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INTRODUCTION



FOREWORD

During the summer of 1987, I commissioned a group of technical advisors to define a Defense Ad-
vanced Research Projects Agency (DARPA) imitiative in neural networks. The group consisted of Steven
Andriole, George Mason University; Harris Eisenhardt, DARPA consultant; Lee Giles, Air Force Office
of Scientific Research; Alfred Gschwendtner, MIT/Lincoln Laboratory; and Peter Kemmey, DARPA.

It was recommended by the group, initially, that DARPA issue a call for position papers on potential
research and application topics. After this solicitation as a Broad Area Announcement (a DARPA vehicle
for expressions of interest), and prior to an overwhelming response of almost 300 papers, it was further
suggested to me by Al Gschwendtner that DARPA sponsor a national study on neural networks.

The motivations for a national study were manifold. During the summer of 1987, a meeting in San
Diego on neural networks attracted almost 2,000 participants and attendees. In fact, numerous meetings
were springing up and attracting many enthusiasts. During this same period, the whole field of artificial
intelligence was undergoing a serious re-examination, and by some it was perceived that neural networks
might be just a re-packaging of old ideas and promises; others perceived that neural networks represented
the dawn of a new era in computers. In addition, the various Services of the Department of Defense (DoD)
were initiating a variety of neural network projects and, of course, Europe and Japan began touting their
own national programs. The United States had no national perspective and it was, therefore, recommended
that DARPA undertake a leadership role in evaluating the status and promise of neural networks and
possibly establishing a national research program.

Toward that end, MIT/Lincoln Laboratory was directed by DARPA to establish a Terms of Reference
to guide the Study and to assist DARPA in the overall management and execution of the effort (this and
other details of the Study are discussed in the Introduction to the Neural Network Study Technical Report
that follows). The Study was initiated with a two-day symposium at Lincoln Laboratory, where national
experts in various aspects of neural network research were invited to present their views.

This symposium emphasized what we had found out in preparing for the Study - - that there are many
different and even conflicting views of what neural networks are, what they can do, and how they should
be implemented. During the course of the Study, we examined these diverse views and attempted to shed
light on the issues.

After participating in this Study, my personal view is that neural networks will provide the next major ad-
vance in computing technology. Over the history of computing science, two advances have matured: high-
speed numerical processing and knowledge processing (artificial intelligence). Neural networks seem to
offer the next necessary ingredient for intelligent machines — namely, knowledge formation and organiza-
tion.

I would like to thank all of those who participated in the Study’s Panels, the Study Panel chairmen, and
members of the steering committee for their dedicated efforts in conducting the Study and their hard work
in producing this report.

The many pages that follow comprise a thorough review and assessment of the state of neural network
research and development, chiefly in the United States, in late 1987 and early 1988; they take into account
not only the enthusiastic visions of those committed to the promise of neural networks, but the critical
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questioning of those who are willing to acknowledge the limited scope of past and current neural network
research efforts. This Technical Report of the DARPA Neural Network Study is, therefore, a valuable
sourcebook for anyone interested in neural networks and it is proffered in the spirit of scientific inquiry.

Dr. Jasper Lupo

Defense Advanced Research Projects Agency
Washington, DC

June, 1988



STUDY DIRECTOR’S OVERVIEW

The beginnings of a science of neural networks can be traced back to ancient times, but the modem
forms of this subject began with the work of McCulloch and Pitts in 1943. They were the first to show
that Boolean operations could be performed using “neural” elements modeled after living neurons. A
great deal of work has followed and continues, with acceleration, to this day. Hundreds of workers in
the U.S., an equivalent number in Europe, an many hundreds more in Japan and the rest of the world are
currently active in the field.

Various agencies of government in the U.S., including DARPA, have begun to fund neural network
research at low levels. Industrial companies have begun working on the subject using internal funds.

Workers in many companies have formed spontaneous neural net groups to meet during lunch times
and at off hours to discuss and do research on neural networks, not as a part of company business. At
many universities, students have formed seminar groups on neural networks to hear invited speakers and
to discuss their own research ideas, hoping that they will have the opportunity and the financial support
to pursue Ph.D. research in neural nets.

Under the leadership of Stephen Grossberg in the U.S., Teuvo Kohonen in Finland, and Shun-Ichi
Amari in Japan, the International Neural Network Society was formed in the Spring of 1987. Their journal
Neural Networks has just appeared, Vol. 1, No. 1, 1988. The “IEEE First International Conference on
Neural Networks” was held during June 21-24, 1987. Hundreds of papers were presented in oral and
poster sessions. Approximately 2,000 peopled attended. An IEEE “Conference on Neural Information
Processing Systems - Natural and Synthetic” was held November 8-12, 1987 in Denver, with about 750
attendees. It was an excellent scientific meeting. The IEEE Second International Conference on neural
networks will be held during July 1988 in San Diego, and the first Conference of the International Neural
Network Society (INNS) will be held in Boston on September 6-10, 1988. Six of the IEEE Societies are
co-sponsors of the INNS meeting. Financial support has come from the National Science Foundation,
DARPA, and many other governmental agencies. It is anticipated that it will be well attended and will be
a fine technical success.

The field of neural networks exists. Its emergence has met with mixed reactions, however. Publicity,
venture capital, and hyperbole has accompanied the solid achievements of the field. Among scientists,
the presence of hype and extravagant claims casts a dark shadow and makes the work controversial in
scientific circles and amongst the world at large.

Why does this field attract hype? I think that answer is this. Neural network scientists are talking about
modeling the human brain and its parts, about gaining an understanding of how the brain works. Others
in the field are talking about building new and unusual forms of computers having brain-like capability
and being constructed of brain-like parts. The ongoing work is good and serious, being done by scientists
who are facing problems of profound intellectual interest, and problems of enormous technical difficulty.
Some results have been achieved and the field is beginning to show “signs of life.” However, work of this
type often seems to be sensational and hype unfortunately results. How to evaluate and appraise the work
is not easy.

For many years, DARPA has been a great leader in developing the most advanced computer and com-
munications technologies in the U.S. From an historical perspective, it is natural for DARPA to have a



strong interest in neural networks. Involvement is difficult, however, in the presence of hype. The field has
to prove its worthiness, and this requires demonstration that neural networks can solve certain important
difficult problems in a unique and superior way.

To ascertain and appraise the state of neural network research and applications, this Study was under-
taken by DARPA. The Study began on October 8, 1987 and ended on February 26, 1988. Because of the
tight time schedule, the Study was primarily addressed to work in the U.S. Hundreds of neural network
researchers and practitioners were interviewed by the various panelists, who were flown all over the US to
accomplish this task. Logistics, organization, and support were supplied by MIT/Lincoln Laboratory staff
and scientists under the able supervision of Al Gschwendtner. Representatives of every school of thought
in neural networks were consulted. If we succeeded, this Report will be a fair and balanced representation
of neural networks — 1988, in the U.S.A.

Prof. Bernard Widrow, Study Director
Palo Alto, CA
February, 1988
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1. NEURAL NETWORK STUDY AND THE TECHNICAL REPORT

The Neural Network Study, sponsored by the Tactical Technology Office of the U.S. Defense Advanced
Research Projects Agency (DARPA/TTO), was conducted under the auspices of the Massachusetts Insti-
tute of Technology’s Lincoln Laboratory (MIT/LL) from October, 1987 through February, 1988. Its formal
objectives were several:

e To identify potential applications for neural networks in Department of Defense
(DoD) systems,

e To determine the current neural network technology base,
e To identify technology requirements, and

e To identify a DoD program plan for the next five years.

1.1 STRUCTURE OF THE STUDY

The Study’s Terms of Reference were formalized before its initiation in October 1987 (see Figure 1-1).
The Terms mandated the organization and management of an in-depth Study comprised of government,
industry, and academic participants, with particular attention to theory, technology, and applications.

The Study began on October 8, 1987 at Lincoln Laboratory with a two-day technical symposium. After
the nature and purpose of the Study was explained, symposium participants - who together constituted a
significant number of the fledgling neural network community’s leading proponents and many of whom
served on the Study’s various panels or its steering committee — were introduced to the Study’s director
and offered a thorough technical review of the neural network field. This review was the Study’s starting
point. (The symposium agenda can be found in Figure 1-2.)

In order to achieve the objectives of the DARPA Neural Network Study, and in accord with the Terms
of Reference, five working panels mandated to conduct the activities of the Study were formed, each
with a chairman and an MIT/Lincoln Laboratory scientist serving as associate. In addition, a sixth panel
was created to produce a program plan; its membership included the chairmen and associates of the five
working panels as well as several consultants. The panels included:

e Panel 1: Intelligent Systems — Status and Expectations (later informally renamed
Technology Assessment), which was chaired by Dr. Edward Posner, California
Institute of Technology; Dr. Thomas Goblick served as the MIT/Lincoln Laboratory
associate.

e Panel 2: Adaptive Knowledge Processing, which was headed by Dr. John Pearson
of SRI; the MIT/LL associate was Dr. Richard Lippmann.

e Panel 3: Simulation/Emulation — Tools and Techniques, which was led by Dr.
Andrew Penz, Texas Instruments, with Dr. Paul Kolodzy acting as the MIT/LL
associate.



(1) ORGANIZE AND MANAGE AN IN-DEPTH STUDY OF
NEURAL NETWORKS AND THEIR APPLICATION TO
DoD SYSTEMS. PARTICIPATION WILL INCLUDE
REPRESENTATIVES FROM GOVERNMENT, INDUSTRY
AND UNIVERSITIES

THE STUDY WILL CONSIST OF A STEERING GROUP, A
STUDY DIRECTOR AND FIVE TECHNICAL PANELS. A
SIXTH PANEL WILL BE FORMED EARLY IN THE STUDY
TO DEVELOP A PROGRAM PLAN FOR DARPA

THE FIVE TECHNICAL PANELS WILL BE DESIGNATED

(2)

(3)

(4)

AS

1.
2.
3.
4.

5.

FOLLOWS:

INTELLIGENT SYSTEMS — STATUS AND EXPECTATIONS
ADAPTIVE KNOWLEDGE PROCESSING — THEORY
SIMULATION/EMULATION — TOOLS AND TECHNIQUES
SYSTEMS APPLICATIONS

ADVANCED IMPLEMENTATION TECHNOLOGY

A FINAL STUDY REPORT WILL BE PREPARED WHICH
WILL INCLUDE AN EXECUTIVE SUMMARY WITH
BRIEFING CHARTS, SUMMARY REPORTS OF THE
TECHNICAL PANELS AND A PROGRAM PLAN

Figure 1-1. DARPA Neural Network Study Terms of Reference.
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MASSACHUSETTS INSTITUTE OF TECHNOLOGY

LINCOLN LABORATORY
LEXINGTON, MASSACHUSETTS 02173-0073

AGENDA
0900 - 0905
0905 - 0915
0915 - 1015
1015 - 1045
1045 - 130
1130 - 1215
1215 - 1300
1300 - 1345
1345 - 1430
1430 - 1515
1515 - 1530
i530 - 1615
1615 - 1700
0900 - 0945
0945 - 1030
1030 - 1045
1045 - 1130
1130 - 1215
i215 - 1300
1300 - 1345
1345 - 1530

DARPA NEURAL NETWORK STUDY SYNPOSI1UM

Room A-166
Thursday - 8 October 1987

Welcome

Study Introduction

Theory & Applications of Layered Neural
Networks - Past & Future

Break

Neural Mechanisms for Processing Visual
Information

The Interface between Neuroscience and
Computer Science

Lunch

Neural Network Architectures for Vision

Neural Networks and Combinatorial
Optimization

Neural Networks for Optimization Problems

Break

Optical Ilmplementation of Neural Networks

Electronic Circuits for Neuromorphic Systems

END OF FIRST DAY
Friday - 9 October 1987
Neurally Inspired Networks
Analyzing the Hidden Units in Multilayered
Neural Networks
Break
Invariants of Neurai Networks for Adaptive
Pattern Recognition and Robotics
Neural Networks in Real World Applications:
Biological and Computational Constraints
Lunch

Massive Parallelism in Nature and Computer
Science

Study Organization and Objectives

END OF SYMPOS1UM

¥. Morrow
MIT/Lincoln Laboratory

J. Lupo
DARPA/TTO

B. Widrow
Stanford University

D. Hubel
Harvard Medical School

E. Schwartz
NYU Brain Research

S. Grossberg
Boston University

J. Barhen
Oak Ridge National Lab

D. Tank
Bell Laboratories

B. Soffer
Hughes Research Lab

J. Raffel
M1T/Lincoln Laboratory

D. Rumelhart
Stanford University

T. Sejnowski
Johns Hopkins

G. Carpenter
Northeastern University

L. Cooper
Brown University

J. Feldman
Univ. of Rochester

A. Gschwendtner
MIT/Lincoln Laboratory

Figure 1-2. DARPA Neural Network Study Symposium Agenda.



e Panel 4: System Applications, which was chaired by Dr. Jon Leonard of Hughes
Aircraft Co.; the MIT/LL associate was Dr. Michael Holz.

o Panel 5: Advanced Implementation Technology, which was chaired by Dr. Demetri
Psaltis, California Institute of Technology; Dr. Jay Sage served as the MIT/Lincoln
Laboratory associate.

The full membership of each of the panels is shown in Figure 1-3.

Dr. Jasper Lupo, of DARPA’s Tactical Technology Office, was the Study sponsor. Walter Morrow Jr.,
Director of Lincoln Laboratory, chaired the Study’s Steering Committee, whose membership included: Dr.
Robert Fossum, Dr. George Heilmeier, and Dr. Steven Lukasik, ex-directors of DARPA who provided
significant insights into the historical role played by DARPA in the development of computer science over
the past two decades as well as guidance for the potential use of neural networks as a part of future com-
puter systems; Nobel laureate Professor David Hubel, who has made major contributions to knowledge
about vision and represented the important area of biological science within the neural network commu-
nity; and representatives of industry, universities, the armed services, and the Department of Defense (see
Figure 1-4). This committee periodically reviewed the work of the Study’s panels and offered comment
and direction.

Professor Bernard Widrow of Stanford University served as the Study Director. He was supported by
several well-known technical consultants, including: Nobel laureate Professor Leon Cooper of Brown
University, who shared the prize for the theory of superconductivity and has since become a leading pro-
ponent of neural network research and development; Professor Stephen Grossberg of Boston University,
who has contributed greatly to the mathematical foundations of neural networks over the past two decades;
and Professor Gail Carpenter of Northeastern University (See Figure 1-5).

The Study’s participants maintained a rigorous schedule, meeting almost daily for a period of five
months at its own facility in Bedford, MA and at a variety of other sites around the U.S. Members of
the Study’s panels listened to some 250 formal presentations and conducted several workshops. Among
others, they heard from Professor Marvin Minsky of MIT in an Al workshop and from Nobel laureates
Professor Gerald Edelman and, before his death, Professor Richard Feynman. Professor Edelman has
developed a novel approach to neural networks based on the principle of neuronal group selection from
his Nobel Prize winning work in genetics. Professor Feynman, with his inexhaustible interest in and en-
thusiasm for novel scientific approaches, raised three important questions that were repeated throughout
the Study:

1. What good are neural networks?
2. How do you know that?

3. What other techniques are there to achieve the same objectives and how well do
they work?

Former DARPA director Dr. Robert Cooper reviewed the history of the Strategic Computing effort and
offered some sound advice conceming how the Neural Network Study should proceed. (See Figure 1-6.)
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PANEL 1

INTELLIGENT SYSTEMS —
STATUS & EXPECTATIONS

Edward Posner, JPL — Chairman
Thomas Goblick, MIT/LL — Associate

John Daugman, Harvard University
Bart Kosko, Verac

A.F. Lawrence, Hughes Aircraft
Tomaso Poggio, MIT

Oliver Selfridge, GTE Laboratories
David Waltz, Thinking Machines, Inc.
Allen Waxman, Boston University

PANEL 3

SIMULATION/EMULATION
TOOLS & TECHNIQUES

Andrew Penz, TI — Chairman
Paul Kolodzy, MIT/LL — Associate

Michael Cohen, Boston University
Charles Elbaum, Brown University
Knut Kongelbeck, Hughes Aircraft
Martin Fong., SRI

Robert Hecht-Nielsen, HNC

Mike Myers. TRW

Douglas Palmer, HNC

Mark Watson, SAIC

PANEL 2

ADAPTIVE KNOWLEDGE PROCESSING

John Pearson, SRI — Chairman
Richard Lippmann, MIT/LL — Associate

Richard Andersen, MIT

Yaser Abu-Mostafa, CALTECH
Andrew Barto, U. Mass./Ambherst
Jerome Feldman, Rochester University
Edward Finn, Georgetown University
Michael Kuperstein, Wellesley College
Ennio Mingolla, Boston University
John Moody, Yale Computer Science
Eric Schwartz, NYU Brain Research
Richard Sutton, GTE Laboratory
Ronald Williams, Northeastern

PANEL 4
SYSTEMS APPLICATION

Jon Leonard, Hughes — Chairman
Michael Holz, MIT/LL — Associate

Patrick Castelaz, Hughes Aircraft

Mark Coy. US ARMY/ETDL

William Dress, Oak Ridge National Lab
Charles Elbaum, NESTOR

Lynn Garn, Ctr. for Night Vision & EO
Edward Gliatti, Wright Patterson AFB
Ted Hoff, Consultant

William Miceli, ONR

Doyce Satterfield, USASDC

Charles Wagner, Wright Patterson AFB
Charles Woods, RADC

Figure 1-3. DARPA Neural Network Study Participants.



PANEL 5
ADVANCED IMPLEMENTATION TECHNOLOGY

Demetri Psaltis, CALTECH — Chairman
Jay Sage, MIT/Lincoln Laboratory — Associate

Joshua Alspector, Bell Communications
Dana Anderson, University of Colorado
Dean Collins, Texas Instruments
Arthur Fisher, Naval Research Lab
Hans Graf, AT&T Bell Laboratories

Ted Hoff, Consultant

B. Keith Jenkins, USC

Greg Nash, Hughes Research Lab

Anil Thakoor, Jet Propulsion Lab
Bernard Soffer, Hughes Research Lab

PANEL 6
PROGRAM PLAN

Bernard Widrow, Stanford University
Al Gschwendtner, MIT/Lincoin Laboratory

Yaser Abu-Mostafa, CALTECH Richard Lippmann, MIT/Lincoln Lab
Gail Carpenter, Northeastern University William Miceli, ONR

Leon Cooper, Brown University John Pearson, SRI, David Sarnoff Ctr.
Thomas Goblick, MIT/Lincoln Lab Andrew Penz, Texas Instruments
Steven Grossberg, Boston University Ed Posner, Jet Propulsion Lab

Ted Hoff, Consultant Demetri Psaltis, CALTECH

Michael Holz, MIT/Lincoln Lab David Rumelhart, Stanford University
John Hopfield, CALTECH Jay Sage, MIT/Lincoln Lab

Paul Kolodzy, MIT/Lincoln Lab
Jon Leonard, Hughes Aircraft

Figure I-3. Continued.
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SPONSOR STEERING

J. LUPQ —— W. MORROW, JR., CHAIRMAN
DARPA/TTO MIT/LINCOLN LABORATORY

TECHNICAL CONSULTANTS

STUDY DIRECTOR

B. WIDROW
STANFORD UNIVERSITY

. INTELLIGENT SYSTEMS —
STATUS EXPECTATIONS

. POSNER, JPL CHAIRMAN

. GOBLICK, MIT/LL ASSOCIATE

. ADAPTIVE KNOWLEDGE
PROCESSING

. PEARSON, SRI CHAIRMAN

. LIPPMANN, MIT/LL ASSOCIATE

. SIMULATION/EMULATION —
TOOLS AND TECHNIQUES

. PENZ, T CHAIRMAN

. KOLODZY, MIT/LL ASSOCIATE

PANELS

G. CARPENTER, NORTHEASTERN

L. COOPER, BROWN UNIVERSITY

S. GROSSBERG, BOSTON UNIVERSITY
J. HOPFIELD, CALTECH

4. SYSTEM APPLICATIONS

J. LEONARD, HUGHES CHAIRMAN
M. HOLZ, MIT/LL ASSOCIATE

5. ADVANCED IMPLEMENTATION
TECHNOLOGY

D. PSALTIS, CALTECH CHAIRMAN
J. SAGE, MIT/LL ASSOCIATE

6. PROGRAM PLAN

B. WIDROW, STANFORD UNIVERSITY
A. GSCHWENDTNER, MIT/LL

Figure 1-5. Neural Network Study Organization.
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A complete list of all presentations made to all the panels can be found in Appendix A: DARPA Neural
Network Study List of Presentations.

1.2 STRUCTURE OF THE DARPA NEURAL NETWORK STUDY TECHNICAL REPORT

The DARPA Neural Network Study Technical Report was prepared under the direction of Dr. Lupo of
DARPA; Dr. Widrow, Study Director; and Mr. Gschwendtner, Associate Study Director. Its Technical
Editor was Ms. Carol Weiszmann.

Parts II- VI of this document were prepared by the individual Study panel members under the supervision
of their chairmen; the MIT/Lincoln Laboratory associates also served as editors.

o Partll: Adaptive Knowledge Processing, edited by Dr. Richard Lippmann, presents
Panel 2’s review of the theoretical underpinnings of the neural network field, cover-
ing neurobiology, mathematical theory, new parallel computer architectures, leamn-
ing theory, and neural network algorithms.

e Part III: Assessment of Neural Network Technology, edited by Dr. Thomas Gob-
lick, reports on Panel 1’s efforts to (a) put neural networks in the context of informa-
tion processing technology and (b) compare neural networks with other approaches
to information processing, including signal processing, communication and infor-
mation theory, adaptive control systems, pattern recognition/classification, artificial
intelligence, computer science, and optimization theory.

e Part IV: System Applications, edited by Dr. Michael Holz, contains Panel 4’s
survey of some 77 applications of neural networks encountered during the Study, as
well as a more in-depth description of 11 of them.

e Part V: Simulation/Emulation Tools and Techniques, edited by Dr. Paul Kolodzy,
describes Panel 3’s assessment of the presently available hardware and software for
simulation and emulation of neural networks.

e Part VI: Advanced Implementation Technology, edited by Dr. Jay Sage, dis-
cusses why implementation — as opposed to simulation — is an important matter in
neural network research, articulates philosophical issues relating to advanced imple-
mentations of neural networks in technologies available now and in the foreseeable
future, summarizes current implementation work, and presents Panel 5’s conclu-
sions.

Because the body of this Technical Report delineates the findings of the Neural Network Study’s five
separate panels, the reader will find in it an assortment of perspectives and opinions about neural network
research efforts and their implications. Although the Study’s panels functioned independently of each
other, and although they each approached the topic of neural networks from distinctly different points of
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view and with different mandates, their conclusions — articulated at the end of each Part of this Technical
Report — are noteworthy for their consistency and agreement.

In addition to this Technical Report from the Neural Network Study participants, a separate Executive
Summary has been published; this document offers a synopsis of the Study’s findings and articulates
technical recommendations for further DARPA involvement in neural network research and development.
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2. OVERVIEW OF THE STUDY’S FINDINGS AND CONCLUSIONS

A brief review of the Study’s efforts and conclusions are presented below for those seeking a somewhat
more cohesive albeit highly synoptic picture. Also, because the field of neural networks is new and its
technical terminology unfamiliar to many, a glossary of neural network terms is included in Appendix B:
Neural Network Glossary of Terms. The questions answered on the pages that follow include:

e Why did DARPA choose to conduct a technical study of neural networks?
e What did the Study determine to be the theoretical foundations of neural networks?

e What tools did the Study conclude are presently available to implement neural net-
works?

e What neural network applications did the Study find? How many? Are these appli-
cations well-developed or rudimentary?

e What advanced implementation technologies will be required for neural network
development over the next five years?

e What are the Study’s conclusions?

