialist to the computer program. 'This
is the critical bottleneck in AI,'" says Stan-
ford's Feigenbaum. "It is the greatest re-
search problem that AI laboratories must
face and solve in the coming decade."

The present give and take interaction bet-
ween the expert and the programmer is very
time consuming. Although a knowledge engi-
neer can get the basic information from an
expert and other sources like textbooks in
a week or so, it can take many worker-years
to refine the program. Stanford's Bruce
Buchanan is working on a concept called
"knowledge acquisition'" in which the expert
would talk directly to the computer without
having to go through a programmer.

Creativity

When one hears about all that AI has ac-
complished or is going to accomplish, the
questions that naturally arise are: Will com-
puters be creative? Will they be able to
feel emotions? Marvin Minsky says there is
no substantial difference between ordinary
thought and creative thought. He believes
that we take ordinary thinking so much for
granted that we never wonder how it happens
until a particularly unusual performance
attracts attention. Then we call it genius
or creativity.

What actually seems to separate the or-
dinary thinker from the extraordinary think-
er is that the latter has learnt to be better
at learning. ' If that is all there'is to it),
Minsky says, then once we can get machines
to learn -- and learn to learn better -- one
day we might see creativity happening in ma-
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Sachitanand — Continued from page 26

chines. 1In fact, an international prize a-
mounting to a handsome sum is being offered
to the first AI program which comes up with
a mathematical concept hitherto unknown to
man.

Extension of Brainpower

Once ordinary human thinking has been pro-
grammed into a machine, Minsky believes that
even emotions will be programmable. '"It is
a mistaken idea that feeling and emotion are
deep whereas intelligence and how we get
ideas are easy to understand,'" he says. How-
ever, as Professor Raj Reddy of Carnegie-
Mellon put it in a talk at Bangalore, what
is important is not that AI techniques can
make computers fly into a rage or weep but
that they provide the means for man to ex-
tend his brainpower extragenetically, just
as he has extended his physical prowess by
artifacts.

"What you see now is the next stage of
human evolution,'" he says. Edward Feigen-
baum also sees the coming of a new age. ''We
humans are very good at converting sensory
signals to cognitive signals and at solving
problems that require common sense. But in
the face of large amounts of data we quail:
we are unsystematic and forgetful, grow
bored and get distracted. Writing and book
technology helped us overcome some of these
problems; interactive smart computers will
help some more. We should give ourselves
credit for having the intelligence to recog-
nize our limitations and for inventing a

technology to compensate for them."
Q

Editorial — Continued from page 6

As we read over this list, we observe
that not a single one of these abilities is
beyond the power of a computer appropriately
programmed. In fact, if we consider the con-
text of game-playing, the world champion in
checkers is a computer program, the world
champion in backgammon is a computer program,
and the best computer chess programs today
play better than 95 percent of human chess
players who are members of chess clubs.

So the answers to our questions are:

1. Artificial intelligence is remarkably
real intelligence.

2. Real intelligence includes thousands
of instances of artificial intelli-
gence.

3. Machines are already more intelligent
than great numbers of human beings.

4. But human beings have great capacities
of intelligence that machines do not
yet have, and may not have for

centuries.
Q

CACBOL - Continued from page 2

A Distributed Implementation of Functional
Program Evaluation / Joe Fasel / Los Alamos
National Lab.

Intelligent Job Aids: The Use of Small Ex-
pert Systems in Business / Phil Harmon /
Consultant

Expert Systems with Intangible Output /
James H. Johnson / Human Edge Software

Extension of the Relational Data Model for
Knowledge Base Management / David Hartzband
/ Digital Equipment Corp.

(Source: announcement of conference by Tower
Conference Management Co., 331 W. Wesley St.,
Wheaton, IL 60187)

10 APHORISMS (List 850502)
Incompetents often employ capable assistants.
Don't ask a barber whether you need a shave.

If the facts don't fit the theory, it may
well be that the facts should be steam-
rollered.

If something seems to be doubtful, it is pos-
sible to make it sound convincing.