2.1 WHY NEURAL NETWORKS

Interest in neural networks as an alternative — that is, a non-Von Neumann - type of computing has been
building for several years. Some have envisioned neural networks as an alternative to artificial intelligence
(AD) — indeed, as a way to attack problems Al had been unable to solve. Others believe this new-found
faith in neural networks to be naive. Between these two perspectives ranges a variety of views about the
efficacy of neural networks.

By the summer of 1987, neural networks were attracting so much attention that some 2,000 people at-
tended a summer meeting on the subject conducted by the Institute of Electrical and Electronics Engineers
(IEEE), at which hundreds of papers were presented. Another IEEE conference followed in November,
1987; its 750 attendees considered it an scientific success. Another IEEE-sponsored conference on neural
networks is scheduled for July, 1988.

On the commercial side, entrepreneurial spirit has enlivened the neural network community, and several
start-up enterprises — some with significant venture capital backing — have emerged in the last year or so.
They have identified commercial opportunities in a number of industries — including defense-oriented
ones — and are particularly focused on offering systems and software which encourage users to educate
themselves about and experiment with neural network ideas and concepts. Clippings of headlines from
1987 reports citing interest in neural networks are shown in Figure 2-1.

As the headlines in Figure 2-1 reveal, interest in neural networks has not been limited to the United
States. Both Japan and the European nations have made commitments to neural network research: the
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former has initiated a government-sponsored program, called “The Human Frontiers,” to look at the bio-
logical origins of neural networks, and firms such as Fujitsu began developing “thinking computers” espe-
cially for robotic applications; the European countries, meanwhile, have begun a neural network-oriented
program called Esprit II. Moreover, under the leadership of Stephen Grossberg in the U.S., Teuvo Ko-
honen in Finland, and Shun-Ichi Amari in Japan, the International Neural Network Society (INNS) was
formed in the spring of 1987. The first issue of its journal, Neural Networks, appeared early in 1988 and
its first conference is scheduled for the latter part of 1988; notably, six IEEE societies are co-sponsors of
the INNS meeting, and financial support has come from the National Science Foundation, DARPA, and a
number of other government agencies.

Some of this interest in neural networks is, perhaps, a result of the hyperbole which almost inevitably
accompanies the use of phrases like “thinking computers” or “neurocomputers that leamn.” Hyperbole’s
natural habitat is, after all, the territory between achievement and promise: the greater the potential of
a new and mostly unexplored avenue of research, the greater the human tendency to imagine it opening
pathways to both utopia and dystopia.

Nevertheless, DARPA'’s Tactical Technology Office concluded that if neural networks are only partially
as useful and powerful as suggested even by those whose views are considered conservative, then this
alternative form of computing and its implications for defense systems require examination.

The Neural Network Study was undertaken to conduct this examination, which regards a neural net-
work as a computational structure modeled on biological processes. Biological systems can easily solve
problems that are very difficult for conventional computers to solve; a pigeon, for example, boasts an im-
age processing system which is far superior to any capability of modem computer systems. (For a detailed
and specific definition of ‘neural network,’ see Appendix B: Neural Network Glossary of Terms and Part
11: Adaptive Knowledge Processing, Chapters 1 and 2 of this Report.)

The Study’s focus was the two key features which, it is widely believed, distinguish neural networks
from any other sort of computing developed thus far:

e Neural networks are adaptive, or trainable. Neural networks are not so much
programmed as they are trained with data - thus many believe that the use of neu-
ral networks can relieve today’s computer programmers of a significant portion of
their present programming load. Moreover, neural networks are said to improve
with experience — the more data they are fed, the more accurate or complete their
response.

e Neural networks are naturally massively parallel. This suggests they should be
able to make decisions at high-speed and be fault tolerant.

The Study has sought to determine (a) to what extent neural networks are in fact adaptable/trainable
and massively parallel, and (b) the implications of neural network capabilities, as they have actually been
used thus far and as they may potentially be exploited in the future.

15



2.2 THEORETICAL FOUNDATIONS OF NEURAL NETWORKS

A neural network is a computational structure modeled on biological processes. At its most fundamental
level, interest in neural networks is prompted by two facts: (a) the nervous system function of even a
“lesser” animal can easily solve problems that are very difficult for conventional computers, including
the best computers now available, and (b) the ability to model biological nervous system function using
man-made machines increases understanding of that biological function.

2.2.1 A Biological Inspiration

Figure 2-2 illustrates the sort of biological neuron which has influenced the development of “artificial,”
or computational, neural networks. (The neural structure shown here is generic; a lowly leech, for instance
— as well as other aquatic creatures — has a neural cell structure identical to that of a human being, though
the manner in which a leech’s neurons are connected to each other is much simpler than man’s.) Figure 2-2
shows two neurons in synaptic contact:

SYNAPSE

AXON

Figure 2-2.  Biological Neurons.

e The soma, or nerve cell, which is the large round central body of the neuron, is
anywhere from five to 100 microns in diameter;

e The axon is attached to the soma and is electrically active, producing the pulse which
is emitted by the neuron;

e The electrically passive dendrites receive inputs from other neurons by means of a

specialized contact — this is the synapse, which occurs where the dendrites of two
different nerve cells meet.
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The synapse is the tissue connecting neurons and it is capable of changing a dendrite’s local potential in
a positive or negative direction, depending on the pulse it transmits. Note that these transmissions occur
in very large numbers, but, since they are chemical, they occur fairly slowly.

The human cerebral cortex, for instance, is comprised of approximately 100 billion (10 ') neurons with
each having roughly 1,000 dendrites that form some 100,000 billion (10 '*) synapses; given that this sys-
tem operates at about 100 Hz, it functions at some 10,000 billion (10 16} interconnections per second. It
weighs approximately three pounds, covers about 0.15 square meters, and is about two millimeters thick.
This capability is clearly beyond anything which can be reconstructed or modeled; but it is, perhaps, pos-
sible to understand how the brain performs information processing, and it is hoped that this understanding
can be modeled and ultimately implemented in hardware.

(For a more detailed description of the role of neurobiology plays in neural networks — including an
overview of brain physiology as well as discussions of the biological foundation of neural networks and
recent results in neurobiology — see Part II, Chapter 13: Neurobiology and Neural Networks of this Re-

port.)

2.2.2 The Modest Analogy

“Artificial” neurons, as illustrated in Figure 2-3, are analogous to their biological inspirers. Figure 2-3
presents the simplest artificial neuron configuration. Here neurons become processing elements, the axons
and dendrites become wires, and the synapses become variable resistors carrying weighted inputs that
represent data or the sums of weights of still other processing elements.

These inputs — which are voltages that are proportional to weights that have been established — are
summed across the resistor. The resistor is connected to an operational amplifier on which has been set a
threshold so that when the sum of these voltages reaches a pre-set threshold, the neuron — or processing
element — will fire. Figure 2-3 assumes this processing element to be a hard-limiting device: that is, when
the sum of the voltages is below threshold, the device will have a -1.0 output and not fire; when the sum
reaches threshold, its output will be +1.0 and the device will fire.

Processing elements can interact in many ways by virtue of the manner in which they are interconnected.
Prosaic as it is, Figure 2-3 actually suggests a variety of possibilities:

e Processing elements which feed forward only; processing elements which have a
Jfeedback loop.

e Processing elements that are fully connected to all other processing elements; pro-
cessing elements that are sparsely connected, linked only to a few others.

The nature and number of these feedback loops and connections depend on the model, or architecture,
used to construct the neural network. The design of a neural network’s feedback loops has implications for
the nature of its adaptivity/trainability, while the design of a network’s interconnections has implications
for its parallelism. .
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Figure 2-3.  Anrtificial Neurons.

2.2.3 How A Neural Network Learns

A key neural network feature — trainability or adaptivity — has been demonstrated to the Study. Fig-
ures 2-4 and 2-5 illustrate the learning capabilities of a neural network, though in an extremely simplified
way.

There are many techniques — generally articulated as algorithms — used to train neural networks; they
fall into three basic categories:

o Supervised training requires the presence of an external teacher and labeling of the
data used to train the network. The teacher knows the correct response wanted from
the network and inputs an error signal when the network produces an incorrect re-
sponse. The error signal “teaches” the network the correct response in a process that
is explained below, and after a succession of learning trials the network consistently
produces the correct response.

¢ Unsupervised training uses unlabeled training data and requires no external teacher;
data is presented to the network, which forms internal clusters that compress the in-
put data into classification categories.

e Self-supervised training is used by certain kinds of neural networks. The networks
monitor performance internally, requiring no external teacher; an error signal is gen-
erated by the system and fed back to itself, and the correct response is produced after
a number of iterations.

Figure 2-4 illustrates in a simplistic way how supervised neural network training works. Here, a single
neuron is being trained to turn on a light when the sum of two input voltages is greater than 0.5 and turn
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the light off when the sum is less than 0.5. The neuron will be traihed by adjusting the weights W and
W3, corresponding to input voltages X; and X3, and a threshold, 6;. The sum of the inputs and the output
state are shown on the right of Figure 2-4.

The supervised training process shown in Figure 2-4 works, through the course of several training trials,
as follows:

e In the first trial, the inputs add up to less than 0.5, so the light should be off. How-
ever, the weight settings and threshold are such that the light is on, so a teacher
(supervisor) adjusts the weights and threshold to turn off the light.

o The next trial’s inputs sum to greater than 0.5, so the light should be on. But the
light is actually off because the teacher overcorrected the weight and threshold ad-
justments on the previous trial. The weights and threshold are therefore again read-
justed by the teacher to turn the light on.

e The third inputs’ sum is negative and the light turns off, which is correct — so no
adjustments are made.

e The next trial results in inputs greater than 0.5 — and the weights and threshold are
now correctly adjusted so that the light turns on.

This exercise can be summarized by noting that this simple neural network has learned to identify a
line in two-dimensional space — as shown in the lower left of Figure 2-4 — given by X; + X = 0.5.
Correspondingly, with three inputs the network could be trained to identify a plane in three-dimensional
space; further inputs could allow a neural network to identify the equation of a hyperplane in a higher-
dimensional space. This geometrical analogy can be extended to many layers of processing elements in a
neural network, as shown in Figure 2-5.

Here, again, the single-layer neural network — composed of three processing elements — provides a
half-plane solution, so it can separate regions A and B in a two-dimensional space. If a second layer of
processing elements is added, each neural layer can classify a half-plane — and this amounts to a solution
of the “exclusive OR” problem. The addition of a third processing element in the second layer allows for
dividing a region into three half-planes — which provides a convex region. If a third layer of processing
elements is added, two convex regions can be joined — thus arbitrary region formation is possible with a
three-layer neural network.

Since geometrical regions are the equivalent of classification regions, a neural network can be trained
(a) to search for and identify the many primitives that define a complex input space, and (b) to group these
primitives so that classifications or identifications can be made automatically.

2.2.4 Massive Parallelism in Neural Networks

As noted in Figure 2-6, a network of 64 - 64 elements that are fully interconnected can undertake
millions of simple parallel operations aimed at the dissection of a problem. Figure 2-6 shows a neural
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ONE -LAYER TWO-LAYERS THREE-LAYERS

1 HALF 2 HALF 3 HALF TWO

PLANE PLANES PLANES REGIONS
HALF PLANE TYPICALLY CONVEX ARBITRARY

Figure 2-5. Computational Power of Single- and Muiti-layer Networks.
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network with layers M and N; each layer has 4,096 processing elements laid out in a 64 - 64 grid. If these
two layers are fully interconnected — that is, if every processing element is linked to every other processing
element — then this apparently simple structure sorts through no less than 16 million interconnects.

e MASSIVE PARALLELISM

— FULLY INTERCONNECTED = M2N2

— M, N=64—16 M INTERCONNECTS

Figure 2-6. Massive Parallelism of a Neural Network.

It is this pyramiding of many simple operations to automatically provide complex classifications that is
the core of the neural network promise.

(Part I, Chapter 3: Tasks Neural Networks Perform and Representative Models of this Report offers
a more detailed look at tasks at which neural networks are effective as well as illustrative neural network
models and a review of important training and performance issues.)

2.2,5 The Importance of Surviving the Single-layer Perceptron

Neural network research is not new — it is, rather, newly revived from an obscurity and even disrepute
which is now understood to have been undeserved.
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Work in neural networks, which began nearly 50 years ago, falls into three eras, as described in Fig-
ure 2-7. The early efforts, in which basic thinking about neural networks was accomplished by McCulloch
and Pitts, Hebb, Rosenblatt, and others, took place in the 20 years before 1960.

Then a schism in the Al research community occurred involving Rosenblatt’s single-layer perceptron.
Minsky and Papert of MIT pointed out that the perceptron could not solve the “exclusive OR” class of
problems, for reasons already explained, whereupon it and neural network research in general were largely
abandoned by DARPA in favor of work in the apparently more promising realm of symbolic processing.

(For a lengthier discussion of single- and multi-layer perceptrons, see Part Il, Chapter 4: Single- and
Muilti-layer Perceptrons of this Report.)

This loss of support forced neural network researchers into the “wilderness years” of 1960-1980, which
— despite a lack of money or support — saw dedicated people develop a variety of mathematical theories
which laid the foundations for a resurgence of interest and effort in neural networks that has been underway
since the early 1980s. This resurgence was also fueled by other crucial factors:

e Understanding of the deficiencies of the single-layer perceptron and the extension
of theoretical work into multi-layer systems;

e The revolution in computer technology, which produced powerful and compara-
tively inexpensive computing devices and diagnostic tools that enabled further work
on neural network mathematical theories;

e Simultaneous breakthroughs in the understanding of neurobiological processes.

2.2.6 Neural Networks and Other Information Processing Approaches

It is helpful to an understanding of neural networks and their implications to place them in the larger
context of information processing approaches, for neural networks do not oppose other approaches as
much as they extend them.

Figure 2-8 delineates the major thrusts in information processing in a historical sense, beginning with
system and information theory, which is really about database processing. This was followed by the
development artificial intelligence techniques for knowledgebase processing. It is certainly worth noting
that knowledgebase processing has not by any means eclipsed database processing; they are, in fact, quite
complementary.

Neural networks have been touted as effective in tackling problems in, among other areas, machine
vision, robotics, and speech understanding. But it is highly unlikely that neural networks will replace either
knowledgebase or database processing. They will, the Study expects, find a niche within the whole scheme
of information processing. The nature of the neural network niche becomes more apparent when neural
networks as an information processing approach is compared to database and knowledgebase processing.
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1940-1960 HEBB SYNAPTIC LEARNING RULE
FUNDAMENTAL FARLEY & CLARK FIRST SIMULATION
CONCEPTS RONSENBLATT PERCEPTRON

STEINBUCH, TAYLOR ASSOCIATIVE MEMORIES
TRANSITION WIDROW & HOFF LMS ALGORITHM
1960-1980 ALBUS CEREBELLUM MODEL (CMAC)
THEORETICAL ANDERSON LINEAR ASSOCIATIVE MEMORY
FOUNDATIONS VON DER MALSBURG COMPETITIVE LEARNING

FUKUSHIMA NEOCOGNITRON

GROSSBERG ART, BCS
RESURGENCE KOHONEN FEATURE MAP
1980- FELDMAN & BALLARD CONNECTIONIST MODELS
THEORY HOPFIELD ASSOCIATIVE MEMORY THEORY
BIOLOGY REILLY, COOPER et al. RCE
COMRCRERS HINTON & SEJNOWSKI BOLTZMANN MACHINE

RUMELHART et al. BACK PROPAGATION

RUMELHART & McCLELLAND PDP BOOKS

EDELMAN, REEKE DARWIN Il

Figure 2-7.  History of Neural Network Research,
FORM OF
APPROACH METHOD KNOWLEDGE-ACQUISITION | IMPLEMENTATION
SYSTEM & MODEL DATA, NOISE, ANALYZE MODELS HARDWARE
INFORMATION PHYSICAL CONSTRAINTS TO FIND OPTIMAL IMPLEMENTATION
THEORY ALGORITHM OF ALGORITHM
Al EXPERT EMULATE HUMAN OBSERVE HUMAN COMPUTER
SYSTEMS EXPERT PROBLEM EXPERTS PROGRAM
SOLVING

TRAINABLE DESIGN TRAIN SYSTEM COMPUTER
NEURAL ARCHITECTURE WITH WITH SIMULATION OR
NETS ADAPTIVE ELEMENTS EXAMPLES NN HARDWARE

Figure 2-8. Comparison of Information Processing Approaches.
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The expert system developer is interested in emulating a human expert’s way of solving a specific set
of problems, so he/she observes and analyzes a particular human expert(s), and then models that “intelli-
gence,” or expertise, in a computer program which explicates the rules (heuristic and otherwise) used by
the human expert.

More generically, the system and information theorist models data, analyzes those models seeking the
optimal algorithm, and then implements that algorithm in hardware.

If, for instance, the object of a hypothetical vision system is to find a cat in a backyard (as depicted in
Figure 2-9), current information processing techniques would require that the data containing the visual
information be extracted from a digitizing preprocessor and entered into a computer; this data would be
subject to a rather human-intensive analysis, followed by another human-intensive period of algorithm
development. The algorithm would be implemented on yet another computer which would then be able to
find the cat. The same system could not be used if, perhaps, the goal is now to recognize a mouse; instead,
the entire data-gathering, data analysis, algorithm development, and design implementation process must
be repeated.

(A more extended discussion of “traditional” information processing, and particularly knowledge-based
systems, may be found in Part Ill: Assessment of Neural Network Technology, Chapter 2: Methodology
of this Report.)

Neural network designers claim, by contrast, to place the “intelligence” of the network in its architecture
and adaptation rules, which are optimized not to a single problem or application, but to an entire class of
problems. The network is trained, either with supervision or in unsupervised mode, with examples. The
neural network is then implemented either by simulating it on conventional computer hardware or in
special- purpose neural network hardware.

Thus, a hypothetical neural network implementation of the system looking for the cat in the backyard
(Figure 2-10) may not even require the digitization of data; it can, perhaps, be entered directly from a
sensor into the network in analog form. The neural network might then be trained by voice command to
recognize the cat. Unlike its conventional information processing counterpart, the same neural network
can also be trained to recognize a mouse.

This comparison suggests that neural networks can save substantial amounts of time and human effort
which, in conventional information processing approaches, are now devoted to data analysis and algorithm
development. But the Study resists such conclusions, for at least two reasons:

e Too little is presently known about training time requirements as neural networks
are scaled up for large, real-world problems. If this training time is extended and
requires human supervision, it could rival the time and effort demanded by conven-
tional approaches.

e It is possible that, at least for the next several years, the time and effort required
to develop neural network architectures might rival that of conventional algorithm
development.

(Part Ill, Chapter 3: Comparison of Neural Networks With Other Technologies of this Report offers a
detailed comparison of neural networks and other computational approaches in handling several types of
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Figure 2-10. Neural Network Approach.



problems, including the traveling salesman problem, associative memories, pattern classification applica-
tions, computational maps, signal processing, speech applications, and machine vision.)

That is not to say that substantial work has not been done on neural network architectures, though
this early work on theoretical models has tended to concentrate on some problem types more than others.
Pattern classification has seen perhaps the greatest amount of neural network effort to date; but other types
of problems — including machine vision, speech recognition, robotics, signal processing, and optimization
— are also being taken on by neural network researchers, who have produced a variety of models to deal
with them, as Figure 2-11 makes clear. The field of neural networks is in fact very rich; it’s not just for
perceptrons anymore.

(Detailed descriptions of the many types of neural network models and architectures, as well as the
problems they address, can be found in Part II, Chapters 4-10 of this Report).

PATTERN SPEECH MACHINE ROBOTICS SIGNAL OPTIMIZATION/
CLASSIFICATION | RECOGNITION VISION PROCESSING| COMPUTATION
ADALINE {LMS) MARTIN BCS/FCS CMAC ADALINE CELLULAR

SPEECH CEREBELLUM AUTOMATA
ART PREPROCESSOR | DARWIN I MODEL MULTI-

LAYER HOPFIELD

BOLTZMANN MASKING FIELD | MARKOV COMPUTATIONAL | PERCEPTRON | NET
MACHINE RANDON MAPS

SILICON FIELD
COMPETITIVE COCHLEA DARWIN Il
LEARNING NEOCOGNITRON

SYNAPTIC MULTI-LAYER
FEATURE MAP TRIAD PARAMETER PERCEPTRON

NET

MULTI-LAYER VITERBI NET
PERCEPTRON SILICON
(Back Propagation) RETINA
PERCEPTRON
REDUCED COLOUMB
ENERGY (RCE)

Figure 2-11.  Neural Networks for a Variety of Tasks.

2.2.7 Conclusions Concerning Theoretical Foundations of Neural Networks

From its examination of the theoretical foundations of neural networks, the Study has determined that:

o Neural networks offer important new approaches to information processing
because of their adaptivity and ability to learn as well as their massive parallelism.

e Neural network research has matured greatly since the perceptron of the 1950s.
This maturation has three sources: (a) advancement in mathematical theories, (b)
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development of new computer tools, and (c) increased understanding of neurobiol-
ogy. There is bridge forming between the biologically-oriented neural modelers and
the artificial neural network modelers, and substantial progress will result from this
alliance.

e There is a need for research that focuses on training, scaling, and performance
criteria. Mathematical theories about training neural networks exist now for net-
works with only modest numbers of processing elements, but researchers are inter-
ested in scaling up to neural networks containing millions of processing elements.
So the mathematical foundations conceming how the robustness of large, intercon-
nected neural networks varies with signal, noise ratios, etc., need to be explored.
Performance criteria are required to indicate how and where neural networks are
most effective, and those conclusions need to be proven employing realistic data-
bases addressing important problems.

(The conclusions of Study’s Technology Assessment Panel (Panel 1) and the Adaptive Knowledge
Processing Panel (Panel 2) are delineated in this Report in Part I1l, Chapter 4: Conclusions Concerning
the Assessment of Neural Network Technology and Part I1, Chapter 14: Conclusions Concerning Adaptive
Knowledge Processing, respectively.)

2.3 AVAILABLE IMPLEMENTATION TOOLS

The field of neural networks, as might be expected, has developed its own computational vernacular,
some understanding of which is necessary to appreciate neural network simulation and implementation
requirements. Some of the key concepts and terms (see Figure 2-12) are these:

e A typical neural network contains many more interconnects than neurons, or pro-
cessing elements.

o Each interconnect requires one multiply/accumulate operation for summing.

o While digital computers are normally assessed in terms of storage or memory (where
the unit of measure is words) and speed (instructions-per- second or floating-point-
operations-per-second), the neural network vernacular defines storage as the value
of the input weights and measures it in terms of interconnects; neural network speed
is described in terms of interconnects-per-second within a layer or between layers.
(This way of conceiving neural network storage is important only in the case of net-
work simulation; in the case of implementation in special-purpose hardware, storage
would be handled by resistive networks and would be defined differently.)

(A more detailed discussion of the computational requirements of neural networks can be found in Part
V: Simulation/Emulation Tools and Techniques, Chapter 2: Algorithm and Solution Requirements and
Chapter 3: Application Computational, Requirements of this Report.)
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To understand both this neural network computational vernacular and its implications for neural network
tools and applications, the Study has used the terms interconnects and interconnects-per-second to chart
a set of coordinates, placing interconnects on the abscissa and interconnects-per-second on the ordinate.
The environment defined by this chart will reappear throughout the remainder of this summary to describe
the computational capabilities of present and future neural network systems and applications.

The Study introduces this environment to chart the computational capabilities of certain biological sys-
tems, as can be seen in Figure 2-13. Significantly, man — with the staggering capacity of 10 ' interconnects
and 1016 interconnects per second — is beyond the range of the chart for reasons which will shortly be
apparent. Within the range of Figure 2-13 are such creatures as the worm, the fly, and the bee. “Lowly”
as a fly or a bee may seem, neural network researchers would be very pleased indeed to replicate their
capabilities with a machine.
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Figure 2-13. Computational Capabilities of Biological Networks.

2.3.1 A Simulated World
That will be difficult with the tools presently available. Figure 2-14 delineates the variety of tools to

which today’s neural network researchers have access. They range from the low-priced microprocessor-
based workstations, through attached processors and bus- oriented processors, to the more expensive
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massively-parallel machines (including the Connection Machine developed by DARPA), and finally to
supercomputers at the very high end.

Generally, the micro/minicomputers provide a very modest interconnects-per- second capability, though
in some cases storage capacity is substantial. The speeds of these devices are limiting; neural network
models take a very long time to run on them. Attached processors improve this situation somewhat, since
they can boost interconnects-per-second into the millions from the hundreds of thousands.

Bus-oriented processors, in some cases, raise by an order of magnitude the number of interconnect-per-
second available, but storage is not equivalently greater. The MX-1/16 shown in Figure 2-14 is actually
an experimental architecture that is only partially proved but should be able to deliver around 120 million
interconnects per second, along with 50 million interconnects for storage — this is quite good for meeting
today’s neural network simulation needs.

The massively parallel systems feature no better speed (interconnects-per- second) than the MX-1, and
there remain gaps between their speed and storage capabilities. Supercomputers, meanwhile, do not offer
significantly more capability than systems which cost far less.

In addition, the programming necessary to run neural network models on these massively parallel ma-
chines is very complex — it is, in fact, a problem which limits the extent to which these systems can be
used to conduct neural network research. Moreover, the architectural limitations of these systems prevent
researchers from stacking up several of them to significantly boost their storage or speed.

Thus the system most useful to neural network research is one configured like the still-experimental
MX-1, not only because of its storage and speed — neural network efforts in fact will soon require even
more than this — but because of the need for user-friendly systems that allow researchers to test a variety
of neural network ideas against a variety of databases in timely fashion.

(Part V, Chapter 3: Existing Hardware and Software of this Report conducts a lengthier discussion
of presently available hardware and software tools for neural network simulation. In addition, detailed
descriptions of some neural network simulation hardware may be found in this Report in Part V, Appendix
A: Parallel Processing Hardware.)

Figure 2-15 charts the presently available simulation tools onto the same set of interconnect and interconnect-
per- second coordinates upon which the fly and bee were situated in Figure 2-13, with an additional dis-
tinction between those systems priced less than $100,000 — and therefore more widely available as well
as much easier to program — and those costing more than $100,000 (the asterisk at the outer edge of the
present computing capability shown in Figure 2-15 represents the experimental MX-1/16).

2.3.2 Conclusions Concerning Today’s Neural Network Tools

Upon reviewing the implementation tools presently available to the neural network research community,
it has become clear to the Study that:

e The computational units of neural networks are best understood in terms of
interconnects (storage) and interconnects-per-second (speed).
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o Today’s computer tools — with simulation capabilities of roughly 107 intercon-
nects per second - fall far short of the computational capabilities of even modest
biological networks; a fly, for instance, computes at the rate of 10° interconnects
per second.

e Although the computer revolution of the last 20 years has played a critical role in the
revival of neural network research by making it possible to undertake much work
in mathematical theory, the limits of today’s computing devices — inadequacies
in storage, speed, and user flexibility — have restricted present neural network
efforts.

(The conclusions of the Study’s Simulation/Emulation Tools and Techniques Panel (Panel 3) are artic-
ulated in Part V, Chapter 6: Conclusions Concerning Neural Network Simulation/Emulation Tools of this
Report.)

2.4 STATUS OF CURRENT NEURAL NETWORK APPLICATIONS

The Study heard from researchers who had developed 77 applications in an assortment of areas, includ-
ing vision, signal processing, classification, robotics, speech, and sensor fusion (see Figure 2-16). Many
were redundant, others were comparatively uninteresting. Of the 77 applications reviewed by the study,
11 which were considered typical of the state of the neural network applications art were selected for more
detailed review, and several of those are described briefly below.

(Part IV: System Applications, Chapter 2: Summary of System Applications of this Report contains a
more detailed summary of the neural network applications presented to the Study, and descriptions of the
11 highlighted applications, written by the researchers who developed them, comprise Part IV, Appendices
A-K. Also, a complete list of application contributors as well as brief, one-page summaries of all of the
applications presented can be found in Part IV, Appendix L: Presentations to the Applications Panel of
this Report.)

Figure 2-17 displays the history of the 11 applications reviewed by the Study, which is in large measure
typical of the present state of the neural network art. Clearly, while much time between 1960 and now has
been devoted to modeling applications, relatively few fielded applications have emerged; in only a few
cases were models even demonstrated. Of the 11 applications chosen for closer review by the Study, just
four of them have been fielded:

e The Risk Analysis system, developed by Nestor Inc. using the reduced Coulomb
energy (RCE) neural network model, handles the functions of a loan officer in a fi-
nancial institution. The system is trained in ongoing fashion using both the successes
and failures of loan officers as well as ancillary information about the characteristics
of people who repay their loans and those who default. It has been shown to be as
effective as the best human loan officer in spotting bad risks.
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Figure 2-16. Application Survey.

o The Process Monitor is a single-layer neural network being installed by GTE in a
fluorescent lightbulb manufacturing facility. The network monitors the activities of
the production line, using inputs from a variety of sensors to infer when the line is
operating correctly, and shuts the line down if something is wrong.

e The Word Recognizer is a small application of limited capability — its vocabulary is
100 words — built by Intel Corp.; it has enjoyed commercial success.

o The Adaptive Channel Equalizer, which is perhaps the most commercially success-
ful of all neural network applications to date, is a single-neuron device used now in
virtually all long-distance telephone systems to stabilize voice signals.

The Study found that there has not been extensive neural network application development generating
available products that accomplish some useful task. Of the 77 application efforts described to the Study,
just the four described above have thus far resulted in fielded systems. What’s more, all of these fielded
systems are operating on personal computers, and none are using any special-purpose neural network
hardware. Overall, because of the general lack of support for neural network research, neural network ap-
plications remain limited. But the potential of neural networks begins to become evident with a somewhat
closer look at various application efforts.

2.4.1 Application: The Kanji Character Recognizer
Figure 2-18 illustrates Nestor Inc.’s Kanji Character Recognizer, which, in this depiction, is translating

handwritten Kanji characters for “neural network™ into English. This system can accurately recognize
approximately 2,500 handwritten Kanji characters better than 92% of the time. This compares favorably
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Figure 2-17. Development of Neural Network Applications.

with the average Japanese reader, who is capable of recognizing between 1,800 and 3,000 characters; an
intellectual has a grasp of perhaps 10,000 characters.

One useful feature of this system, thanks to the fact that it’s a neural network, is that upon training it is
capable of recognizing any alphabet — e.g., Cyrillic, Hebrew, etc.

The Kanji Character Recognizer is based on Nestor Inc.’s NLS (Nestor Learning System), a set of
neural network modules based on the reduced Coulomb energy (RCE) architecture. Each of the NLS
three-layer neural network modules is defined to process a different feature subspace of inputs; the RCE
architecture allows each network to describe a class- separating mapping that can support any required
degree of nonlinearity between pattern class territories. A controller module synthesizes the outputs of
the individual neural networks and directs their training.

The Nestor Learning System is a software simulation which operates on an IBM PC/AT personal com-
puter or workstations from Sun Microsystems or Apollo Computer.

2.4.2 Application: Perception

Figure 2-19 shows the results of a neural network now under development that is based on Grossberg’s
boundary contour system (BCS), a neural network model incorporating neurobiological insights about
perception.

Many algorithms for machine vision that are based on symbolic processing techniques are designed to
deal with just one type of information — such as boundary, disparity, curvature, shading, spatial frequency
- using different mathematical schemes to analyze each of information. Often, then, other types of signals
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Figure 2-18.  Kanji Character Recognizer (Nestor).

act as contaminants — noise — rather than as cooperative sources of ambiguity-reducing information. The
boundary contour system, by contrast, clarifies scenic data about boundaries, textures, shading, depth,
multiple spatial scales, and motion and cooperatively synthesizes this data in real time into a coherently
fused representation that is more informative than a representation derived from any one type of scenic
data taken in isolation.

Figure 2-19 illustrates work presently underway using a BCS neural network to process multi- dimen-
sional image data from laser radar sensors. Of course, a human being who sees a tank partially hidden by
a tree nevertheless understands that he/she is observing a whole, single tank.

But conventional computer systems do not perform this task well, so a BCS neural network has been
used here to automatically complete and fill in the boundaries of a tank which were obliterated in an
actual laser radar image by two trees and other noise, as shown in the range silhouette in the lower left of
Figure 2-19. Although the neural network operates slowly, the segmented image of the tank is ready for
further processing.

This work is being done on a Digital Equipment Corp. VAX system; the neural network contains
400,000 neurons and 17 million interconnects.

2.4.3 Application: Sonar Target Discrimination

Figure 2-20 describes a neural network developed by Sejnowski that remotely detects undersea mines in
shallow waters using active sonar returns. Although it is often difficult for both humans and conventional
classification systems to distinguish between mines and clutter on the sea floor, this three-layer neural
network based on the backpropagation learning model successfully discriminated between sonar returns
of an undersea rock and cylinder.
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The network consisted of 60 input processing elements, or units, in the first layer whose states were
“clamped” to the amplitude of the preprocessed sonar signal in the power spectral envelope; a hidden
second layer of between 0 and 24 units; and a third output layer of two units — one for cylinder and one
for rock. Network training involved approximately 30,000 trials using 104 patterns. Upon testing with
another 104 patterns, the network accurately distinguished between rocks and cylinders 90% of the time,
which compares favorably with the performances of both human operators and conventional classifiers.

*“CYLINDER” *“*ROCK"”’
OUTPUTS

POWER
SPECTRAL —»
ENVELOPE

Figure 2-20. Sonar Target Discrimination (Sejnowski).

2.4.4 Application: Multi-layer Perceptron Vowel Classifier

Figure 2-21 indicates how a multi-layer perceptron neural network developed by Lippmann has been
used as a vowel classifier.

Conventional speech recognition systems do not perform well when their task is to recognize continuous
speech from more than one talker because of several factors, including: (a) the vanability and overlap of
information in the acoustic signal, (b) the need for high computational rates (a human- like system must
match inputs to 50,000 words in real time), and (c) the multiplicity of analyses — phonetic, phonemic,
syntactic, and pragmatic — that must be performed.

The input for the network shown in Figure 2-21 consisted of the first and second formants (i.e., the
regions of concentration of energy which combine to make up the frequency spectrum of a spoken sound)
from roughly 330 tokens of ten different vowels spoken in context by 67 men, women, and children. Half
the data was used for training the network; the other half was used to test it.

The network was trained using backpropagation with 50,000 trials. The network’s error rate proved to
be the same as the best conventional classifier, and the decision regions it formulated were the same as
those which were hand-drawn by a human expert.
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2.4.5 Application: Forklift Robot

Figure 2-22 illustrates the use at Martin Marietta of a neural network based on the CMAC model (cere-
bellar model articulation controller) to operate an industrial robot.

The CMAC is, basically, a trainable function generator. Using a table look-up method to implement
complex nonlinear functions implicitly rather than by the mathematical solution of equations, CMAC can
realize any smooth and continuous function using simple learning procedures and can operate in real time
on conventional digital computers. The system described in Figure 2-22 was implemented on a Motorola
68020.

Guided by the neural network, the robot, which has a forklift end effector equipped with a series of
infrared proximity sensors, is supposed to insert the forklift into pallets placed irregularly on a conveyor.
This is a difficult problem for conventional robotic controllers because the relationship between a particular
pattern of sensor readings and the appropriate direction of forklift movement is very complicated.

The network was trained by a human operator who grasped the forklift and positioned it into the pallet;
during this learning procedure, the network’s weights are adjusted so that the sensor inputs generate a
trajectory command that’s similar to the command generated by the human operator. This network has
learned to acquire the pallet from any arbitrary starting point with as few as seven teaching points.

2.4.6 Conclusions Concerning Current Neural Network Applications

Although neural network application efforts are diverse, they share one factor, which can be seen in
Figure 2-23. Here, the computational requirements of the current applications reviewed by the Study are
charted along the same coordinates of interconnects (storage) and interconnects-per-second (speed) which
were depicted for biological organisms in Figure 2-13 and for neural network simulators in Figure 2-15.
Notably, these applications occupy only the small dark space at the lower left corner of Figure 2-23 — a
space well within the bounds of present simulation capabilities.

(A discussion of the computational requirements of various types of neural network applications —
including signal processing, robotics, speech, pattern recognition (vision), and some of the applications
presented to the Study’s Systems Applications Panel — may be found in Part V, Chapter 4: Application
Computational Requirements of this Report.)
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From its examination of current neural network application efforts, the Study offers these specific con-
clusions:

e Most of today’s neural network applications have been accomplished — in the ab-
sence of funding for this work — through simulation on low-cost personal computers.
Not surprisingly, current application requirements are consistent with available
simulation speed and storage requirements.

e Despite these limitations, there have been significant demonstrations of such key
neural network capabilities as adaptivity and learning.

e Interest in application research and development runs high in the neural net-
work community.

(Part IV, Chapter 3: Conclusions Concerning Neural Network System Applications of this Report con-
tains the conclusions drawn by the Study’s System Applications Panel (Panel 4).)
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Figure 2-23.  Computational Requirements for Current Applications.
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2.5 PROJECTED COMPUTATIONAL CAPABILITIES FOR ADVANCED SIMULATORS

With even modest levels of funding and motivation, the gap between actual and potential exploitation of
current hardware capabilities will be eliminated rather quickly. But it is certainly evident from Figure 2-13
and Figure 2-15 that neural network researchers face a much greater and more difficult gap: the one
between the present hardware state-of-the-art and the capabilities required to implement neural networks
that rival the computational storage and speed of, say, a bee.

From the perspective of researchers, this gap is not merely about storage and speed and their inevitable
corollary — cost. The gap between what is now available and what researchers need is also filled with
other issues — especially the need for greater ease of programming, better information display, and more
flexible systems. All of these matters need to be addressed so researchers can move beyond simulations
of neural networks to their actual implementation.

2.5.1 The Limits of Neural Network Simulation

Figure 2-24 indicates the present state of hardware affairs in the context of interconnects (storage) and
interconnects-per-second (speed): simulators stand at the outer edge of today’s capabilities — but, although
they exist, for the most part they are not very user-friendly for research, statistical work, or development
of large databases. However, as Figure 2-24 also shows, several technologies are poised to push hardware
capabilities beyond their present speed and storage limits:

e Gallium arsenide (GaAs) and special-purpose charge- coupled devices (CCDs) will
push up the ceiling on interconnects-per- second.

o Continued developments in random-access memory (RAM) technology as well as
the lesser-developed three-dimensional (3-D) chip technology are expected to ex-
pand current storage capacities.

e Multiprocessing, meanwhile, will allow the boundaries of simulation to be moved
outward up to an order of magnitude.

(PartV,Chapter5: Considerations for Future Simulations as well as Part VI: Advanced Implementation
Technology, Chapter 1: Overview and Part VI, Chapter 2: General and Philosophical Issues of this Report
offer expanded discussions of present and future technologies for neural network simulation.)

2.5.2 Technologies and Tools for Implementing Neural Networks

Certainly, if neural networks are to offer solutions to important problems, those solutions must be imple-
mented in a form that exploits the physical advantages offered by neural networks: the high throughput
that results from massive parallelism (realtime operation), small size, and low power consumption. In
the near term, smaller neural networks may be digitally implemented using conventional integrated cir-
cuit techniques. But in the longer term, implementation of neural networks will have to rely on new
technologies.
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Figure 2-24.  Projected Computational Capabilities for Advanced Simulators.
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The alternatives — as illustrated in Figure 2-25 - for direct implementation of neural networks include:

e Direct VLSIIVHSIC (very large scale integration/very high speed integrated cir-
cuits), which is a mature technology limited to a low density of interconnects due its
two-dimensional nature. All the weights in a neural network implemented in direct
VLSI/VHSIC would have to be stored in memory, which would consume a lot of
capacity. Figure 2-25 shows a Bell Laboratory chip for vision preprocessing which
has been implemented directly in VLSI.

e Analog VLSI, which is still a developing technology but promises near-term results
and — although it, too, is two-dimensional — offers a high density of interconnects
because the weights can be implemented in resistors, thereby obviating the need for
additional memory.

e Optical technology, which is less developed and longer-term than the silicon-based
approaches and limited in the types of neural networks that it can implement, but
which offers a very high density of interconnects due to its three-dimensional na-
ture. Here information is stored holographically; another optical system attempts
to “read” the information in the first system — comparisons between the stored in-
formation and that which the second system attempts to recognize are a form of an
associative memory.

(The rationale for these new technologies necessary for neural network implementation, as well as a
more detailed description of the technologies themselves, is explicated in Part VI, Chapter 2: General
and Philosophical Issues of this Report.)

There are, of course, variations on these ideas and combinations of these technologies which are being
considered, including layering two-dimensional chips to achieve three-dimensionality and the combina-
tion of optical and VLSI devices to create three-dimensional structures.

A variety of experimental chips are now being developed; these are plotted in Figure 2-26 along the
storage and speed coordinates and against both current applications and current simulators.

The California Institute of Technology’s (CIT) silicon retina, developed by Mead, is indicated at the
lower left of Figure 2-26; this work will be extended to array of 128 - 128 in the near term, bringing its
capabilities to roughly 104 interconnects and 10® interconnects per second. Lincoln Laboratory (LL) is
developing several analog and hybrid analog-digital chips; the Jet Propulsion Laboratory (JPL) and AT&T
(ATT) are working on analog and digital chips.

With single chips, speed can be increased by several orders of magnitude, approaching 102 in the next
few years. These chips could be stacked up — as many as a thousand, or several thousand, of them might
be linked — to bring their collective storage capability to around 108 or 10°.

In addition, Northrop Corp. (NC), has developed an optical neural network that is projected to perform
at better than 102 interconnects and 10 interconnects per second — through the use of an improved crystal.
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Thus, as Figure 2-26 makes clear, the computational environment defined approximately by 101 in-
terconnects and 102 interconnects per second will be filled over the next five or six years with proposed
technology developments.

These new chips are needed not only to build neural network simulators, but they may become very
valuable individually in neural network-based military applications.
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Figure 2-26. Implementation Technologies and Potential Applications.

(Part VI, Chapter 3: Survey of Implementation Efforts of this Report offers both a taxonomy of neural
network implementation and a summary of present implementation experiments. Part VI, Appendix A:
Description of Implementation Projects, meanwhile, offers brief descriptions of current efforts to imple-
ment neural networks in hardware.)

2.5.3 Conclusions Concerning Projected Technology Development

The Study has concluded that technological development in neural network storage and speed require-
ments will establish the sort of trend line depicted in Figure 2-27.

Above the timeline in its middle, Figure 2-27 deals with speed — that is, interconnects-per-second.
Several technological thrusts are underway here:
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e The digital signal processing (DSP) chip. DSP experimentation has reached the
commercial marketplace — Hecht-Nielsen Neurocomputer Corp., for instance, is us-
ing one in its machine. Combining several DSP chips — developers of the MX-1
multiprocessor use 16 — will result, the Study expects, in useful simulators emerg-
ing over the next few years.

e Advanced versions of the Cray supercomputer, of course, will be available — but the
Study has found that it cannot be expanded for neural network development work.

e Gallium arsenide (GaAs) is expected to be viable for neural network use in the next
five years. Here again, a number of gallium arsenide chips can, the Study anticipates,
be combined to boost interconnects-per-second into the 10 !0 region. The Study also
believes that ideas for a charge-coupled device (CCD) chip will see fruition in about
three years, as will an analog-digital hybrid chip.

e Optics, which is the least mature of all the technologies that are viable for neural
network research, stands at the far end of the timeline.

If these capabilities are to have any meaning for neural network development, there must be concomitant
progress in storage capacity. Fortunately, the Study predicts there will be. The lower half of Figure 2-27
describes the Study’s projections of storage technology development:

e The one-megabyte dynamic RAM (DRAM) is widely available, and, hopefully, it
will be followed soon by the 16-megabyte version.

e Both wafer-scale and analog storage is expected in three and four years, respectively.

e Optical storage, while under development, remains a little uncertain at the present
time.

What Figure 2-27 makes clear is that technological developments in interconnects and interconnects-
per-second could essentially keep up with each other over the next five-plus years. The Study there-
fore has concluded that neural network research and development will not face major hardware bot-
tlenecks through this period if a balanced technology development program is pursued.

(The conclusions of the Study’s Advanced Implementation Technology Panel (Panel 5) can be found in
Part VI, Chapter 4: Conclusions Concerning Advanced Implementation Technology of this Report.)

2.6 GENERAL CONCLUSIONS OF THE NEURAL NETWORK STUDY

After its examination of the theoretical foundations of neural networks, the simulation and implemen-
tation tools currently available as well as those becoming available over the next five or six years, and the
status of current neural network applications, the Study has concluded that:
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Neural networks offer important new computational structures. Their real
strength is derived from their ability to self-adapt and learn. If neural networks
realize their full potential, they can be used for machine vision, speech recogni-
tion, signal processing, robotics, and other applications — without the need for
application-specific software.

Neural network research has matured greatly since the perceptron of the 1950s,
thanks to the development of advanced mathematical theories and new computer
tools, and also to a better understanding of neurobiology. 1t is time for DARPA to
re-examine neural network capabilities.

There have been significant demonstrations of neural network capabilities in
vision, speech, signal processing, and robetics, perhaps not to the scale which
might be desired — due to a lack of funding of research — but the variety of problems
addressed by neural networks is impressive.