It is not wise to count your songbirds, until
each one sings.

If it looks easy and quick, it is difficult
and slow. If it looks difficult and slow,
it is close to impossible.

Some ideas cannot be thought by the human
mind.

Fortunate is he who expects nothing, for he
shall not be disappointed.

No experiment is ever a complete failure, if
it is looked at from a sufficiently broad
point of view.

Nothing will be attempted if all possible ob-
jections must first be overcome.

(Source: Neil Macdonald's notes.) Q
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McGhee — Continued from page 16

one microprocessor per leg, at least one cen-
tral co-ordination computer, and probably a
completely independent fault detection and
fault correction computer will be included
to provide safety for the men and the ma-
chine. The whole thing will, we hope, tra-
vel at something like 5-8 miles per hour.
The speed may not be impressive, but we hope
its mobility will be.

I believe that we understand the co-ordin-

ation problem quite thoroughly. On the other
hand we do not know exactly how decision-
. making should be apportioned between the man
and machine. That is, we do not understand
the logical level as thoroughly as we under-
stand the geometric or kinetic levels.

But there is another problem which is
really serious. There is a curve derived
from work done 30 years ago by Gabrielli and
von Karman and shows that for all known modes
of transportation there is a kind of an
asymptote along that line which relates top
speed to specific power. The vertical axis
shows the size of the engine per ton requir-
ed in a vehicle, beginning with 0.1 horse-
power per ton and going up to 2000 horse-
power per ton. As the speed goes up, of
course the power requirement goes up., And
it is interesting to note that (to no-one's
surprise) horses are very efficient. A horse
can move a ton with a little less than one
horsepower or a little more than a horse-
power, depending upon how fast he is moving.
He is much more efficient than a human being.
If you want to get around efficiently, ap-
parently it is better to use four legs than
two. Human beings require roughly three or
four times more energy than horses. They
are not able to go as fast and are not able
to travel as efficiently. We are still very
much better than tracked vehicles for off-
road locomotion. Tracked vehicles require
roughly 10 to 20 times more horsepower per
ton than a horse. A tank requires several
hundred horsepower and weighs tens of tons.
Walking machines are still further up. Des-
pite their adaptability, the energy costs
are unacceptable. So a major challenge to
us, and half of our program at my university,
involves moving the walking machines' curve
downward on the graph. The mechanical en-

gineers think they know how to do it.
Q

THE JOY OF
COMPUTER CHESS

by David Levy, 1984, 129 pp
published by

Prentice-Hall, Inc.

Englewood Cliffs, NJ 07632
hardcover, $14.95; paperback, $7.95

(Excerpts from this important book appear in
this issue of ““Computers and People” beginning
on page 11.)

This excursion into artificial intelligence de-
scribes all the principles of chess programming —
with examples from actual games — so everyone
can understand them. It explains how chess com-
puters are programmed, including ways to repre-
sent pieces, generate and evaluate moves and per-
form quick searches so that the computer can cal-
culate a move’s outcome.

You’'ll also learn many facts and techniques
that will help you get the most from a chess com-
puter:

— insight into its current strengths and
weaknesses

— how to use the chess computer to rate,
monitor and improve your game

— exhaustive advice on what to look for
when buying a chess computer

— analysis of some of the best man-versus-
computer games ever played

— and much more.

In 1968, David Levy, International Master and
professional chess writer, bet four colleagues that
he would not lose a match against a chess com-
puter for the next ten years. In 1978 he played
his final match against the then world champion
computer program called Chess 4.7 and won.

Levy is now chairman of Intelligent Software Ltd.,
in London, England, and has written innumerable

magazine articles and more than 30 books, includ-
ing 5 on computer chess.

To order “The Joy of Computer Chess’’, send
check or money order for the price (hardcover,
ISBN 0-13-511627-9, $14.95; paperback, ISBN
0-13-511619-8, $7.95), plus $1.50 for postage and
handling, to Prentice-Hall, Inc., Englewood Cliffs,
NJ 07632.
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