Hardware capabilities are limiting the development of important neural net-
work applications. Itis clear that if researchers are not provided with improved
simulation and implementation capabilities, the field of neural networks will
once again drift off into the wilderness.
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Yaser Abu-Mostafa, California Institute of Technology
12-09-1987: Practical Results From NN Theory

A. Agranat, California Institute of Technology
12-14-1987: Semiparallel Microelectronic Implementation of NN Models Using CCD Technology

J. Albus, National Bureau of Standards
10-22-1987: Robotics

Joshua Alspector, Bell Communications Research
10-16-1987: Electronic Learning Networks

Charles Anderson, Jet Propulsion Laboratory
12-10-1987: Strategy Of Biological Systems
01-20-1988: Biological Systems From An Engineering Point of View

David Andes, Naval Weapons Center
11-11-1987: Thoughts On The Fuze Problem
11-12-1987: Analog Neural Network Using Floating Gate Technology

Bemard Angeniol, Thomson CSF
01-06-1988: Self-Organizing Maps And The Esprit Program

Michael Arbib, University of Southern California
12-07-1987: Neural Network Simulator

Jacob Barhen, Oak Ridge National Laboratory

10-08-1987: Neural Networks, Combinatorial Optimization And Asynchronous Computation
12-07-1987: Concepts Of Asynchronous Processing

12-10-1987: Applications Of Neural Networks In Robotics

Eric Baum, Jet Propulsion Laboratory
12-10-1987: Neural Nets And Optimization Problems
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Guy Blelloch, Massachusetts Institute of Technology
11-03-1987: Implementation Of Back Propagation On The Connection Machine

Anselm Blumer, Tufts University
02-08-1988: Theoretical Developments On Machine Learning

J. Bower, California Institute of Technology
12-07-1987: Biological Simulations Of NN On Hypercube
12-10-1987: Introduction Of NN Technology Into Applications

Michael Brill, SAIC
12-17-1987: Retinal Photoreceptor Model

Heinrich Buelthoff, Mass. Institute of Technology
01-21-1988: Motion Detection In Fly And Machine Vision

Michael Cain, Booz-Allen and Hamilton, Inc.
11-17-1987: Sensor Data Fusion

Gail Carpenter, Center for Adaptive Systems
10-09-1987: Invariants Of Neural Networks For Adaptive Pattern Recognition And Robotics
12-22-1987: ART-11

Patrick Castelaz, Hughes Aircraft
11-18-1987: Neural Network Technology And Applications

Tony Chan, UCLA
12-09-1987: Discussion Of Parallel Multi-Grid Methods

C-C. Chen, Simmons College
12-17-1987: Modern Data Storage And Retrieval Systems

Alice Chiang, MIT/Lincoln Laboratory
12-02-1987: CCD Neural Net Processor And CCD Retina

Avis Cohen, Cornell University
01-05-1988: Central Pattern Generator For Locomotion Modeled As A System Of Coupled Limit-
Cycle Oscillators
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Dean Collins, Texas Instruments
01-05-1988: Adaptive Radar Processing

D. Coon, University of Pittsburgh
11-09-1987: New Artificial Network Technology

Leon Cooper, Brown University
10-09-1987: Neural Networks In Real World Applications: Biological And Computational Con-
straints

Robert Cooper, Atlantic Aerospace Corporation
12-14-1987: Strategic Computer Program Planning
01-14-1988: Strategic Computer Program Planning

Jack Cowan, University of Chicago
02-09-1988: Neural Net Survey; Eye-Brain Connections

Oliver Curme, Battery Ventures
01-06-1988: Venture Capitol Financing Of A Neural Net Company

John Daugman, Harvard University; Psychology Depart.
01-19-1988: Biological Early Vision Mechanisms

Robert Dawes, Martingale Research Corporation
11-11-1987: On The Simulation Of Neural Networks And Other Dynamical Systems

Gerald Edelman, Neural Sciences Institute
02-02-1988: Neural Darwinism

Mitchell Eggers, MIT/Lincoln Laboratory
01-05-1988: Biological Learning/Adaption For Pattern Processing

Richard Elsley, Rockwell Science Center
12-09-1987: Hopfield Net Application To Planning And Robotics

Robert Farber, Los Alamos National Laboratory
11-09-1987: Large Neural Network Simulations On Crays

33



Nabil Farhat, University of Pennsylvania

12-14-1987: An Optical Stochastic Neural Network

01-22-1988: Radar Target Recognition From Partial Information Based on Models Of Neural Net-
works

Jerome Feldman, Rochester University
10-09-1987: Massive Parallelism In Nature And Computer Science

John Fiala, National Bureau of Standards
11-02-1987: Robotics At NBS And Application Of Cerebella Model Arithematic Computer (CMAC)

George Fucik, TRW
11-18-1987: BM/C3

Lynn Garn, Center for Night Vision and EO
01-20-1988: Application Of Neural Networks To Target Classification

Jack Gelfand, SRI International
11-19-1987: A Multidisciplinary Study Of Integrated Adaptive Systems

A.P. Georgopoulos, Johns Hopkins University
01-07-1988: Coding Of Movement Direction By Neuronal Populations

Nigel Goddard, California Institute of Technology
11-12-1987: ANN Simulation

R. Goodman, California Institute of Technology
12-10-1987: Some Considerations In Applying Neural Nets To Decision Systems And Expert Sys-
tems :

Paul Gorman, Allied Signal
01-22-1988: Learned Classification Of Sonar Target Using A Massively Parallel Network

Hans Graf, ATandT Bell Laboratories
10-16-1987: Electronic Neural Network Integrated Circuits
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Guenter Gross, North Texas State University
01-05-1988: Importance Of Investigating Mammalian Neural Network Parameters For Neural Mod-
eling

Stephen Grossberg, Boston University
10-09-1987: Neural Networks And Combinatorial Optimization
01-19-1988: A Neural Network For Multiple Scale Filling In Of Fuse 3-D Visual Representations

Norberto Grzywacz, Massachusetts Institute of Technology
01-05-1988: Motion Measurement In Invertebrate

C. Guest, UCSD
12-14-1987: Optical Neurocomputing at UCSD

Allon Guez, Drexel University
10-14-1987: Adaptive Robotic Control

Todd Gutschow, HNC
12-08-1987: Simulators And Applications Of NN

Daniel Hammerstrom, University of Oregon
12-07-1987: Neural Net Simulation And Evaluation

Robert Hecht-Nielsen, HNC
11-09-1987: Perspectives On Neural Network Research
11-10-1987: Military Applications Of Neural Networks

Neville Hogan, Massachusetts Institute of Technology
12-18-1987: Tool-Use In Biological And Artificial Systems

Frank Hoppenstaedt, Michigan State University
01-05-1988: Phase-Locking Of Neuronal Circuits

David Hubel, Harvard Medical School
10-08-1987: Neural Mechanisms For Processing Visual Information

Larry Jackel, Bell Laboratories
11-11-1987: The Bell Labs Perspective On Funding For Neural Networks
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Von Jennings, Martin Marietta
01-22-1988: Trainable And Adaptable Neural Nets For Robot Control

K. Johnson, University of Colorado
11-11-1987: Optical Implementation Of Neural Networks

Leonard Johnson, Yale University
12-16-1987: Simulations Of Differential Equations On A Parallel Machine

Chuck C. Jorguesen, Thomson CSF
01-06-1988: Robot Navigation

Alex Jourjine, Analog Intelligence Corporation
10-30-1987: Random Code Neural Networks

Matthew Kabrisky, AFIT/ENG
12-18-1987: Processing Of Laser Radar Data With Neural Nets

J. Katz, Jet Propulsion Laboratory
12-14-1987: Optoelectronic Neural Networks

Knut Kongelbeck, Hughes Aircraft
10-19-1987: Exploratory Applications Of Neural Networks

F. J. Kub, Naval Research Laboratory
12-03-1987: Programmable Analog Synapes; Learning Implementations

Robert Kuczewski, TRW
12-08-1987: Mark III, IV, And V Neurocomputers From TRW

S-J. Kung, Princeton
11-09-1987: Systolic Neural Network Processor

Michael Kuperstein, Wellesley College
10-14-1987: Neural Networks For Adaptive Hand Eye Coordination
12-18-1987: Neural Dynamics Of Adaptive Sensory Motor Control
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Alan Lapedes, Los Alamos National Laboratory
11-09-1987: Large Neural Network Simulations On Cray

James Leonard, AFWAL
11-18-1987: Multifunctional CO2 Laser Radar For Automatic Target Recognition

Ralph Linsker, IBM
01-07-1988: Towards An Organizing Principle For A Perceptual Network

James Mann, MIT/Lincoln Laboratory
12-02-1987: Self-Organizing Kohonen Network

Christie Marrian, Naval Research Laboratory
12-03-1987: Electronic ‘Neural’ Net Algorithm For Solving Ill Posed Problems

Orin Marvel, Hughes Aircraft
11-17-1987: Future Command And Control Systems

Bimal Mathur, Rockwell
12-09-1987: Vision Chip Development At Rockwell

D. Maxwell, Levco
12-08-1987: Transputer Board For High Speed Simulation

Harold McBeth, General Dynamics
12-09-1987: Sensor Target Classification With A Neural Net

Murali Menon, MIT/Lincoln Laboratory
12-17-1987: Target Classification Using A Neural Net

W.T. Miller, University of New Hampshire
11-02-1987: Learning Algorithms For Robotic Control

Michael Miller, Washington University
01-19-1988: Entropy, Markov Random Fields, And Constrained Optimization
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Ennio Mingolla, Boston University
01-07-1988: A Neural Network Architecture For Pre-Attentive Visual Segmentation

Marvin Minsky, Mass. Institute of Technology
10-20-1987: Progress in Neural Networks?

Alan Moopenn, Jet Propulsion Laboratory
12-07-1987: Development Of A NN Simulator/Emulator

A. Murray, University of Edinburgh
11-12-1987: Bit Serial VLSI Implementations

Michael Myers, TRW
12-09-1987: Neural Net Applications At TRW

Krishnan Natarajan, MIT/Sloan School of Management
11-02-1987: Review Of Neural Network Study For Merril Pickard

William O’Neill, Rochester University
01-07-1988: Computational Maps For Echo Location In Bat Cortex

J. Michael Oyster, Hughes
01-06-1988: Adaption Edge Detection For ATR; A Guideline For Demonstrating the Advantage Of
NN For Intelligent Sensor Processors

John Pearson, SRI International
11-19-1987: A Multidisciplinary Study Of Integrated Adaptive Systems
12-18-1987: Applications Of Computational Maps

Andre Pellionisz, NYU Medical Center
10-14-1987: Tensor Geometry Connecting Neural Science And Robetics

Clif Penn, Texas Instruments
11-11-1987: Digital Image Processor Approach To Neural Net Simulation

Leonid Perlovsky, Nichols Research
11-17-1987: Multiple Sensor Fusion For Discrimination
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Fernando Pineda, Johns Hopkins University
01-22-1988: Applications And Implementation Of Dynamical Adaptive Systems

Tomaso Poggio, Mass. Institute of Technology
10-20-1987: Computer Vision vs. AI And NN
01-20-1988: Computer Vision And Neural Networks

Edward C. Posner, Jet Propulsion Laboratory
12-10-1987: Application Areas For NNs

Jack Raffel, MIT/Lincoln Laboratory
10-09-1987: Electronic Circuits For Neuromorphic Systems
12-02-1987: Wafer Scale Neuromorphic Systems Design

Todd Reed, University of Minnesota
11-04-1987: Segmentation Of Textured Images And Gestald Organization Using Spatial/Spatial Fre-
quency Represent

Ronald Rivest, Massachusetts Institute of Technology
02-05-1988: Theoretical Developments On Machine Learning

Steven Rogers, AFIT
12-18-1987: Processing Of Laser Radar Data With Neural Nets

David Rumelhart, Stanford University
10-09-1987: Neurally Inspired Networks

Howard Rumsey, Consultant
12-10-1987: Associative Memories

Thomas Ryan, SAIC
11-10-1987: GINNI: A Neural Network Simulator
12-17-1987: Artificial Adaptive Neural Network Systems

Doyce Satterfield, USASDC / Strategic Defense Command
11-17-1987: BM/C3 The Paramount Strategic Defense Problem

61



Walter Schneider, University of Pittsburgh
01-20-1988: Models For Focus Of Attention In Human Vision

Eric Schwartz, NYU Brain Research
10-08-1987: The Interface Between Neuroscience And Computer Science
01-07-1988: Computational Mapping

Terrence Sejnowski, Johns Hopkins University
10-09-1987: Analyzing The Hidden Units In Multilayered Neural Networks
01-05-1988: Computing Shapes From Shading With Neural Networks

Gordon Shaw, Univ. of California at Irvine
01-21-1988: Spatial-Temporal Coding In Dynamic Models Of Brain Function And Potential Appli-
cations

David Skapura, Ford Aerospace and Communications Corp.
12-11-1987: Practical Expert Systems, Neural Networks, And Frame Based Al

Charles Sodini, Massachusetts Institute of Technology
12-03-1987: Silicon Implementation Issues For Vision Processing; The MIT Database Accelerator:
A Novel Content Addressable Memory

Bemard Soffer, Hughes Research Laboratory
10-08-1987: Optical Implementation Of Neural Networks

David Spencer, MIT/Lincoln Laboratory
10-30-1987: Al In Air Traffic Control

Hal Stoll, Northrop Research and Technology Center
11-19-1987: DARPA ATR Optical Processors

William Stoner, SAIC
12-17-1987: Neocognitron Evaluation

Ted Sullivan, Princeton
01-07-1988: Computational Maps For Auditory Space Localization In The Owl’s Brain Stem

Richard Sutton, GTE Laboratory

62



01-06-1988: Connectionist Learning For Computer Integrated Manufacturing

Harold Szu, Naval Research Laboratory
10-15-1987: The Sixth Generation Computers And Super Technology

A. Tanguay,
12-14-1987: Fundamental Limits of Photorefractive Materials and Devices

David Tank, Bell Laboratories
10-08-1987: Neural Networks For Optimization Problems

M. Fernando Tenorio, Purdue University
11-12-1987: Simulations And Emulations

Anil Thakoor, Jet Propulsion Laboratory
11-12-1987: New Technology For Analog Synapses Based On Ion Transport

Tomasio Toffoli, Massachusetts Institute of Technology
11-04-1987: Cellular Automata As Neural Networks: Pattern Recognition And Tracking

David Touretzky, Carnegie Mellon University
11-11-1987: Back Propagation On The Warp Supercomputer

K. Wagner, University of Arizona
11-11-1987: Optical Implementation Of Neural Networks

Deborah Walters, SUNY/Buffalo
01-19-1988: Features, Representations And Computation For Neural Networks

David Waltz, Thinking Machines Corporation
10-20-1987: Connectionist And ‘Neural Net’ Models

Allen Waxman, Boston University
10-20-1987: Mobile Robots vs. Neural Navigators
01-19-1988: Motion Computation In Vision
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Harry Wechsler, University of Minnesota
11-04-1987: Distributed Processing For Invariant Recognition And Data Fusion

Fred Weingard, Booz-Allen and Hamilton, Inc.
11-18-1987: Laser Radar Signal Interpretation

James White, Honeywell Research Center
11-17-1987: Application Of Neural Networks

Harper Whitehouse, Naval Ocean Systems Center
10-27-1987: Advances In Technology For Signal Processing

Bernard Widrow, Stanford University
10-08-1987: Theory And Applications Of Layered Neural Networks - Past And Future

George Works, SAIC
12-08-1987: Development Of Anspec Software And Delta-1 Hardware For NN Simulation

G. Rakuljic Yarviv, Stanford University
12-14-1987: Photorefractive Materials and Applications in Phase Conjugate Optics

Ben Yuhaz, Johns Hopkins University
01-22-1988: Mapping Visions To Phonemes For Visual Speech Recognition
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APPENDIX B
NEURAL NETWORK GLOSSARY OF TERMS

ACAMs (Associative Content Addressable Memories) Neural networks whose associative
memory is content-addressable. I.e., when such a network is stimulated with some
fragment of an associated memory or pattern, the network will respond with the
entire memory or pattern. Thus the network can be addressed using a partial pattern
or memory rather than just its location. See also “Associative Memory.”

Adaline (Adaptive Linear Neuron) A member of a family of trainable pattern-classifiers which
distinguishes between patterns on the basis of linear discriminate functions. See also
“Perceptron,” “Multi-layer Perceptron,” and “Single-layer Perceptron.”

Adaptive Resonance Theory (ART) A type of neural network model trained without super-
vision which is used in pattern classification problems. ART actually describes two
classes of neural networks (ART I and ART II) that form categories for input data
with the coarseness of the categories determined by the value of a user-selectable
parameter (called the vigilance parameter).

Associative Memory A memory which allows retrieval of information by presentation of in-
exact or incomplete stored memory keys. Such a memory is tolerant of partial or
partially erroneous information. The Hamming Network is an example of an asso-
ciative memory. Also called ‘content-addressable memory’ and ‘associative learn-
ing.” See also “ACAMs (Associative Content Addressable Memories).”

Axon In biological systems, a nerve process attached to the soma which, unlike the dendrite,
is electrically active and can serve as the final output channel of the neuron. An
axon acts as a nonlinear threshold device that produces a rapid voltage increase
or decrease, called an ‘action potential.” An action potential is the pulse emitted
by a neuron. See also “Dendrite,” “Neuron,” “Neurotransmitters,” “Soma,” and
“Synapse.”

Backpropagation A learning algorithm for updating weights in a multi-layer, feedforward,
mapping neural network that minimizes mean squared mapping error.

Bidirectional Associative Memory A type of neural network model which is a hetero-associative
version of the Hopfield Network.

Boltzmann Machine A type of supervised neural network leaming algorithm in which net-
work states are determined by “simulated annealing.” Boltzmann machines use a
noise process to find the global minimum of a cost function.

Boundary Contour System (BCS) A type of neural network algorithm used in image seg-
mentation problems.
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Cellular Automata A mathematical formalization for parallel processes. Specifically, a cellu-
lar automaton is a graph whose nodes are finite-state machines (thus the underlying
graph, or ‘space,’ of a given cellular automaton is considered to be fixed; it cannot
be altered by any of its nodes). The operation of a cellular automaton is determined
by information passed between those nodes that are connected (in most cases, the
interconnections between nodes pass information bidirectionally).

Cerebellum In biological systems, the part of the brain which researchers believe controls vol-
untary movements. The cerebellum is present in all vertebrates and, in comparison
with the cerebrum, has a notably regular and simple architecture.

Cerebral Neocortex In biological systems, the major part of the cerebrum, containing most
of the brain’s neurons.

Cerebrum In biological systems, the brain.

CMAC (Cerebellar Model Articulated Controller) A type of neural network model which
adaptively forms complex nonlinear maps and is typically used in motor control
problems and defined by a redundant but direct, one-to-one, feedforward connection

topology.

Cochlea Chip An analog VLSI circuit modeled after the biological cochlea (a part of the mam-
malian ear).

Competitive Learning An unsupervised learning algorithm in which groups of processing el-
ements in a neural network compete among themselves to respond to a set of stim-
ulus input patterns. The winner within each group is the one whose connections
make it respond most strongly to the pattern; the winner then adjusts its connections
slightly toward the pattern that it won.

Computational Maps Two-dimensional arrays (often stacked along a third dimension) of lo-
cally interconnected processing elements that represent variables or objects by the
position and pattern of activity on their surfaces. Computational maps exhibit prop-
erties of topological self- organization, self-optimization, and fault tolerance.

Connectionism This term is based on an assumption shared by most massively-parallel com-
putational formalisms: that only a small number of bits of information can be sent
from one processor to another. Hence, an important conventional computer mech-
anism — i.e., passing complex symbolic structures — cannot be used directly. So the
burden of computation is put on the connection structure of the network. ‘Connec-
tionist’ systems have become largely synonymous with neural networks.

Connectivity Neural networks exhibit several kinds of patterns of connectivity between their
processing elements, depending on the neural network model being used.

Processing elements, or nodes, may be fully connected, locally connected to neigh-
boring nodes, or sparsely connected to a few distant nodes. In addition, networks
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may be layered and the processing elements, or nodes, in these layers linked by
means of feedback or feedforward connections.

See also “Feedback,” “Feedforward,” “Full Connectivity,” “Local Connectivity,”
“Nearest Neighbor Connectivity,” “Sparse Connectivity,” and “Neural Network.”

Convergence Procedure Insome neural networks, after a finite number of presentations to the
network of given stimulus- response patterns, the values of the network’s weights
approach the set of values representing whatever computation or classification that
is embodied in the stimulus-response patterns.

Crosstalk The overlap of input patterns in a neural network, which can result when a net-
work does not have enough processing elements to allow one element or a group of
elements to be reserved exclusively for every possible input pattern.

Darwin III Automaton A type of neural network model using self-supervised training; this
model is a complex simulated automaton that learns to follow a moving target and
touch the target with a multi-jointed arm. It is an instantiation of a developing theory
of brain function called ‘neural darwinism.’

Dendrites In biological systems, the long, irregularly- shaped nerve processes attached to the
soma which either (a) receive inputs from other neurons via specialized contacts
called synapses or (b) connect other dendrites to synaptic outputs. Dendrites are
electrically passive; the geometry of their tree- like shapes can have major effect
on the time course and final potential of any synaptic activation. See also “Axon,”
“Neuron,” “Neurotransmitters,” “Soma,” “Synapse.”

Distributed Representation Each entity or concept is represented by a pattern of activity dis-
tributed over many processing elements, and each processing element is involved
in representing many different entities or concepts. As opposed to local or unary
representation. See also “Grandmother Cells” and “Local Representation.”

Dryware Idiom for man-made systems which perform information processing, control, or em-
ulation of human intelligence; used in contrast to ‘wetware.’ See also “Wetware.”

Excitation See “Neurotransmitters” and “Weight.”

Fan-in The number of processing elements that either excite or inhibit a given unit.

Fan-out The number of processing elements directly excited or inhibited by a given unit.

Feedback Characterized by multi-layer neural networks with recursive connections that iterate
over many cycles to produce an output. An example of a feedback neural network

is the Hopfield Network. Contrasted with ‘feedforward.’ See also “Connectivity”
and “Feedforward.”
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Feedforward Characterized by multi-layer neural networks whose connections exclusively
feed inputs from lower to higher layers; in contrast to a feedback network, a feed-
forward network operates only until its inputs propagate to its output layer. An
example of a feedforward neural network is the multi- layer perceptron. See also
“Connectivity” and “Feedback.”

Fixed Weight See “Weight.”

Formal Neurons Simplified artificial representations of biological networks of neurons based
on a proof that all those processes which can be described with a finite number of
symbolic expressions —e.g., simple arithmetic, recursive application of logical rules,
etc. — can be embodied as simple logical switches (published by W.S. McCulloch
and W.H. Pitts in 1943). Also called McCulloch-Pitts networks.

Full Connectivity All processing elements, or nodes, in a neural network are connected to
all other processing elements, or nodes; also ‘fully connected.’ In contrast to local
and sparse connectivity. See also “Connectivity,” “Local Connectivity,” “Nearest
Neighbor Connectivity,” and “Sparse Connectivity.”

Graceful Degradation In neural networks, the notion that no single processing element or
neuron is essential to the network’s operation; network performance gradually dete-
riorates as more and more processing elements are destroyed, but there is no single
critical point at which performance breaks down.

Grandmother Cells In neural networks, processing elements which store memory on a one-
to-one basis. See also “Distributed Representation,” “Local Representation.”

Hamming Network A neural network algorithm, based on the Hopfield Network, which is
used in pattern classification problems. The feedforward Hamming Network is no-
table for requiring fewer connections than the Hopfield Network. Also called the
‘unary Model.’

Hebbian Learning A learning algorithm in which the repeated excitation of the interconnec-
tion between two processing elements causes the strength, or weight, of that inter-
connection to increase.

Hidden Units Those processing elements in multi-layer neural network architectures which
are neither the input layer nor the output layer but are located in between these and
allow the network to undertake more complex problem-solving (i.e., nonlinear map-
ping) than networks with no hidden units. Also called ‘hidden layers of processing
elements.’

Hippocampus In biological systems, the part of the brain, located in the temporal lobe of the
cerebrum, thought to be the site of formation of short-term or working memories,
especially those related to spatial aspects of a biological organism’s environment.
Like the cerebellum, the hippocampus has a strikingly regular structure.
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Hopfield Network A type of neural network model characterized by full connectivity, feed-
back, and unsupervised training which is used in pattern classification and optimiza-
tion problems.

Indium Bump Bonding A technology under development for connecting non-silicon infrared
detector arrays to silicon integrated circuit preamplifiers and signal processors. Bump
bonding is being proposed as a means of achieving massively parallel interconnec-
tions of neural networks.

Inhibition See “Neurotransmitters” and ‘“Weight.”
Input See “Processing Element” and “Weight.”

Interconnect The links or information channels between a neural network’s processing el-
ements. The pattern of these interconnections must be appropriate to the neural
network’s application. See also “Connectivity,” “Neural Network,” “Processing El-
ement,” and “Weight.”

Kohonen Self-organizing Feature Map A type of neural network learning algorithm which
does not require explicit tutoring of input-output correlations and spontaneously
self-organizes upon presentation of input information patterns. It is used in opti-
mization and pattern classification problems.

Kurogi Spatiotemporal Pattern Recognition Model A neurobiological neural network model
trained with supervision which attempts to model and predict internal neuron dy-
namics.

Layers The processing elements of a neural network are arranged into layers (also called
‘slabs’). Although the weights of each of the processing elements in a layer may
vary, all processing elements in a layer have the same transfer function. See also
“Connectivity.”

Learning Algorithms In neural networks, the equations which modify some of the weights of
processing elements in response to input signals and values supplied by the transfer
function; the learning algorithm(s) employed in a neural network allow the process-
ing elements’ responses to input signals to change over time.

LMS (Least Mean Square) Algorithm A modification to the perceptron convergence pro-
cedure which can form the least mean squared solution in certain problems. This
solution, used the Adaline, minimizes the mean squared error between the desired
output of a perceptron-like network and the actual output. See also “Adaline.”

Local Connectivity The processing elements, or nodes, in one layer of a multi-layer neural
network are connected only to the corresponding nodes in other layers. In contrast to
full and sparse connectivity. See also “Connectivity,” “Full Connectivity,” “Nearest
Neighbor Connectivity,” and “Sparse Connectivity.”
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Local Representation Inneural networks, the use of one processing element to represent each
entity or concept. Also called unary representation; as opposed to distributed repre-
sentation. See also “Distributed Representation” and “Grandmother Cells.”

Markov Random Field Network A type of neural network algorithm used in optimization
problems and closely related to cellular automata.

Marr Neocortex Model A neural network model trained with supervision which attempts to
determine the function of biological cell layers in the neocortex.

Multi-layer Perceptron A multi-layer feedforward neural network that is fully connected and
which is typically trained by the backpropagation learning algorithm.

Nearest Neighbor Connectivity A type of local connectivity in which a neural network’s pro-
cessing elements, or nodes, are connected to those processing elements, or nodes,
which are physically contiguous. See also “Connectivity,” “Full Connectivity,” “Lo-
cal Connectivity,” and “Sparse Connectivity.”

Neocognitron A type of neural network model used in pattern classification problems. The
neocognitron model combines an unsupervised learning algorithm with a multi-
layer architecture designed to provide pattern recognition with tolerance to posi-
tional shifts, geometric distortion, and scale variation.

Neural Network An information processing system which operates on inputs to extract in-
formation and produces outputs corresponding to the extracted information. Also
called ‘artificial neural networks,’ ‘connectionist models,’ ‘parallel distributed pro-
cessing models,’ ‘neuromorphic systems.’

Specifically, a neural network is a system composed of many simple processors —
fully, locally, or sparsely connected — whose function is determined by the connec-
tion topology and strengths. This system is capable of a high-level function, such as
adaptation or learning with or without supervision, as well as lower-level functions,
such as vision and speech pre-processing. The function of the simple processor and
the structure of the connections are inspired by biological nervous systems.

The key attributes of neural networks are (a) massive parallelism, which results in
high-speed decisions and potential fault tolerance, and (b) adaptivity, which means
neural networks can be trained rather than programmed in the classical way, and
their performance may improve with experience.

A neural network is described by either an algorithm (which specifies the functional
transformation from inputs to outputs) and/or an implementation (the physical real-
ization of the processing mechanism that runs the algorithm).

See also “Connectivity,” “Processing Element,” and “Weight.”

Neurodynamics The study of the generation and propagation of synchronized neural activity
in biological systems.
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Neuron The nerve cells in biological systems. These can be categorized into two broad types
— local processing ‘interneuron’ cells and output cells. Each neuron has an inside
and an outside separated by a plasma membrane. The inside of the cell and the
fluid surrounding the cell have different concentrations of charged ions which create
a potential difference across the membrane; these differential ion concentrations
provide the electrical energy for all nerve cells (just like a battery). See also “Axon,”
“Dendrite,” “Neurotransmitters,” “Processing Element,” “Soma,” and “Synapse.”

Neurotransmitters In biological systems, specialized molecules that act across synapses and
which open up neural membrane channels that permit ionic currents (i.e., action po-
tentials) to act. Neurotransmitters and currents either depolarize the membrane, re-
sulting in neural excitation, or hyperpolarize it, resulting in neural inhibition. Some
50 different neurotransmitters have been identified so far; some appear to play an
important role in determining patterns of neural interconnections. See also “Axon,”
“Dendrite,” “Neuron,” “Soma,” and “Synapse.”

Output See “Processing Element” and “Weight.”

Pattern Classifiers Mappings that define partitionings of feature space into regions corre-
sponding to class membership.

Perceptron A member of a family of trainable pattern-classifiers which distinguishes between
patterns on the basis of linear discriminate functions. See also “Adaline,” “LMS
Algorithm,” “Multi-layer Perceptron,” and “Single-layer Perceptron.”

Processing Element The simple processors (also called ‘neurons’ after their biological inspi-
ration, or, simply, ‘units’) that are the essential units of which a neural network is
comprised.

Every processing element, which is endowed with only a small amount of local
memory, receives one or more inputs from other processing elements or from exter-
nal sources; these inputs are then modified by some weighted value specific to each
input according to a learning algorithm. The sum of the products of the different
weights times their individual inputs is then computed by the processing element.
The processing element generates a single output signal that depends on these input
sums. This single output signal can be fanned out to some number of other process-
ing elements or be used as output from the network.

See also “Connectivity,” “Neural Network,” and “Weight.”
Receptive Fields In some multi-layer neural networks, a processing element in the hidden

layer(s) may receive input from a group of neighboring units, called the receptive
field.

Reduced Coulomb Energy (RCE) Network A type of neural network model used in gen-
eral classification problems and characterized by a sparse, feedforward connection
topology and supervised training.
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Relaxation In neural networks, the notion that computation proceeds by iteratively seeking
to satisfy a large number of weak restraints; thus connections represent constraints
on the co-occurrence of pairs of processing elements. The network settles into a
solution rather than calculating one.

Retina Chip A type of neural network model used as a VLSI vision front-end and character-
ized by local connectivity.

Self-organization The autonomous modification of the dynamics of a complete neural net-
work via learning in some or all of its processing elements to achieve a specified
result. See also “‘Self-supervised Training,” “Supervised Training,” and “Unsuper-
vised Training.”

Self-supervised Training A means of training adaptive neural networks; self-supervision is
used by automata which require internal error feedback to perform some specific
task. For example, automata which learn to track a moving spot by controlling
simulated eye muscles can generate an error signal based on the distance between
the position of the spot on a simulated retina and the center or fovea of the retina.
See also “Self- organization,” “Supervised Training,” and “Unsupervised Training.”

Simulated Annealing A stochastic computational technique derived from statistical mechan-
ics for finding near globally-minimum-cost solutions to large optimization prob-
lems.

Single-layer Perceptron A type of neural network algorithm used in pattern classification
problems and trained with supervision. The single- layer perceptron generated much
interest when it was initially developed in the 1950s by Rosenblatt because of its
ability to learn to recognize simple patterns. Connection weights and the thresholds
in a perceptron can be fixed or adapted using a number of different algorithms. See
also “Adaline” and “Perceptron.”

Site Function In a neural network, a processing element’s inputs are connected to specific
sites. A processing element may have more than one “input site.” Each site has
an associated site function which carries out local computation based on the input
values at the site.

Soma In biological systems, the large, round central body of a neuron which contains the ge-
netic and metabolic machinery necessary to keep the neuron alive. See also “Axon,”
“Dendrite,” “Neuron,” “Neurotransmitters,” and “Synapse.”

Sparse Connectivity The processing elements, or nodes, in a neural network are connected to
only a few distant other processing elements, or nodes. In contrast to full and local
connectivity. See also “Connectivity,” “Full Connectivity,” “Local Connectivity,”
and “Nearest Neighbor Connectivity.”
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Stochastic A process involving a randomly determined sequence of observations, each of
which is considered as a sample of one element from a probability distribution. Sto-
chastic variation implies randomness as opposed to a fixed rule or relation in passing
from one observation to the next in order.

Supervised Training A means of training adaptive neural networks which requires labeled
training data and an external teacher. The teacher knows the desired correct response
and provides an error signal when an error is made by the network. This is some-
times called ‘reinforcement learning’ or ‘learning with a critic’ when the teacher
only indicates whether a response was correct or incorrect but does not provide
detailed error information. Also called ‘hetero-associative learning.” As opposed
to unsupervised training, self-organization, and auto-associative learning. See also
“Self-organization,” “Self-supervised Training,” and “Unsupervised Training.”

Synapse In biological systems, the tissues connecting neurons. Synapses are the specialized
contacts on a neuron which are the termination point for axons from other neurons.
Synapses make contact with the dendrites from other neurons and are capable of
changing a dendrite’s local potential in a positive or negative direction. See also
“Axon,” “Dendrite,” “Neuron,” “Neurotransmitters,” and “Soma.”

Transfer Function The differential (or difference) equations which determine each process-
ing element’s operation. These equations describe how the output signal evolves in
time as a function of the input signals.

Unsupervised Training A means of training adaptive neural networks which requires unla-
beled training data and no external teacher. Data is presented to the network and in-
ternal categories or clusters are formed which compress the amount of input data that
must be processed at higher levels without losing important information. This clus-
tering task is sometimes called ‘vector quantization.” See also “Self-organization,”
Self-supervised Training,” and “Supervised Training.”

Value Unit Coding In neural network data representation, the encoding of the value of a vari-
able as the location of an active processing element, or node. Such nodes are often
arranged in an orderly fashion to form a topographic map of some external variable.

Variable Unit Coding In neural network data representation, the encoding of the value of a
variable as the amplitude of the output of a processing element, or node.

Vector Quantization See “Unsupervised Training.”

Viterbi Network A neural network architecture which implements a temporal decoding algo-
rithm used for nonlinear-analog-processing-based speech recognition.

Weight A processing element (or neuron or unit) need not treat all inputs uniformly. Process-
ing elements receive inputs by means of interconnects (also called ‘connections’
or ‘links’); each of these connections has an associated weight which signifies its
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Wetware

strength. The weights are combined into a simple value in order to update the pro-
cessing element’s potential.

The processing element communicates with the rest of the network by transmitting
this simple value to all the other processing elements to which it is connected. This
output value is often described in terms of a level of excitation (which is quite dif-
ferent from the binary on-off typical of digital systems). A processing element’s
potential reflects the amount of excitation it has been receiving from other process-
ing elements.

There is a separate processing element dedicated to each possible value of each of
the parameters defined in the system (a neural network with pre- defined parame-
ters is considered fixed). Since a consistent state in the network requires that there
should be only one active value for each parameter, the network has mutually in-
hibitory connections among the competing values for each parameter. Thus the net-
work itself embodies mutual constraints and its behavior is characterized by states
where a coalition of mutually reinforcing processing elements becomes stable and
suppresses its rivals. In a neural network there are, therefore, many active process-
ing elements forming one or more coalitions. Any given processing element will
participate in several coalitions and need not have a simple response pattern.

See also “Connectivity,” “Processing Element,” and “Neural Network.”

Idiom for biological systems which exhibit a capacity to perform information pro-
cessing functions, control functions, or intelligence; used in contrast to dryware.
See also “Dryware.”
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1. OVERVIEW

1.1 INTRODUCTION

Neural networks are systems made of many simple processing elements operating in parallel whose
function is determined primarily by the pattern of connectivity. These systems are capable of high-level
functions, such as adaptation or learning, and/or lower level functions, such as data preprocessing for vi-
sual or auditory inputs. Neural networks are inspired both by biological nervous systems and mathematical
theories of learning, information processing, and control.

1.2 NEUROBIOLOGY

The design of neural networks draws heavily on developments in the field of neurobiology. Recent
neurobiological studies have demonstrated neural plasticity with training in the somatosensory (sense
of touch) cortex of mammalian brains [186] and in the hippocampus (an area of the brain required to
form long-term memories) [24,164,243]. Studies have also been successful in determining the function
of sensory areas in the brain responsible for early vision and hearing. Little is known of the functioning
of high-level brain structures such as the neocortex. Neurobiological studies have also led to a detailed
understanding of some complex neural structures, such as those in the bat used to process sonar retumn
signals [251] and those in the owl used to localize prey via auditory inputs [136,137,146].

Some neural network models are biologically unrealistic and use overly simplified neurons. Other more
realistic and complex models are being developed and explored as simulation and analysis techniques
improve and as results from neurobiological studies are disseminated. For example, recent neurobiological
research has demonstrated that many types of map-like data representations are used in biological brains
[17,137]. Some of these map-like representations are now being used in neural network models [17,148,
268]. Other work has demonstarted that complex types of temporal processing and nonlinear operations
are performed in neurons. Complex neuron models are also being used in neural network models (48,67,
150,215,225,257].

Finally, biological studies have demonstrated that there are multiple distinct neural structures in the brain
which interact to perform various sensory functions. Neural network researchers have begun to explore
more complex multi-module structures that share this characteristic of biological brains [114,148,215].

1.3 MATHEMATICAL THEORY

Mathematical theory in the field of neural networks builds on results from many other fields of science
—including pattern classification theory, information theory, nonlinear system theory, optimization theory,
machine learning theory, game theory, automata theory, population dynamics, and evolution theory. Neu-
ral network researchers are, however, establishing a unique and strong theoretical foundation by exploring



the limitations and capabilities of specific networks and algorithms and by exploring the theoretical lim-
itations of learning in different contexts. This research has been surprisingly successful in a number of
areas. These include:

e New Parallel Computer Architectures. The approach to achieving realtime re-
sponse using fine-grain parallelism has led to large supercomputers, such as the
Connection Machine [102], and analog VLSI chips for hearing and vision prepro-
cessing modeled after the cochlea and retina [ 183,185]. This approach has also led to
parallel analog architectures to implement some of the most promising algorithms
in the fields of vision and hearing [140,158,207] as well as almost all traditional
classifiers [142,157]. New neural network classifiers often require less memory and
simpler computations during training than more conventional approaches and pro-
vide faster responses by using fine-grain parallelism.

e Learning Theory. The emphasis on learning and adaptation has led to a long string
of neurally inspired adaptive classification algorithms beginning with the perceptron
convergence procedure and the least mean square (LMS) algorithm and extending to
the more recent backpropagation, feature map, and reduced Coulomb energy (RCE)
algorithms. These algorithms have driven theoretical advances in pattern classifica-
tion and machine learning theory. Recent work is exploring three important areas.
One consists of building hierarchical networks which use combined unsupervised
and supervised learning. Such networks have been suggested by many researchers
[96,100,114,264] and recent work has demonstrated rapid formation of complex
mappings with little supervised training [96,114].

Recent work is also exploring an area called “distribution-free learning” which is
associated with the work of Valiant [127,265]. This work focuses on determining
those types of input/output mappings that are learnable. Here a mapping is consid-
ered learnable if the time it takes to learn it grows less than exponentially in the
number of inputs. This work indicates that specific types of data representations
and network structures are necessary to provide rapid learning for classification and
decision problems.

Other empirical and theoretical work involves examining the properties of robot-
like automata that learn by interacting with objects in a simulated environment
[215,221,256]. Some of these automata build internal models of the environment
over time and can then use these models to plan future actions. Although the neces-
sity of building internal models of the world has often been noted [15,247,255], it is
only recently that inroads have been made in this area. This work is opening up an
important area of learning where internal models of a limited environment are built
through interaction and do not have to be pre-programmed into the network. Learn-
ing algorithms using this approach could solve one of the most important problems
in the field of artificial intelligence — that of obtaining and using common sense
knowledge.



e New Parallel Neural Network Algorithms. A focus on fine- grain parallelism has
led to the development of new algorithms for speech, vision, and robotics applica-
tions. These new algorithms either provide better performance, faster response, or
are easier to implement in parallel architectures than more conventional algorithms.
New highly parallel algorithms represent one of the major approaches in the vision
field. Neural network algorithms are also beginning to be explored in the fields of
speech recognition and robotics.

e Explaining and Modeling Neurobiology. Developments in computational neural
networks have the side effect of helping to model neurobiological systems. This
is typified by the recent use of backpropagation to generate receptive fields similar
to those of posterior parietal neurons [283]. As neurobiological techniques become
more advanced and the response of many neurons can be measured simultaneously,
neural network models will become more and more important in analyzing data and
suggesting directions for further study.

1.4 CONCLUSIONS

Further basic research is necessary before important new neural network applications should be ex-
pected. This research should focus on basic issues of learning, data representation, and network structure
in the application areas of vision, speech, and robotics.

Overall, this is a fascinating research field. It has good potential for providing realtime vision and
speech recognition and for developing more powerful automatic learning techniques and capable learning
automata. Although this field has received little funding, its potential has been demonstrated by recent
empirical results with multi-module networks and learning automata, by recent theoretical results, and by
serious interest expressed by not only students, but also by seasoned researchers and Nobel laureates.



2. BACKGROUND

2.1 INTRODUCTION

As noted in the beginning of Chapter 1: Overview, neural networks are systems made of many sim-
ple processing elements operating in parallel; their function is determined primarily by the processing
elements’ pattern of connectivity. Despite the simplicity of their components, these systems are capa-
ble of high-level functions, such as adaptation or learning, as well as lower level functions, such as data
preprocessing for visual or auditory inputs; they are inspired by biological nervous systems.

Adaptive neural networks can be trained using supervised, unsupervised, or self-supervised training.
Supervised training requires labeled training data and a teacher who provides error information. Unsu-
pervised training forms internal clusters automatically with unlabeled data. Self-supervised training uses
internal monitoring and error correction to improve performance without an external teacher.

Neural networks are characterized by their topology and the internal data representations used to repre-
sent external variables. Many representations, such as topological maps, are motivated by representations
observed by neurobiologists.

The recent resurgence of interest in neural networks is due to many factors, including new algorithms
and models, new neurobiological information, the availability of computers for simulations, new interest
in parallel algorithms, and continuing interest in modeling brain function.

2.2 THE PANEL’S CHARTER

The Neural Network Study’s Adaptive Knowledge Processing Panel (Panel 2) was mandated to gather
together those mathematical and neurobiological findings that form a theoretical framework for the field
of neural networks. Important models, learning algorithms, mathematical proofs and derivations were
reviewed by the Panel, as were recent developments in neurobiology.

This chapter introduces neural network models and a taxonomy used to classify these models. The fol-
lowing chapters review important models as well as developments in neurobiology and cognitive science
and other related fields. They also provide an assessment of the theoretical basis of the neural network
field and recommendations for further work.

2.3 DEFINING ‘NEURAL NETWORK’

It is worth repeating again: a neural network is a system composed of many simple processing elements
operating in parallel whose function is determined by network structure, connection strengths, and the
processing performed at computing elements or nodes. As noted already, neural networks can perform
high-level tasks, such as adaptation or learning, or low-level tasks, such as preprocessing sensory input
data for vision tasks or speech recognition. Neural network architectures are inspired by the architecture



of biological nervous systems, which use many simple processing elements operating in parallel to obtain
high computation rates. Figure 2-1 illustrates this definition.

NEURAL NETWORK PROCESSING ELEMENT

Figure 2-1. Example of a Neural Network and a Nodal Processing Element.

A small interconnected neural network is presented on the left side of this figure and one simple type
of processing element or node is presented on the right side. This particular node sums all inputs and
passes them through a nonlinearity. Nodes are almost always nonlinear, typically analog, and may be
slow compared to modern digital circuitry. Nodes may also include temporal integration and other types
of time dependencies and also mathematical operations more complex than summation.

Architectures and processing elements used in neural network models are simplified versions of those
observed in biological nervous systems. Figure 2-2 illustrates a number of different types of biological
neurons and a small biological neural network.

% CEREBELLUM
NETWORK

BIPOLAR
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Figure 2-2. Biological Neurons and a Small Biological Neural Network.
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As can be seen, biological networks contain many types of neurons, many sub-networks, and rich con-
nectivity. Characteristics of biological neural networks that artificial neural network models hope to pro-
vide include:

Fault tolerance to loss of a small number of computational elements,

Insensitivity to small variations between computational elements,

The need for primarily local connectivity and local learning rules,
e Realtime response, and

Parallelism.

2.4 TRAINING PROCEDURES
Adaptive neural networks can be trained using using three types of training procedures:

e Supervised training, which requires labeled training data and an external teacher.
The teacher knowns the desired correct response and provides a feedback error sig-
nal after each trial. This is sometimes called reinforcement learning or learning with
a critic when the teacher only indicates whether a response was correct or incorrect
and does not provide detailed error information.

o Unsupervised training, sometimes called self- organization, uses unlabeled train-
ing data and requires no external teacher. Data is presented and internal categories
or clusters are formed which compress the amount of input data that must be pro-
cessed at higher levels without losing important information. Clustering is an impor-
tant component of many pattern classification procedures [55,98]. It is sometimes
called vector quantization when used to convert analog inputs into a binary form
suitable for transmission or storage [168].

e Self-supervised training is used by automata which monitor performance inter-
nally and require no external teacher. For example, automata which learn to track a
moving spot by controlling simulated eye muscles can generate an error signal based
on the distance between the position of the spot on a simulated retina and the center
or fovea of the retina. Self-supervision is sometimes called learning-by-doing or
learning by experimentation.

2.5 TOPOLOGY

Patterns of connectivity between nodes vary across neural network models. Nodes may be only locally
connected to neighbors, fully connected to all other nodes, or sparsely connected to a few distant nodes.



In addition, networks may be layered with exclusively feedforward connections from lower to higher
layers as in multi-layer perceptrons [225] or provided with recurrent feedback connections as in fully-
connected Hopfield networks [109].

Networks with recurrent connections must iterate over many cycles to produce an output, while feedfor-
ward networks must operate only until the inputs propagate to the output layer. Feedback networks may
be unstable for certain conditions, while feedforward networks have guaranteed stability. An unstable
network will have outputs that oscillate, that vary chaotically over time, or that lock up to fixed values.

2.6 DATA REPRESENTATION

Past work on artificial intelligence and neurobiology has demonstrated the importance of data represen-
tation. This importance has been substantiated by research with neural network models which can support
many different types of internal data representations.

Distributed representations, where the value of an internal variable is represented by outputs of many
nodes over a wide region, are used, as are local representations, where the value is represented by outputs
of only a few nodes {226].

In addition to this dichotomy, variables can be represented using value unit and variable unit coding
[17]. Variable unit coding encodes the value of a variable as the amplitude of the output of a node.
Value unit coding encodes the value of a variable as the location of an active node. Such nodes are often
arranged in an orderly fashion to form a topographic map of some external variable such as frequency of
a tone (tonotopic map). In the extreme, each node represents one possible value of the variable. More
typically, coarse coding, coarse-fine, or interpolation codings [67,226,18,268] are used where a few nodes
are used to represent a variable value with high precision. These nodes have overlapping response regions
as are found in biological networks.

2.7 RECENT INTEREST AND POTENTIAL

Artificial neural network models have been studied for many years in the hope of achieving human-like
performance in the fields of speech recognition, machine vision, and robotics. The recent resurgence of
interest in neural networks is due to many factors, including:

e The development of new training algorithms [4,105,225] and network design pro-
cedures [112,258].

e The demonstration of the ability of relatively simple networks to perform human-
like tasks, such as associative recall [109,111] and forming text-to-phoneme rules
[232]. Also the demonstration that neural networks can solve complex combinato-
rial problems, such as the traveling salesman problem [112,258].

e Arenewed interest in adaptive algorithms and the desire for systems that self-organize
and learn from examples to reduce programming time.



o The demonstration that parallel analog neural networks can be implemented in VLSI
at high densities [182,184,183].

o The realization that human-like tasks, such as visual object recognition and speech
recognition, are extremely difficult and will require massive parallelism for realtime
response.

o Interest in new parallel computer architectures resulting in computers such as the
Connection Machine with 64,000 parallel processors [102].

o Developing experience with different data representations suitable for parallel pro-
cessing, and the demonstration of the importance of data representation from the
fields of artificial intelligence and neurobiology.

o The relatively recent widespread availability of affordable, powerful computers for
simulation studies.

e A continuing interest in building systems that have some of the parallelism, adap-
tivity, and fault tolerance of biological brains.

o The presumed failure of more conventional approaches to problems in the fields of
vision, speech, and robotics.

Although much of the current interest was inspired by work on a few relatively simple models [109,
112,232], the Adaptive Knowledge Processing Panel found that a solid theoretical foundation is being
built, complex multi-module neural network structures are being developed, and researchers from many
disparate fields are cooperating to explore and develop this new field. Work that illustrates the potential
of this new field was reported at the recent IEEE Conference on “Neural Information Systems — Natural
and Synthetic ” held in Denver in November, 1987. In the remainder of this Part, the Panel reviews some
of this new work, which has led to greater theoretical understanding and design principles for complex
systems.



3. TASKS NEURAL NETWORKS PERFORM AND REPRESENTATIVE MODELS

3.1 INTRODUCTION

Neural network models can perform a wide variety of tasks useful for speech, vision, and robotics
problems. The primary tasks performed include:
e Pattern classification,
e Self-organization or clustering,

e Associative memory storage and access,

Vision and speech preprocessing,

Computational tasks such as those required to solve combinatorial optimization
problems,

Nonlinear input/output mapping such as is required in robotics control,

Sensory fusion of inputs from multiple sensors, and

Recognition of time-varying patterns as is required for speech recognition.

More that 30 different models have been developed. Important models include the Hopfield network,
single- and multi-layer perceptrons, the cerebellar model articulated controller (CMAC) network, the
feature map network, Darwin IlI, and the silicon retina chip. Many other important networks and multi-
module systems are being explored.

3.2 TASKS THAT NEURAL NETWORKS PERFORM

The field of neural networks includes many different models designed to address a wide range of prob-
lems in the primary application areas of speech, vision, and robotics.

Two separate classes of models have been explored. Neurobiological models closely model some as-
pect of biological brain function and/or animal or human behavior. Computational models perform some
technically important function. Neurobiological models are judged by how well they summarize exist-
ing neurobiological and psychophysical data and on the accuracy of predictions. Computational models
are judged primarily by their potential impact and by their performance and implementation efficiency.
The Neural Network Study and the efforts of the Adaptive Knowledge Processing Panel have focused on
computational models due to their potential technical importance.

A recent thorough review of neurobiological models can be found in [42], and the importance of these
models is discussed in Chapter 14.: Neurobiology and Neural Networks of this Part of the Neural Network
Study Technical Report.

11



Researchers developing computational models tend to focus on one or more of the following common
problem areas:

e Designing neural network architectures to implement important conventional archi-
tectures.

e Developing new highly parallel neural network algorithms.

e Analyzing algorithms using simulation and theory.

e Implementing algorithms in hardware.

Most researchers focus on neural networks that perform those seven major tasks illustrated graphically
in Figure 3-1. These tasks include:

SENSORY DATA PREPROCESSING
(Vision, Speech)

CLASSIFICATION I‘.I \
| | \

M
W :\% "CAT', MOT'ON, Ii/.’;{-/ Lyt
COLOR, ——
DEPTH
SELF-ORGANIZATION/ NONLINEAR MAPPING
CATEGORY FORMATION
f X| 01
X
2 8 X2 02
s
ROBOTIC CONTROL
X; —
ASSOCIATIVE MEMORIES MULTI-SENSE AUTOMATA

N\
\‘.\’® "}‘ ;/D e

Figure 3-1. Seven Tasks that Neural Networks Can Perform.

e Classification. Classifiers are trained with supervision using labeled training data
to partition input patterns into a pre-specified number of groups or classes. These
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could represent different words for a speech recognizer or different objects for an
visual image classifier. Inputs to a classifier may be binary- or continuous-valued.

e Self-organization/Category Formation. Self-organizing networks partition input
examples into groups or clusters using unlabeled training data. This type of clus-
tering or vector quantization is an efficient technique for reducing information that
must be processed at higher levels with little loss in performance [55]. It also makes
good use of the large amount of unlabeled training data that is typically available in
speech and vision problems. The number of clusters formed many be pre-specified
or determined from the examples.

e Associative Memory. An associative, or content-addressable memory provides a
complete memory item from a key consisting of a partial or corrupted version of
the memory. For example, it might return a complete article citation from only the
author’s name or a complete image of a face from only the bottom half.

e Sensory Data Processing. An enormous amount of realtime preprocessing is per-
formed in the peripheral sensory vision and hearing centers. Neural networks can
perform this function in real time using massive parallelism.

e Computational Problems. Custom neural network architectures can be designed
to solve specific computation problems, such as the traveling salesman problem and
other constrained optimization problems, using nonlinear analog computation.

e Nonlinear Mapping. Many neural networks can map a vector of analog inputs into
an output vector using a nonlinear mapping function which can be leamed from
training data. These types of mappings are useful in many areas, including robot
control and nonlinear signal processing.

e Multi-sensor Automata. A number of complex, multi-module neural network au-
tomata have been built with visual input and a robot arm to manipulate objects in
an environment. These automata demonstrate how an eye or camera can leamn to
scan a scene using self-supervision, how control of a multi-jointed arm and hand
can then be leamed using self-supervision, and then how the eye and hand can be
coordinated to perform simple tasks. These automata also demonstrate how inputs
from multiple sensors can be fused to provide classification performance better than
could be achieved with a single sensor.

3.3 ILLUSTRATIVE NEURAL NETWORK MODELS

Past work has lead to many different networks which address the above problems and computational
tasks. Some of these networks are presented in Figures 3-2 and 3-3. Figure 3-2 emphasizes the biolog-
ical inspiration and types of training supported by the networks and Figure 3-3 emphasizes the tasks the
networks perform.
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Networks in Figure 3-2 are positioned vertically according to the type of adaptation used during training
and horizontally according to the relationship between the network and biological nervous systems.

Networks in the lower third of Figure 3-2 use fixed weights and are not adapted during use. Networks
in the middle third use supervised training, and networks in the upper third use unsupervised training or
are self-supervised.

Networks in the left of Figure 3-2 are computational models with little connection to biological networks
other than fine-grain parallelism. Networks in the middle have architectures modeled after early hearing
and vision areas, and networks toward the right are attempts to model higher cortical areas. Since present
knowledge of cortical function is minimal, these rightmost networks are only rough guesses that remain
to be verified.

More detail on six important networks from Figure 3-2 is provided in Table 3-1.

Network Function Inter- Adapt | Type of |Biological
Connects Learning |Inspiration

Hopfield Network | CAM, Energy | Feedback, | Yes  |Supervised | Parallel
Minimization |Full Processing

Multi-Layer Classification, | Feed- Yes |Supervised |Parallel

Perceptron Nonlinear forward, Processing

(Back Mapping Full

Propagation)

CMAC Robotics, Feed- Yes | Supervised | Cerebellum
Nonlinear forward, Model
Mapping Full

Feature Map Speech, Feed- Yes |Un- Cortical
Vector forward, Supervised | Maps
Quantization |Full

Darwin 111 Eye-Hand Complex |Yes |Self- Neuronal
Coordination Supervised | Groups
Automaton

Retina VLSI Vision |Grid, No None Retina

Chip Front End Local

Table 3-1.

Six Representative Neural Network Models

Networks in the lower third of Figure 3-2 are used for early vision processing (Markov random field,
BCS, retina chip) and for speech preprocessing (cochlea chip). The Markov random field network |75,
140,207] represents a neural network architecture for an algorithm useful for early vision processing. The
BCS, or boundary contour system [92], is a new neural network algorithm that forms boundaries used for
early vision. The retina chip [184] and cochlea chip [183] are analog VLSI integrated circuits modeled
after the retina and cochlea. The retina chip includes photodetectors with a logarithmic output and a wide
dynamic range, circuitry to average inputs locally in space, and circuitry to enhance temporal changes
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in contrast. The size of the initial retina chip is small (48-by-48 pixels) and it requires primarily local
connections as shown in Table 3-1. It includes roughly 100,000 transistors, and has been demonstrated
using live inputs. The retina and cochlea chips are good examples of the potential of integrating sensors
and parallel neural processing in a compact package.

Networks in the middle third of Figure 3-2 are trained with supervision. Hopfield introduced many
current researchers to the field of neural networks through his work with a recurrent network commonly
known as the Hopfield network. This is a fully-connected iterative network, as shown in Table 3-1, which
can be used as a content-addressable memory [109,111] or to solve combinatorial optimization problems
such as the traveling salesman problem [112,258].

The multi-layer perceptron trained with a new algorithm called backpropagation [225] also introduced
many researchers to the field of neural networks. It has been used successfully for many difficult problems,
including forming text to phoneme rules [234], as a classifier in speech and vision problems [225,267,114,
159], to classify sonar targets [82], and to form nonlinear mappings useful in nonlinear signal processing
[151]and robotics [244]. As shown in Table 3-1, a multi-layer perceptron is a layered feedforward network
where weights are adjusted with supervision to provide the desired output during training.

The Viterbi network [158] is a neural network architecture which implements a successful temporal de-
coding algorithm used for speech recognition using nonlinear analog processing. The reduced Couloumb
energy (RCE) classifier [216,231,217] differs from the other classifiers in Figure 3-2 in that extra nodes
are added when an error occurs due to the presentation of a novel input far from inputs which have already
been seen. This allows rapid single-trial learning and the ability form complex decision regions rapidly.
The Marr/Albus cerebellum model [5,171), called the CMAC model in Table 3-1, was originally a model
of the cerebellum. This is a part of biological brains that is required to coordinate fine motor movements.
The CMAC model forms complex nonlinear maps adaptively and has been used in a number of robotic
applications [5,187,125].

The Marr neocortex model [170] is an example of an attempt to determine the function of cell layers
in the neocortex, as is the Kurogi spatiotemporal pattern recognition model [150]. Kurogi’s model is
unique among high-level models in that it is one of the few to model internal neuron dynamics and specify
how nerve action potentials are generated and processed on a spike-by-spike basis. Most other models
include variables that represent the average cell firing rate. This is a neurobiological model which makes
predictions whose details can be tested by neurobiologists.

The upper third of Figure 3-2 includes models that are trained without supervision or with self-supervision.
The three left-most networks vector-quantize the inputs and form clusters. Competitive learning net-
works [227] form internal clusters from binary inputs while Kohonen’s feature map forms clusters from
continuous-valued inputs. Both networks form clusters using a fixed number of nodes and a sequential
algorithm similar in purpose to the conventional k-means clustering algorithm [55]. The feature map al-
gorithm is unique in that nodes representing clusters become arranged in a two-dimensional spatial grid
or map where nearby nodes respond to stimuli with similar characteristics. The adaptive resonance the-
ory (ART) clustering algorithm [32,31] forms a new cluster whenever an input is too far from an already
existing cluster.

The synaptic triad network [48] is the only network in Figure 3-2 other than the Viterbi network that can
recognize temporal pattern sequences. It self-organizes to form pattern sequence detectors that could be
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used in speech recognition applications or other applications, including vision, involving recognition of
temporal patterns. The neocognitron [72] is a multi-layer image classifier that can recognize handwritten
characters and provides translation invariance. Feature detectors in each layer are created using compet-
itive learning techniques. The right-most model, Darwin Il [57,215] is a complex simulated automaton
that learns to follow a moving target and touch the target with a multi-joined arm. It is the most recent
instantiation of a developing theory of brain function called Neural Darwinism [57].

3.4 IMPORTANT TRAINING AND PERFORMANCE ISSUES

The chapters which follow review in detail the neural network models mentioned above, as well as
others, using the taxonomy from Figures 3-1 and 3-3. Reviews of single- and multi-layer perceptrons
(Chapter 4), associative memories (Chapter 5), classifiers (Chapter 6), and recurrent networks (Chapter
7) are followed by chapters dedicated to the application areas of vision (Chapter 8), speech (Chapter 9),
and robotics (Chapter 10).

These chapters are not meant to be a thorough historical treatment. They are, rather, meant to be an
overview that supplements reviews available in [11,67,90,103,157,226,235]. This review emphasizes the
fundamental theoretical issues addressed by each network. These include:

e Capability. What tasks can this network perform? Is there a rich enough data rep-
resentation available to represent a solution to the problem the network must solve?
Does the network have the computational power to solve the problem?

o Credit Assignment. Given an existing set of variable weights, how is credit as-
signed to each weight during training for a correct or incorrect response?

e Training Issues.

1. How much training data is required for a given level of per-
formance?

2. How long does it take during training until internal weights
converge to final values?

3. How does training time change as the problem is scaled up
in size? Complexity analysis determines whether this time
grows as a polynomial or exponentially in the number of in-
puts or nodes.

4. How well does a classifier generalize? Given a limited set of
training data, how well does the network perform on other test
data not seen during training?

5. Can new items, classes, or behaviors be added without dis-
rupting current performance?

6. Is the network response invariant to irrelevant variability in
the input? How is this invariance obtained?
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How is training time affected by internal data representations?

e Performance/Operation Issues.

1.

How long does it take until the output settles and reaches the
desired solution?

. How accurate 1s the solution?

3. How is the network designed, and how does performance and

capacity vary with network size?

. How sensitive is the solution to component inaccuracies?

5. How fault-tolerant is the network when components are dam-

aged?

How easy is the network to implement with different types of
hardware?

. Is network operation stable? Do iterations in networks with

recurrent connections lead to a stable state where node outputs
are constant, or do node outputs vary continuously?

How is performance affected by internal data representations?
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4. SINGLE- AND MULTI-LAYER PERCEPTRONS

4.1 INTRODUCTION

Single- and multi-layer perceptrons are the simplest types of feedforward neural network models. Single-
layer perceptrons can be trained using the perceptron convergence procedure or the LMS algorithm and
can be used as classifiers and for adaptive signal processing. They can, however, only form simple half-
plane decision regions. A three-layer perceptron can form any decision region region and can approximate
any desired nonlinear input/output mapping. Such networks can be trained with a new algorithm called
backpropagation. These networks have been successfully used in many classification problems as well
as prediction and robotics problems where nonlinear mappings are required. They can form the decision
region required by any classifier and could thus replace any conventional classifier.

4.2 SINGLE-LAYER PERCEPTRONS

Single-layer perceptrons were first introduced by Rosenblatt [222]. A single-layer perceptron can be
used to classify a continuous-valued or binary-valued input vector into one of two classes. One such
network is illustrated in the left of Figure 4-1. A single node computes a weighted sum of the input
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Figure 4-1. A Single-layer Perceptron and Half-plane Decision Regions Formed During
Training Using the Perceptron Convergence Procedure.

elements, subtracts a threshold, and passes the result through a binary-valued nonlinearity denoted f;().
Each of the two possible outputs corresponds to a different classification response. The perceptron forms
two decision regions separated by a hyperplane.

This hyperplane is a line as shown in the plot on the right of Figure 4-1 when there are only two inputs.
This plot illustrates how weights change when a supervised error-correction training algorithm called the
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perceptron convergence procedure [55,222] is used to adapt weights. In this example, there are two input
classes denoted by crosses and circles. The decision boundary changed on trials 2, 4, and 80 after errors
occurred.

Rosenblatt and others [188,194] focused on the capabilities of perceptrons when input patterns (the vec-
tor of inputs) are binary. In this case, each input pattern is a vertex on a hypercube where the hypercube has
as many dimensions as there are inputs. If N represents the number of inputs, then there are 2 ¥ possible
input patterns in this case. Rosenblatt proved that if patterns in two input classes could be separated by a
perceptron, then the perceptron convergence procedure would converge and find a solution. Such sets of
patterns are called linearly separable. Further work demonstrated that a perceptron with M inputs could
form any desired grouping or dichotomy of fewer than 2 M random input patterns with high probability
[194]. Perceptrons are thus often said to have a capacity of 2 M patterns because they can almost always
dichotomize any two classes made by selecting from 2 M binary patterns.

Other early work in an area called threshold logic explored the potential application of perceptrons as
logic gates in computers [117,154,193]. Such gates can realize Boolean AND and OR functions and other
linearly-separable functions, including “at least X of M.” This work led to procedures to determine those
Boolean functions which are linearly separable for small numbers of inputs. It also led to network design
procedures to realize desired Boolean functions with networks of perceptrons and a better understanding
of the capabilities of perceptrons. Design procedures for feedforward and feedback networks of threshold
logic gates were developed, culminating in the construction of some small computers [117]. This work
ended with the availability of inexpensive logic gates using simpler Boolean AND, OR, NAND, and NOR
logic functions.

Minsky and Papert carefully analyzed the capabilities of perceptrons in a book called Perceptrons that
was recently revised and reprinted [188]. They demonstrated that perceptrons could not distinguish con-
nected from unconnected figures on an input array of binary pixels. They also demonstrated that percep-
trons couldn’t compute an exclusive OR Boolean function because this function is not linearly separable.
A single-layer perceptron and decision regions for an exclusive OR function are illustrated in the upper
row of Figure 4-2. The smooth closed contours labeled A and B in this figure are the input distributions for
the two classes for a network with two inputs. The shaded areas are the decision regions created by single-
and multi-layer perceptron classifiers. Distributions for the two classes for the exclusive OR problem on
the left are disjoint and cannot be separated by a single straight line. One possible decision region for
class A which a perceptron might create is illustrated by the shaded region in the first row of Figure 4-2.
A more serious limitation of single-layer perceptrons noted by Rosenblatt [222] is that multiple simulta-
neous inputs on an input pixel array (for example, a simultaneous circle and square) lead to ambiguous
responses. A good review of Rosenblatt’s book and Minsky and Papert’s work can be found in [169].

Only recently have complexity theory results been obtained which set bounds on the time required
to train perceptrons to learn various linearly-separable Boolean mappings [96,97]. For example, it was
proven that the time to learn an arbitrary linearly-separable function grows exponentially with the number
of inputs. This time, ¢, is bounded by

Y 2§ < MY,

where M is the number of inputs to the perceptron. It was also proven, however, that the time to learn
the “at least X of M function grows only polynomially with the number of inputs. The time to learn this
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function is bounded by:
t< M>.

Finally, the time to learn the “at least 1 of M ” function, which is a logical OR, was proven to grow even
slower with the number of inputs:
t< M2

In empirical tests, this time was found to grow linearly with the number of inputs. These results demon-
strate the utility of forming input data representations such that the Boolean function to be leamned is an
OR function that scales very well in large networks. They suggest hierarchical networks where data rep-
resentations in lower layers require only an OR function to be computed in a final layer with adjustable
weights. Such networks have been suggested by many researchers [96,114,264).

A special version of the perceptron convergence procedure designed to learn an OR function (called a
disjunctive Boolean function) was recently developed by Littlestone [162]. He found that the number of
errors that occur when learning an OR function using this algorithm grows very slowly with the number
of inputs. The number errors for a perceptron with M inputs is bounded by 2 M (log, (M) + 1) + 1.

Connection weights and the threshold in a perceptron can also be adapted using the LMS algorithm
[55,275]. This algorithm is used primarily when inputs take on continuous instead of binary values. The
LLMS algorithm uses a semilinear nonlinearity and adapts weights after every trial based on the difference
between the actual and desired output. It is more appropriate when classes are not linearly separable. The
LLMS algorithm is one of the most technologically successful neural network algorithms. 1t resulted from
early work of Widrow and Hoff on Adaline networks [275] and is currently used extensively in telephone
echo cancelers and high-speed modems [276]. Work on adaptive algorithms such as the LMS algorithm
led to a new branch of engineering called Adaptive Signal Processing. Much of this work is summarized
in [276]. For example, it was proven that this algorithm converges when the gain term (a multiplicative
factor on the change in weights after each trial) is in a given range. Relationships between convergence
time, the RMS error after convergence, and the statistics of the input patterns are also available [276].

4.3 MULTI-LAYER PERCEPTRONS AND BACKPROPAGATION

A more complex structure than the single-layer perceptron is required when classes cannot be separated
by a hyperplane. Two such situations are presented in the upper row of Figure 4-2. Distributions for the
two classes for the exclusive OR problem on the left are disjoint and cannot be separated by a single straight
line, as noted above. Input distributions for the second problem shown in this figure are meshed and also
cannot be separated by a single straight line. Situations similar to these may occur when parameters such
as formant frequencies are used for speech recognition.

Multi-layer perceptrons are feedforward networks with one or more layers of nodes between the in-
put and output nodes. These additional layers contain hidden nodes that are not directly connected to
both input and output nodes. Two- and three-layer perceptrons are shown in the middle and bottom rows
of Figure 4-2. Multi-layer perceptrons overcome many limitations of single-layer perceptrons, but were
generally not used in the past because effective training algorithms were not available. This has recently
changed with the development of a new training algorithm called backpropagation. This algorithm was

24



99813-71

reported as early as 1974 [274] and rediscovered by a number of workers [195,225]. This algorithm is a
generalization of the LMS algorithm that uses a gradient search technique. It is named for the procedure
used to pass the error signal back from the output to lower layers. Although it cannot be proven that the
backpropagation algorithm converges, it has been shown to be successful for many problems of interest
[225]. Multi-layer perceptrons trained with backpropagation have been used successfully in such diverse
applications as forming letter-to-phoneme rules [234], classifying spoken vowels and digits [114,159],
identifying phonemes in a speech recognizer [267], and for nonlinear signal processing [151]). Figure 4-3
illustrates how a circular decision region can be formed after 200 trials of training by a two-layer percep-
tron trained with backpropagation.
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Figure 4-3. A Circular Decision Region (Shaded Area) for Class A Formed by a Two-layer
Perceptron After 200 Trials Using Backpropagation.

The utility of the backpropagation algorithm stems from the surprising computational power of three-
layer perceptrons with two hidden layers. These networks can form any desired decision region [29,157],
as shown in the bottom of Figure 4-2. They can thus emulate any traditional deterministic classifier by
producing the decision region required by that classifier. Kolmogorov also proved a theorem described in
[163] which, in effect, demonstrates that a three-layer network can form any continuous nonlinear function
of the inputs. This proof requires carefully specified nonlinearities with wide dynamic ranges. More recent
theoretical work has demonstrated that continuous nonlinear functions can be approximated to arbitrary
precision using three-layer perceptrons with sigmoidal nonlinearities [44]. A three-layer perceptron can
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thus create any continuous likelihood function required in a classifier, given enough nodes. Empirical
results {151] also demonstrate that many useful nonlinear mappings can be realized with backpropagation.

One difficulty with backpropagation training is that many presentations of the training data are fre-
quently required for convergence when decision regions or desired mappings are complex. This is im-
portant during training but does not affect response time during use. It currently sets a practical limit to
the size of networks that can be trained but is not a severe problem for single-layer networks or multiple-
layer networks with restricted connectivity. Recent theoretical work [122] has investigated the difficulty
of training multi-layer perceptrons to learn arbitrary Boolean mappings. It was found that this problem is
NP-complete and thus grows exponentially with the size of the network. This is recent work and results
for specific classes of Boolean functions and for networks with restricted connectivity patterns remain to
be obtained.

A number of algorithms other than backpropagation have been proposed for training multi-layer per-
ceptrons. Some involve training initial layers using some form of competitive learning [96,114,264] or
using fixed weights in initial layers [5,114]. The output layer then is trained to learn an OR function, which
scales well in large networks. Rapid learning of difficult tasks has been demonstrated with these networks
[96,114]. Another algorithm, called the Agr_p or Associative Reward Penalty algorithm [20], can also be
used to train multi-layer perceptrons. It uses simple binary correct/incorrect feedback and does not require
a continuous error signal but typically converges much more slowly than backpropagation.

One interesting problem to which backpropagation has been applied is predicting future sample values
in time series [151]. Here it was demonstrated that a network could be trained to predict the following
samples in a chaotic sequence better than linear or low-order polynomial predictive techniques. Theo-
retical results and a new training procedure for problems that involve prediction are presented in [252].
This paper argues that one can learn with greater computational and statistical efficiency by taking advan-
tage of the temporal structure of prediction problems. Both formal and simulation results are presented in
support of this claim. New methods are closely related to older techniques used to solve the credit assign-
ment problem [228,107]. This work sheds light on and provides a theoretical foundation for these earlier
methods. It also shows that such methods are much more broadly applicable than previously thought.
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5. ASSOCIATIVE MEMORIES

5.1 INTRODUCTION

A content-addressable memory, or associative memory, allows retrieval of a complete stored pattern
from a noisy or incomplete input pattern key. Historically, associative memory modeling has been a
major focus of neural network research. The most extensively studied associative memory models are
based on storing and retrieving binary patterns. These models typically make use of the Hamming metric,
and their connections take on only integer values; this makes them suitable for practical implementation.
These models are adapted either by specifying weights a priori or incrementally by some simple storage
or programming rule.

From the mid-1950s to the mid-1970s, a wide variety of associative memory models were studied. Some
of this early work is described in [11,42,143]. Widespread interest in such models seems to have waned by
1975. Although many application areas were explored, these early memory models had little technological
impact. The available technology favored the use of digital random access memories (RAMs) and read-
only memories (ROMs) in conjunction with conventional computers. Thus, these models did not have a
lasting impact beyond the world of academics and were significant primarily because they attempted to
explain biological memory in simple mathematical terms.

Hopfield rekindled widespread interest in associative memory when he proposed his 1982 energy min-
imization model based on the outer product storage rule [110]. While outer product memories had been
studied extensively, Hopfield’s version captured attention because of its timeliness from a technological
standpoint and the theoretical appeal of energy minimization.

A large number of researchers have exhaustively studied the Hopfield model, its variations, and its
generalizations [2,7,51,128,179,78,33,147]. A general consensus has developed that the outer product
model is extremely interesting but that it suffers from limited capacity and inefficient use of hardware.
Since 1982, a number of new memory models have been proposed, and some old models have been
rediscovered and improved upon. Noteworthy among these are the unary or Hamming network model
[249,250,259,22,53,160], and the sparsely-distributed models [22,124]. These models do not suffer from
the capacity and performance limitations of the Hopfield model.

5.2 THE UNARY OR HAMMING NETWORK

This network was first described by Steinbuch [249,250] in 1961 and Taylor [259] in 1964. The idea
was independently re-proposed in 1986 as a practical alternative to the Hopfield model by Baum, Moody,
and Wilczek [22]; Domany and Orland [53]; and Lippmann, Gold, and Malpass [160].

Figure 5-1 shows the network diagram for a general feedforward associative memory. The unary model
is a special case of this architecture. There are three sets of units: N input units, G internal units, and
N’ output units. The input units have discrete activation values (41, 0), where O corresponds to the
“don’t know” or “don’t care” state. The output units have discrete activation values 4-1, while the internal
units have continuous activation values in the range (0, 1). The internal units have inhibitory lateral
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Figure 5-1.  General Feedforward Associative Memory.

connections which implement a winner-take-all circuit. The network is called the unary model because
only one internal unit is active once a match is made. This distinguishes the model from distributed models
in which a number of internal units are active when a match is made.

Each of the (5 internal units is associated with a pair of input and output memory registers. Each memory
register is implemented as a vector of 41 resistive connections. Input vectors have N bits, while output
vectors have N' bits. The memory capacity M, defined as the number of input/output memory pairs which
can be stored, is limited by M < G. Note that M can be very much greater than both N and N'.

The associative memory function is computed by the network as follows:

1. A partial or noisy input key pattern is imposed as an activation pattern V; on the N
input units. Internal units compute the dot product between the inputs and weight
vectors in parallel. The result foreach node is N minus twice the Hamming distance
between the input key vector and the stored weight vector.

2. The node with the largest input current corresponds to the best match in Hamming
space between the input key vector and the stored vectors. The selection of the best
match is accomplished by an analog winner-take-all circuit.

3. Once the internal units have converged to determine the winner, only one of them
will be active. The sole “on” unit transmits a pattern of activity to the output units,
completing the associative recall task.
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Figure 5-2.  The Fully-connected Hopfield Outer Product Memory.

5.3 . THE HOPFIELD MODEL

The Hopfield outer product memory, shown in Figure 5-2, has only one layer of units. These serve
triple duty as input, output, and processing units. The units are globally interconnected and every unit is
thus connected to every other unit. The dynamics of the discrete version of the model are given by matrix
multiplication and thresholding:

N
Vit + 1) =sign(}_ Ty, V;(D). (5.1)
j=1

Here V; = +1 is the state of each of NV units, and Tj; is the matrix of connections. The N units are updated
asynchronously at random times. Hopfield showed that when the matrix Tj; is symmetric, the dynamics
of equation 5.1 minimize a bounded energy function. A weight assignment rule, called the outer product
storage prescription, provides such a symmetric T;;.

The processes of retrieving information from a Hopfield memory begins by putting the network into an
initial state which represents the input key pattern. The network then iterates from this initial state until
it converges to a final stable state. Ideally, this final stable state would be the stored memory which is the
closest in Hamming sense to the initial state key pattern.

Performance of the Hopfield Model.  Much has been written about the dynamics, capacity and per-
formance of this model and its variations. Only key points are summarized here.

The maximum number of memories M which can be stored in a Hopfield memory while still obtaining
perfect recall is [2,179]
M < N/(41og N).

If more memories are stored, then the stable states of the network begin to differ significantly from the
stored words. If an error rate of 5% can be tolerated, then the capacity is limited by [110,7]

M <0.14N. (5.2)

These numbers should be contrasted with the capacity of the unary memory, which can have M > N
with no errors in the final state.
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The hardware efficiency of the Hopfield model also is poor. Storage of M memories with N bits of
information each requires N2 connections each with 2 M + 1 possible values. The hardware efficiency ¢,
defined as the number of information bits per connection state, is therefore:

M 1

“TNeM+D 2N
This compares with € = O( 1) for the unary model.

The dynamics of the Hopfield model are complex. The basins of attraction for the stored memories tend
to be irregular(128] and fill only a fraction of the volume of Hamming space. The remaining volume is
occupied by the basins of spurious attractors which were not intended to represent actual memories [7].
The number of spurious attractors increases as the the number of memories stored reaches the capacity
limit given in equation 5.2. Beyond this limit, the network “forgets” everything and no retrieval is possible.

A number of variations on the Hopfield memory have been proposed. These include the pseudo-inverse
model [144,51], higher-order correlation models, and various generalizations including the bi-directional
associative memory (BAM) [147]. None of these provides the hardware efficiency of the unary model.

5.4 SPARSELY-DISTRIBUTED FEEDFORWARD MODELS

Two sparsely-distributed feedforward models, the Kanerva [124] and BMW (22] models, are worthy of
note. These models are sparsely-distributed in the sense that each memory is stored in a small fraction of all
physical locations, and each location contains information about only a small fraction of all the memories
stored. This is in contrast to the outer product and correlation matrix models in which all memories are
stored at all physical locations.

The sparsely-distributed memories are analogous to the Unary memory in that they have three layers
of units and store memory vectors in two layers of registers. Unlike the unary memory, each memory is
stored in a set of registers and each register contains a superposition of stored memories.

Like the unary memory, the capacities of the sparsely-distributed models are not limited by the word
sizes N, but rather by the number in internal units G. The capacity constraint for the BMW model is [22]
G
M < ,-37’ (5.3)
where (3 is the signal-to-noise ratio required at the output layer. The capacity constraint of the Kanerva
model is approximately [129]
M<0.1G

beyond which spurious states — that is, unwanted states — begin to appear.

Sparsely-distributed memories fall short of the unary memory in terms of hardware efficiency. This
1s caused by the necessity of integer-valued connection weights rather than binary 41 connections and
because superposed storage and consequent memory interference causes a substantial loss in capacity. The
unary model is more hardware-efficient, even if it is replicated several times to achieve hardware fault-
tolerance. The most appealing characteristic of the sparsely-distributed models, especially the Kanerva
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model, is that they are the most biologically plausible of all the models yet proposed. Both Kanerva and
Baum et al. have pointed out similarities between their models and the Marr [172] and Albus [6] models
of the cerebellum.
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6. CLASSIFICATION AND CLUSTERING MODELS

6.1 INTRODUCTION

There has been a continuing interest in neural network classification and clustering algorithms because
of their ability to provide realtime response through fine-grain parallelism and because of the importance
of these tasks. As noted in [214], classification of external objects based on sensory inputs is an essential
requirement for learning, logic, and other mental functions.

Classification of static patterns is an area where neural network models have been very successful.
Work has led to architectures which can be used to implement all important conventional classifiers using
fine-grain parallelism [21,114,142,157,194]. In addition, as mentioned above, multi-layer perceptrons
can form those decision regions required by any classifier and can thus simulate any traditional classifier.
Work has also led to the development of new hierarchical classification algorithms which extend the field
of pattern classification by providing adaptation and rapid learning using parallel architectures [31,96,114,
142,217,231,264]. This chapter reviews work on classifiers focusing on classification of static patterns.
Work on classifying time-varying patterns is reviewed in the chapter on speech recognition. A detailed

review of neural network classifiers is available in [157] and recent comparisons of classifiers are available
in [96,114].

6.2 A TAXONOMY OF CLASSIFIERS

A taxonomy of important neural network models that can be used to classify and cluster static patterns
is presented in Figure 6-1. For clarity, this figure omits higher-order models and the ART II model [31],
which is an extension of ART I for continuous-valued inputs.

The taxonomy in Figure 6-1 is first divided between networks with binary- and continuous-valued in-
puts. Below this, networks are divided between those trained with and without supervision. Networks
trained with supervision include perceptrons and multi-layer perceptrons described above. These net-
works are provided with labels that specify the correct class for new input patterns during training. Most
traditional statistical classifiers, such as Gaussian classifiers [55], are trained with supervision using la-
beled training data. Networks trained without supervision, such as the Kohonen’s feature map forming
networks [143,142], are used as vector quantizers or to form clusters. No information concerning the
correct class is provided to these networks during training. A further difference between networks, not
indicated in Figure 6-1, is the connectivity patterns of the networks. All models in this taxonomy — except
the Hopfield, ART, and DARWIN II networks — use predominately feedforward connections.

The algorithms listed at the bottom of Figure 6-1 are those classical algorithms which are most similar to
or perform the same function as the corresponding neural network. In some cases, a network implements
a classical algorithm exactly. For example, the Hamming or unary network described above is a neural
network implementation of the optimum classifier for binary patterns corrupted by random noise [73].
It can also be shown that the perceptron structure performs those calculations required by a Gaussian
classifier [55] when weights and thresholds are selected appropriately.
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In some cases, the neural network algorithms represent new classification algorithms that extend the
theory of pattern classification. For example, perceptrons trained with the perceptron convergence pro-
cedure [222] behave differently than Gaussian classifiers; this led to the theoretical work described pre-
viously. The RCE classifier [217,231] is a unique extension to k-nearest neighbor classifiers that limits
memory requirements and can be implemented using adaptive fine-grain parallelism. Kohonen'’s feature
map network [143] performs an adaptive version of the k-means training algorithm in a manner that forms
topographic maps similar to those that occur in the brain. The feature map classifier [114] combines an in-
put layer organized using unsupervised training and the feature map algorithm with an output layer trained
using perceptron-like techniques. Hierarchical networks such as this can form complex decision regions
rapidly [96,114].

6.3 SUPERVISED CLASSIFIERS

The single- and multi-layer perceptron networks, the Hopfield network, and the Hamming network
classifiers in Figure 6-1 have already been discussed in detail. The remaining supervised classifiers include
the RCE classifier, the feature map classifier, and high-order networks. As mentioned above, the RCE, or
reduced Coulomb energy, classifier is an extension to k-nearest neighbor classifiers that is adaptive and
limits memory requirements. It is similar to classifiers described in [21] and can form arbitrary decision
regions using hyperspheres with adaptable radii and position as shown in Figure 6-2. This figure shows
an RCE network on the left and decision regions formed by this network using hyperspheres on the right.

OUTPUT

Figure 6-2. A Reduced Couloumb Energy (RCE) Classifier and the Decision Region for
Class A (Shaded Area) Formed by Five Prototype Nodes.
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6.3.1 RCE CLASSIFIER

The RCE classifier represents a unique approach to the problems of generalization and rapid single-
trial learning. It limits the number of exemplars or nodes required, leads to a simple network realization,
provides rapid single-trial learning, and eliminates the need to select a global maximum over many nodes
when making a final classification decision. Theoretical analyses and experiments with this network {96,
217,231] demonstrate that it can form complex decision regions rapidly and can solve the exclusive OR
problem in very few trials. Hampson [96] provides bounds on leaming for specific problems and notes
that this network can learn a specific instance in only one trial, while a perceptron requires a number
of trials on the order of the number of inputs. He also demonstrates by simulation that this network can
learn Boolean problems, called the symmetry problem and the multiplexer problem, more than an order of
magnitude faster than a multi-layer perceptron trained with backpropagation. The RCE classifier also can
be implemented efficiently on serial machines and has been used extensively for classification problems.

6.3.2 Feature Map Classifier

The feature map classifier listed in Fig 6-1 is a hierarchical network that uses combined unsupervised
and supervised learning. It is representative of a number of hierarchical classifiers that have recently been
developed [96,264] and is similar in design to the counterpropagation network described in {100]. It is
presented in Figure 6-3.

OUTPUT

SUPERVISEDJ
TRAINING

UNSUPERVISED/
TRAINING

Figure 6-3. A Hierarchical Feature Map Classifier Which is Trained with Combined Super-
vised/Unsupervised Training and the Decision Region for Class A (Shaded Region) Formed
by this Classifier.
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The lower stage in Figure 6-3 vector quantizes the input and is trained first using Kohonen'’s feature
map algorithm with unsupervised training data. The second perceptron-like stage is then trained with su-
pervision. This approach is useful whent much unsupervised data is available, as in the areas of vision and
speech, but little supervised training is provided. As noted above, the second layer can be trained rapidly
because it is computing a simple OR function to form classes. This hierarchical structure thus greatly
reduces the amount of supervised training required. A theoretical analysis of this type of combined super-
vised/unsupervised training is available in [38]. This analysis demonstrates that the amount of supervised
training required for a given level of performance can often be greatly reduced when unsupervised train-
ing is available. Similar results were obtained empirically by simulation in [114,96] and proven for some
specific Boolean mappings in [264]. The feature map classifier can be be used to implement a k-nearest
neighbor classifier when weights are adjusted appropriately.

6.3.3 High-order Networks

Normal neural networks include simple processing elements that operate on linear functions of input
variables. High-order networks include more complex elements that operate on high-order products and
powers of input variables as well as on linear terms [225,77]. These networks have a long history [55,188,
194,205]. Single-layer perceptrons which use high-order neurons can learn polynomial mappings useful
for classification by using an extension of the perceptron convergence procedure or the LMS algorithm
for training. This can eliminate the need for multi-layer networks and provide extremely rapid learning
for problems where it is known a priori that a polynomial mapping is appropriate.

High-order networks can also provide excellent generalization by specializing the selection of high-
order terms to match the specific problem. This specialization can provide geometric invariances for
networks with inputs derived from a visual field. High-order networks can provide invariance to both a
translation or change in scale of the input pattern. This invariance is pattern independent and is similar to
the invariance provided by such pattern recognition feature operators as Fourier descriptors. In addition,
the invariance is independent of the learning rule and the nonlinearity of the neuron. This invariance can
be placed at any level of a multi-layer network, with only one layer of invariant high-order neurons; and
all layers can then be trained with an algorithm such as backpropagation [225].

The complexity of high-order networks must be limited by a priori knowledge to restrict computation
costs because the complexity of individual nodes grows exponentially with their order. Interconnections
can be constrained by imposing invariances on the high-order terms and restricting the range of intercon-
nections and the order. Scaling high-order networks is difficult, unless the number of high-order terms
can be adequately constrained. Interest in high-order networks demonstrates their versatility in providing
solutions to problems where the form of the input/output mapping required can be characterized a priori.

6.3.4 GMDH Algorithms
High-order networks and multi-layer perceptrons are related to a class of algorithms known as GMDH

algorithms [63]. These algorithms, in essence, build a high-order network to solve modeling and classifi-
cation problems. They are based on Kolmogorov’s theorem, mentioned previously [163], which states that

37



any nonlinear function can be approximated by a multinomial. Given that a set of observations are noisy
samples of a continuous phenomena, the modeler’s job is to find the multinomial which “best™’ describes
the observations. The main problem is to determine the order of the multinomial and the input variables
which bear a relationship to the output variables. GMDH algorithms represent a heuristic solution to this
problem.

They build a network of low order, usually multinomials of order two in two variables which, when fed
forward using multiple layers, realize a multinomial of arbitrary degree. The procedure at any layer is to
form products and linear terms from all possible pairs of outputs from from the previous layer. Weights
to an output are formed using linear regression techniques to fit a quadratic to all pairs. Given n input
variables, the number of quadratics generated is 2"~! and the procedure is thus untenable without inter-
vention. This is accomplished by applying a criterion after each layer has been added and tested which
retains the “best” performers and drops the rest. Generally, the number of retained variables at the output
decreases from layer to layer so that the procedure doesn’t become unstable. More importantly, however,
are the criteria employed to terminate the procedure and produce the model. Without them, the procedure
would produce an exact fit to the data. These criteria take different forms. The most prominent criterion
uses a cost function that includes a penalty term for each additional layer and another term equal to the
mean squared error generated by the regression. The procedure stops when the next layer doesn’t do any
better than the last. At termination, the order of the multinomial and the important input variables will
have been learned.

The algorithm has been used for classification and modeling. It has performed well in applications
including modeling of econometric time series data and missile guidance laws. As with other high-order
networks, GMDH algorithms are most useful when the underlying phenomena are not well understood
and a priori constraints can be applied.

6.4 UNSUPERVISED CLASSIFIERS

The ART network, Kohonen’s self-organizing feature maps, and the Darwin II network in Figure 6-1
cluster inputs using unsupervised training.

6.4.1 ART

ART, or adaptive resonance theory, networks [32,31] are complex nonlinear recurrent networks with
feedback connections. These networks form a new cluster (adjust weights to and thus activate a new
internal node) whenever an input pattern is sufficiently different from previously stored patterns. What
constitutes ‘sufficiently different’ is determined by a global internal parameter called the vigilance param-
eter which must be adjusted externally to provide the desired sensitivity to differences in input patterns.
The underlying traditional algorithm used in these networks is called the leader clustering algorithm [98].
ART networks have one of the most involved and complex architectures of all the classifiers listed in Fig-
ure 6-1. They have recently been included in a number of more complex multi-module neural network
system designs [90].

38



6.4.2 Self-organizing Feature Maps

Kohonen [143] presented a sequential clustering algorithm included in Figure 6-1 which produces what
he calls self-organizing feature maps similar to those sensory maps that are common in the neocortex.
Maps are two-dimensional grids of nodes as shown in Figure 6-4. Each node represents a cluster center.
Kohonen’s algorithm insures that nodes which are spatially close in the grid respond best to input vectors
that are close in a Euclidean sense. This algorithm is a sequential version of the k-means clustering
algorithm [55] that does not require storage of all training tokens and uses a simple weight modification
rule.

Kohonen'’s algorithm creates a vector quantizer by adjusting weights from common input nodes to
output nodes arranged in a two-dimensional grid. Figure 6-5 illustrates how connection weights to nodes
in the grid vary over time to sample the space spanned by the input examples. In this case, the input
examples were uniformly distributed over the area plotted. After training, an input will cause only that
output node corresponding to the cluster center nearest to the input to have a *high” output.

Kohonen [143] presents many examples and proofs related to this algorithm. He also demonstrates how
the algorithm can be used in a speech recognizer as a vector quantizer [145] and how the algorithm can be
modified to form decision regions similar to those formed by a traditional k-nearest neighbor classifiers
[142]. This algorithm is a viable sequential vector quantizer when the number of clusters desired can be
specified before use and the amount of training data is large relative to the number of clusters desired. It
has been used for this purpose in the feature map classifier described above, in the counterpropagation
network [100], and in a robotics application [218].

6.4.3 Darwin Il

The final unsupervised clustering algorithm in Figure 6-1 is a network called Darwin II [57,215]. This
is the second in a series of simulations created to explore a brain theory being developed called “neural
Darwinism” [57]. This theory differs from other neural network design procedures in its emphasis on the
importance of selection to enhance the outputs of those neuronal groups or subnetworks which respond
best to specific input stimuli. The theory assumes that a collection of neuronal groups, called a repertoire,
is formed during embryogenesis. Groups in a repertoire respond best to overlapping but similar input pat-
terns due to the randomness of neuronal growth. One or more groups in a repertoire will respond to every
input pattern and response to important unexpected inputs is thus insured. Training involves competition
between groups, which amplifies the responses of specific groups to specific stimuli and associates those
groups with each other and with a specific appropriate response.

Neural Darwinism is different from the common approach of designing a network topology and training
it with supervision to provide a desired response. Instead, it assumes that there are, by design, many sub-
networks. Only those with the desired response during training are selected. Important issues addressed
by this approach include the need to respond to unexpected stimuli, the importance of interacting with the
environment, and the need to generate biologically plausible models where the elemental units are small
groups of neurons. Important issues this approach must address are how to both design and provide the
large number of subnetworks required.
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Figure 6-4. The Feature Map Network Uses an Architecture Made of Nodes Arranged in a
Two-dimensional Grid (Top) and Requires Neighborhoods (Bottom) to be Defined Around
Nodes. The neighborhoods shrink in size over time.
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7. RECURRENT NETWORKS

7.1 INTRODUCTION

Neural network models with recurrent connections can perform complex time-dependent calculations.
Many of these models do not include learning, but use fixed weights to perform some specific function.
Hopfield and Tank demonstrated how such networks could be designed using the concept of computational
energy to solve combinatorial optimization problems such as the traveling salesman problem. Others have
demonstrated how a recurrent network called a “winner-take-all” network can select that node with a
maximum value.

One specific class of recurrent networks called cellular automata have been studied for theoretical
reasons and also for their ability to simulate some types of complex physical phenomena such as fluid fiow.
A number of training algorithms for recurrent networks have been developed. The first used simulated
annealing and was incorporated into a recurrent network with symmetric connections called a Boltzmann
machine.

Recently, backpropagation training has been generalized for application to recurrent networks. A num-
ber of stability proofs have been derived for recurrent networks. The most general applies to a wide class
of networks with symmetric connection weights.

The study of recurrent networks needs to expand because such networks can perform important func-
tions in complex systems, such as automatic gain control or energy normalization and selecting a maxi-
mum. These functions are required for robust operation and to make decisions.

7.2 COMPUTATIONAL ENERGY

As noted in [42], Hopfield [109,112,258] was the first to explicitly use the concept of computational
energy to both understand and design nonlinear neural networks. This concept was applied to recurrent
networks with symmetrical feedback connections to tailor the final stable states of such networks to be
solutions of specific problems. Hopfield and Tank [112,258] demonstrated how this concept could be
used to design analog networks to solve many combinatorial optimization problems. These included the
traveling salesman problem, linear programming problems, and a task assignment problem. Their work
is an excellent illustration of the energy function design methodology and appears to produce networks
that work well when the number of nodes is small. The effectiveness of the networks with large number
of nodes, however, has not been demonstrated. Current results suggest that the networks may not scale
well. It appears to be difficult to obtain good solutions when there are many variables in combinatorial
optimization problems and there are thus many nodes [278]. Other neural network approaches to these
problems are being explored, however, and these may scale better than current techniques.

A recent important development for recurrent networks is a generalization of the backpropagation train-
ing procedure [204]. Previous attempts to apply backpropagation to recurrent networks involved duplicat-
ing the network at every time step to form a gradually unfolding feedforward network [225]. The newer
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generalized training algorithm can be applied to networks with asymmetric connections and to networks
with symmetric connections as studied by Hopfield and Tank.

7.3 THE BOLTZMANN MACHINE

Combinatorial optimization networks developed by Hopfield and Tank do not always find the best solu-
tion in constrained optimization problems. They can, instead, get trapped in local minima of the network
energy function. This problem can be alleviated by adding a stochastic aspect to the search performed
as the network iterates using a technique called simulated annealing [130]. A network called the Boltz-
mann machine [4,105] uses this strategy. The Boltzmann machine training algorithm solved the credit
assignment problem for the special case of recurrent networks with symmetrical connections and was
demonstrated to be able to learn a number of difficult Boolean mappings [4,105]. Although it is theoret-
ically interesting, the use of simulated annealing causes training times in a Boltzmann machine to be too
long for practical applications on current hardware.

7.4 HIGH-ORDER NETWORKS

As noted previously, high-order networks include complex computing elements that operate on high-
order products and powers of input variables as well as on linear terms. Lyapanov functions can be
constructed for recurrent high-order networks with symmetric connections to guarantee stability [152].
High-order networks can also include conjunctive connections and modifiers to perform some logical op-
erations [17,66,104] and a high-order extension of the Boltzmann machine has also been developed [233].
High-order associative memories offer greater storage density and convergence times that are often faster
by an order of magnitude than those designed using linear neurons [201 ].

7.5 CELLULAR AUTOMATA

The field of cellular automata [280] shares with neural networks a common interest in the computational
properties of systems composed of large numbers simple interacting elements. The main difference is that
neural networks are more general and biologically motivated. Each node in a cellular automaton typically
computes the identical input/output function, nodes are typically connected only to nearest neighbors,
learning is not typically incorporated, and the overall system is typically synchronous and run by a global
clock. The state or output of each node in a cellular automaton is discrete and typically takes on binary
or no more than 20 output values. The output state of a node on one clock cycle depends on the previous
states of neighbors and that node via a fixed update function that is not just a linear sum but can be any
logical function. Since the update function is fixed and the same for all units in a cellular automaton,
memory can only be held by the states of the units, rather than by connection weights.

Interest in cellular automata has been mainly theoretic in the past. They can be shown to be equivalent to
Turing machines; they can be self-replicating; and they are capable of forming complex patterns and thus
exhibiting complex “behavior” given only a few simple rules and specific initial conditions [13,280,209,
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266]. The well-known game of Life [209], for example, is a cellular automaton that can form complex
visual patterns from specific initial conditions. Interest in cellular automata has recently been revived
with the availability of high-speed computers and special-purpose hardware. Much recent work in this
area focuses on determining the ability of cellular automata to perform calculations required to simulate
physical phenomena such as certain types of fluid flow.

Many neural network models share characteristics with cellular automata. The Trion model of cortical
information processing [241] is one example of a hybrid that has characteristics of both cellular automata
and neural networks. It is like a cellular automaton in that the state of each unit is discrete and ternary.
Each unit represents a group of neurons, such as an orientation column in visual cortex, and the three
states correspond to output above, at, or below the background firing rate (the possibility that a group
of neurons could have three discrete states has been demonstrated in [279]). The update function in the
Trion model depends on a weighted sum of the inputs, as in a neural network, although, like a cellular
automaton, the inputs to each unit are restricted to a fixed spatial neighborhood defined relative to the unit,
and the neighborhood weight matrix is the same for each unit initially. However, like a neural network, the
weight matrix may change with time in accord with a synaptic rule, resulting in unit-dependent weights.
The current state is computed from the weighted sum of the two previous time steps. Trion models with
fewer than 10 units can produce thousands of temporally periodic firing patterns. These sophisticated
oscillations are analogous to the stable states in a Hopfield memory.

7.6 SELECTING OR ENHANCING THE MAXIMUM VALUE

The need to select or enhance the node in a network with a maximum value occurs whenever a decision
must be made in network. One network currently called a “winner-take-all,” or “maxnet,” is fully con-
nected with symmetrical connections, except from a node to itself, and is used as a component of many
networks [112,143,67,90]. This network was extensively analyzed by Grossberg [86,90]. He demon-
strated that maximum values would be enhanced if nodal nonlinearities increased at a faster-than-linear
rate. In some applications, strictly feedforward networks can be used as an alternative to pick a maximum
value [157]. These feedforward networks require no recurrent connections and provide outputs rapidly
and continuously.

7.7 STABILITY

Nonlinear neural networks with feedback connections have the potential of being unstable if designed
incorrectly. Outputs of nodes in such networks might latch up to high or low values or vary continuously.
A number of proofs have been developed to demonstrate that certain types of networks with feedback are
globally stable. The most general proof has been developed by Cohen and Grossberg [36]. This proof
demonstrates that a large class of networks with symmetric connections is globally stable. Grossberg has
also developed a number of other recurrent subnetworks and explored the stability of these networks. This
work is reviewed in [90].
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8. VISION

8.1 INTRODUCTION

The primary goal of machine vision is to find the three-dimensional arrangement of objects and surfaces
that produce an input two-dimensional array of intensity values. Compact implementations of accurate,
realtime vision systems would find widespread use in many applications including:

¢ Rapid input of handwritten and printed documents and other images into machines;
e Visual surveillance;

e Automatic target detection and tracking;

e Assembly line monitoring and quality control;

e Aids for the blind;

e Visual inputs for automata;

o High-fidelity, low bit-rate image storage and transmission;

e Automatic analysis of medical diagnostic tests such as X-ray pictures, NMR images,
and cell cultures;

e Automatic analysis of satellite images; and

e Security systems based on visual recognition.

Unfortunately, current machine vision systems perform poorly when faced with simple vision tasks
that a child or bird could perform. Although human beings tend to take vision capabilities for granted,
it has proved to be a difficult task to duplicate simple visual recognition tasks with machines. Some of
the problems of machine vision are caused by the enormous computational power required to process
images (a typical high-quality image front end may produce 100 images every second with 10° pixels per
image), by the multiplicity of cues (shape, color, texture, size, distance, movement) which must be detected
and integrated, and by the difficulties of extracting three-dimensional information from two-dimensional
inputs.

Vision is a good application area for neural networks and, for this reason, the neural network approach
is not a new paradigm in this field. Parallelism is clearly necessary to obtain any kind of near realtime
throughput in a vision system and many researchers have focused on algorithms that use fine-grain paral-
lelism. The early visual system is by far the most observable subsystem of the brain. Its patterns of con-
nectivity have been explicitly mapped through several synaptic layers, and the connections themselves
are more sparse and spatially organized than in many other parts of the brain. Many vision algorithms
are modeled after or inspired by the early visual areas. Recent vision research is also exploring adaptive
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networks that can be trained to perform some of the functions of early vision [115]. Finally, a large behav-
ioral database, which was created by experimental psychologists, is available. Visual perception has been
studied parametrically for over a century and has led to many illusions and perceptual effects that can be
measured with high accuracy. This database has been used by many workers to suggest new algorithms
and determine performance requirements for vision systems.

8.2 EARLY AND HIGH-LEVEL VISION

The vision problem can be broken up into a hierarchy consisting of early vision and high-level vision.
Early vision processing must segment an image into distinct regions and assign various characteristics —
such as shape, color, texture, distance, and motion —to each region. It must also recover intrinsic properties
of objects, like color and shape, independent of the particular viewing conditions, such as intensity of the
illuminant.

High-level vision processing must recognize objects using information from early vision processing
and provide the three-dimensional position of each object. Early vision tasks are generally associated
with anatomical structures from the retina through the first few levels of the visual cortex. High-level
vision tasks are generally associated with higher levels of the visual cortex.

A key task of early vision is the detection and enhancement of contours or edges, and the correspond-
ing grouping and segmentation of a visual input into regions. This is carried out pre-attentively without
the intervention of expectancies from internal stored memories. Contours extracted by early vision pro-
cessing are often defined as a spatial discontinuities in luminance. Contour extraction is, however, much
more difficult because humans are able to detect contours between regions that have no such luminance
discontinuities. Contours can also be caused by statistical differences in textural qualities, such as orienta-
tion, shape, density, or color; differences in binocular disparity or depth; accretion and deletion of texture
elements in moving displays; and by illusions.

8.3 PHYSIOLOGY AND MACHINE VISION

Recent decades have seen remarkable strides in the observational techniques used by physiologists to
study the functions of early vision. Combinations of electrode recording, staining, and imaging tech-
niques have yielded increasingly detailed data on cell functions and patterns of connections among cells.
After Hubel and Wiesel’s pioneering work, the 1960s were a period of optimism for the imminent un-
locking of the secrets of early vision. This optimism faded as increasingly complex subdivisions occurred
in taxonomies of cell functions, and as increasingly complex perceptual and interdependent patterns of
connections, many involving dense feedback, were found. The ordered pyramid of many simple inputs
gradually thinning to a few complex objects, while an appealing metaphor, did not seem to adequately
characterize early biological vision.

Meanwhile, advances in machine vision have had a curiously parallel set of developments. Many spe-
cialized modules that work well in limited domains have been developed, but a unified approach to per-
forming even the most basic tasks of early vision has never emerged. This development is all the more
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striking in view of the enormous surge of available computing power in the past few decades. To date, the
rate-limiting factor on the production of autonomous early vision systems has been the lack of theoretical
understanding of how to build such a system. The interdependence of diverse sources of visual infor-
mation, which in human perception serves to cooperatively reduce ambiguity, serves instead in machine
vision as cross-contaminating sources of noise.

8.4 SURVEY OF REPRESENTATIVE WORK

Far too many detailed neural network models of specific visual processes exist for all to be summarized
in this section. For examples, see the proceedings of the IEEE First International Conference on Neu-
ral Networks, held in San Diego in June, 1987, and the proceedings of the IEEE Conference on “Neural
Information Processing Systems - Natural and Synthetic,” held in Denver in November, 1987. The fol-
lowing particular studies have been chosen as representative or illustrative of important trends in methods
or results.

8.4.1 Head-centered Frame of Reference

Andersen and Zipser [283] have studied how neurons in the posterior parietal cortex of monkeys can
perform the coordinate transformations needed to create a fixed internal head-centered frame of reference
while the eyes move about in the head. Simulated visual inputs in retinal coordinates from the retina
and inputs from eye muscles that provided information about eye position were fed to hidden units in a
multi-layer perceptron as shown in the top of Figure 8-1. The multi-layer perceptron was trained using
backpropagation to provide a stable output image in head-centered coordinates. After training, the recep-
tive fields of the hidden units closely resembled those of units in the posterior parietal cortex as shown
in the bottom of Figure 8-1. Although the use of backpropagation is unlikely in animals, the response
regions formed help explain why specific types of receptive fields are observed and how they can be used
to form new internal reference frames.

8.4.2 Receptive Field Analysis

Daugman [45,46] has mathematically analyzed the inherent uncertainties in temporal, spatial, orien-
tation, and spatial frequency resolution for visual receptive fields. This analysis indicates that observed
spatial and spectral response profiles of certain classes of cortical neurons are optimized for information
resolution over the four response dimensions. In addition, he has decomposed images into sets of quasi-
orthogonal “2D Gabor” primitives, that measure the local correlations of oriented structure in images.
Gabor primitives exploit the non-random structure or coherence of images, which originates from the
optical projections of solid objects that themselves have some unity of reflectance characteristics. They
define weighting functions for multiple-scale, oriented receptive fields like those found in the primate
cortex.
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Figure 8-1. Multi-layer Perceptron (Top) Which Produced Receptive Fields (Bottom) Sim-
ilar to Those Measured by Neurobiologists in the Posterior Parietal Cortex of Monkeys.
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8.4.3 Connectionist Models

Feldman and Ballard (17,18,67,64,65] have analyzed connectionist approaches to problems in both
early and high-level vision. Their approach has highlighted the importance of selecting the internal data
representation that is best suited for specific problems, of fine-grain parallelism, and of studying neuro-
biology. Their papers provide a good introduction to the field of connectionist models, good overviews
of different types of internal data representations useful in neural network models, and a good overview
of many vision problems and approaches to these problems. They have implemented a number of vision
algorithms on a large parallel computer called a Butterfly machine (see Part V of this Report for discus-
sions of neural network hardware). Their group has also both written and distributed a neural network
simulation program that is in use at many sites [65].

8.4.4 Neocognitron

The neocognitron [72] is a multi-layer image classifier designed to recognize black and white handwrit-
ten characters. It obtains translation invariance by using a multiplicity of identical input units that extract
identical visual features from all parts of the input field and by slowly reducing the number of units in
higher layers. Feature detectors in each layer are created using competitive learning techniques. This
approach is limited by the large number of nodes that are required. Recent work has begun to explore the
use of selective attention techniques to recognize multiple simultaneous inputs [71].

8.4.5 Markov Random Fields

Geman and Geman [75] have analyzed and applied Markov random field methods to image processing,
including blur or noise removal, boundary detection, texture labeling, and object recognition. Given a
model of image formation (including such “prior distributions” as luminance or spectral measures, or
likelihood of edge discontinuities), the posterior distribution given the image data is analyzed to find the
likeliest generators of the image data. By defining an energy or cost function and “running” the system to
equilibrium by simulated annealing, the desired image processing is performed. In the Markov random
field approach, the conditional distribution on all variable values reduces to the conditional distribution on
neighbors, so iterative computations are bounded by the size of local neighborhoods in which computations
must be performed for a given application. The approach requires the construction or postulation of a
particular set of image processing constraints or prior distributions for each kind of image structure that
one wishes to detect or enhance.

8.4.6 Boundary and Feature Contour Systems

Grossberg and his colleagues [87,88,93,92,95] have developed a massively parallel neural network
model designed to perform early vision tasks including boundary detection, segmentation, and filling in
of color and brightness. These models attempt to mimic the psychophysical phenomena of “emergent”
segmentation. A segmentation is called “emergent” if regions can be perceived to be separate but do not
differ in global statistics of luminance distributions or if the perceived boundary separating regions is sharp
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and continuous while the luminance patterns are discontinuous or fuzzy. The model addresses perceptual
data in boundary detection, completion, and sharpening and grouping of textural regions, through the dy-
namical interactions of nodes that are functionally identified with cells found in the early visual pathways
of primates.

The model makes explicit the distinction between boundaries that form groupings of visual elements
and those qualities of surface appearance commonly described by such terms as hue, saturation, or light-
ness. This distinction rests in part on the complementary attributes of the dynamics of network interactions
underlying the boundary/feature distinction. Interactions in the boundary contour system (BCS) are di-
rected inward between two or more orientationally tuned nodes that are sensitive to amount of contrast,
but not direction of contrast (light-to-dark versus dark-to-light). A particular arrangement of short-range
competition and long-range cooperation among orientation sensitive nodes ensures a rapid, active sharp-
ening of boundaries, including emergent boundaries. Interactions in the feature contour system (FCS) are
diffusive, flowing outwards from any single active node, and are sensitive to both amount and direction
of contrast.

Patterns of activity in the BCS restrict the diffusion of activity in the FCS, and thus regions of like color
or contrast typically match regions formed by boundary segmentations one-to-one. Thus the objects that
people recognize in everyday environments generally have surface appearance attributes that are unitary
and distinct from appearance attributes of other objects. Many laboratory curiosities, on the other hand (in-
cluding illusory contours, Glass patterns, Beck/Julesz textural displays, and neon color spreading), present
the observer with a seemingly paradoxical scission between recognizable regions and phenomenal color
patterns. The network model clarifies how these phenomena are inevitable consequences of the strategies
that the primate early visual system has evolved in order to coherently segment and group complex pat-
terns of optical stimulation in real time and with cells of finite, quantized resolution. This work typifies
an approach which relies heavily on psychophysical results (primarily results with illusions) to define the
details of a complex model. The model has not yet been tested with real images.

8.4.7 A Computational Approach

One theoretical approach to the vision problem was initially proposed in [174,173]. A good summary
of this work and of the machine vision field in general is available in [116]. The approach was to first
determine a computational theory that specifies what needs to be computed and only then to devise an
algorithm and hardware to perform those computations. Insights leading to new theories come primarily
from the physics of inverse optics and physiological studies of early vision. It was found that computa-
tions often fit into a mathematical class of problems known as ill-posed problems which can be solved by
mathematical techniques from an area called regularization theory [207]. A mathematical approach using
Markov random fields can be used to solve such problems. This approach leads to algorithms that can be
implemented using neural networks made of analog resistance arrays and switches [207,140,139]. Such
analog preprocessors are currently under development at a number of laboratories. The Markov random
field approach provides a useful framework for extracting specific features of regions and also for integrat-
ing multiple features [74]. Many of the vision algorithms, including those using Markov random fields,
have been programmed to provide rapid throughput using a large parallel computer called the Connection
Machine. Many algorithms have also been tested with real images.
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The original presentation of this computational theory of vision separated the computational theory from
the algorithm and the hardware implementation. Experience over the last 15 years with this approach,
however, has demonstrated that these three components of vision research are intrinsically intertwined
and cannot be treated as if they were independent [116]. Recent work stemming from this approach has
begun to explore techniques to learn early vision algorithms. For example, it was recently demonstrated
that an algorithm to extract intrinsic color can be learned from examples [115].

8.4.8 Self-organization in Early Vision

Linsker [155] has investigated the self-organization of cells with opponent (“on-center/off-surround’)
and orientationally selective receptive fields. In his model, spontaneous cell activities and some simple
rules for synaptic modification (Hebbian learning) result in spatial, or map-like, organization of cells. The
receptive fields of these cells mimic those of biological neurons in early vision areas.

8.4.9 Silicon Retina

Mead and his colleagues [184,185] have developed an analog VLSI vision preprocessing chip mod-
eled after the retina. The design not only replicates many of the important functions of the first stages of
retinal processing, but it does so by replicating in a detailed way both the structure and dynamics of the
constituent biological units. Thus the logarithmic compression in photon input to output signal charac-
teristic of biological rods is accomplished not by digital processors computing logarithms but by analog
circuits that result in a logarithmic transfer function. Similarly space and time averaging and temporal dif-
ferentiation are accomplished by analog processes and a resistive network. Mead was able to synthesize
these processes in part because they are so elementary and so observable in biology. While not all of the
functions of biological vision have been as thoroughly analyzed as those of the retina, Mead’s work is a
paradigm of what can be accomplished when biological discovery drives technological implementation.

8.4.10 Binocular Disparity

Schwartz and Yeshurun [230,282] have developed an algorithm to extract disparity or depth information
from binocular data that was motivated by the existence of binocular disparity columns early vision areas
of the brain. This algorithm is based on a cepstral analysis that could be performed using neural-like cir-
cuits if access were provided to information in nearby binocular disparity columns. They also emphasize
the role of computational maps in the visual cortex and note that this map approach may lead to greater
understanding of visual processing.

8.4.11 A Supercomputer Model
Travis, Gremillion, and Mandell [84] have implemented an extensive model of early visual processes on

a supercomputer. Their work is noteworthy for its attempt to simultaneously describe several biologically-
based stages (retina, lateral geniculate nucleus, primary visual cortex) and at the same time to model
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specific physiological classes of cells in detail. They have begun to investigate the role of feedback and
temporal delays, as well as spatial filtering, in processing signals at various stages.

8.4.12 Perceptually Motivated Features

Walters [268,269] has developed image segmentation and object recognition algorithms based on the
use of perceptually motivated features. She has also emphasized the importance of data representation
in neural network vision models. The results of psychophysical experiments suggest the existence of a
hierarchy of visual features based on the relations between image contours. The human visual system ap-
pears to be pre-attentively, selectively sensitive to image contours which contain certain of these features.
The results have been used to create computer vision algorithms for the segmentation of boundary images
into sets which have a high probability of depicting a single object. A related network architecture, called
rho-space, has been developed for the detection and representation of oriented edges. The input to the net-
work is the output of oriented edge operators. Computations within the network are based on orientation-
dependent, three-dimensional, excitatory and inhibitory neighborhoods. Among the networks capabilities
are: natural representations of connectivity, filling in of incomplete or illusory contours, simultaneous
coarse and fine representations or orientation information, and absence of reliance on domain-dependent
knowledge or model-based processing.
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9. SPEECH RECOGNITION

9.1 INTRODUCTION

Speech is the most natural form of communication. Compact implementations of accurate, realtime
speech recognizers would find widespread use in many applications including:

e Automatic transcription,

e Simplified man-machine communication,

e Word-spotting,

e Aids for the deaf with realtime text or tactile output,

e Aids for the physically disabled which respond to voice commands,
e Sonar pattern recognition,

e Acoustic surveillance,

e Auditory input for automata,

e Automatic language translation,

o High-fidelity, low-bit-rate speech storage and communication, and

e Secure voice-keyed locks.

Compact recognizers could be used to simplify the complex arrays of switches and controls used in
aircraft cockpits, to interrogate databases in command and control centers, to replace relatively large key-
boards in compact equipment, and to automate data entry in many applications where data is currently
entered manually.

Unfortunately, current speech recognizers perform poorly on talker-independent continuous speech
recognition tasks that people perform without apparent difficulty. Although children learn to understand
speech with little explicit supervision and adults take speech recognition ability for granted, it has proved
to be a difficult task to duplicate with machines. This is due to variability and overlap of information
in the acoustic signal, to the need for high computation rates (a human-like system must match inputs to
50,000 words in real time), and to the multiplicity of analyses that must be performed (phonetic, phonemic,
syntactic, and pragmatic).

The best existing speech recognizers perform well only in highly constrained tasks. Forexample, talker-
dependent isolated-word recognizers can be trained to recognize 105 words spoken without sentence con-
text with 99% accuracy [196]. Talker-dependent word recognition accuracy with sentence context can be
as high as 95% for 20,000 words from sentences in office memos spoken with pauses between words [16].
This translates to a sentence accuracy of only 50%. Performance is generally much worse for connected
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speech, when training isn’t provided for each talker, and in noisy and stressful environments. The best cur-
rent algorithms use hidden Markov models (HMM) techniques [211] and require high computation rates
for large vocabulary tasks. These rates are difficult to obtain with existing single-processor computers.

The hidden Markov model (HMM) approach to speech recognition is currently the most general frame-
work for speech recognition research. It is based on information and communication theory results and
provides automatic training and efficient temporal alignment and matching. Recent progress, however,
has slowed due to a number of problems with this approach, including:

e Internal model structure is not learned but must be pre-specified before training.
Model builders must specify sub-word models, provide phonemic transcriptions
of words, and develop rules to describe allowable types of phonological variation
caused by word boundary effects, and changes in talking style and dialect.

o Coarticulation is modeled poorly. Coarticulation caused by nasals or laterals may
extend over many acoustic segments. This is not easily captured with a single-order
Markov assumption.

e Poor acoustic-phonetic modeling results in confusions between similar sounding
words.

e Supervised labeled training data is required to train high-level allophone and word
models. The abundance of unsupervised speech data that is readily available thus
cannot be used.

Recent work on neural networks raises the possibility of new approaches to the speech recognition
problem. Neural networks offer two potential advantages over existing approaches. First, they could pro-
vide the high computation rates required for continuous speech recognition using many simple processing
elements operating in parallel. Second, new neural network algorithms could perform better than exist-
ing algorithms if they could both adapt internal parameters over time to maximize performance and also
self-organize by altering network structure to capture new phenomena as they are observed.

Work to date with neural networks has focused on talker-dependent isolated word recognition. A block
diagram of an simple isolated word recognizer is shown in Fig 9-1. Four major operations are required:

1. A preprocessor must extract important information or parameters from the speech
waveform. In most recognizers, an input pattern containing spectral information is
extracted every 10 milliseconds using fast Fourier transform (FFT) or linear predic-
tive coding (LPC) techniques.

2. Input patterns from the preprocessor must be compared to stored exemplar patterns
in word models to compute local distances.

3. Local distance measures must be used to time-align input patterns to classification
nodes in the word models and arrive at whole-word matching scores. Time align-
ment is necessary to compensate for variations in talking rate and pronunciation.
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4. The word with the best score must be selected by picking the word model with the
maximum output.

Neural networks have been proposed to perform all of the above operations.
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Figure 9-1.  Block diagram of an Isolated Word Recognizer.

9.2 PHYSIOLOGICAL PREPROCESSORS

A number of researchers have proposed new forms of preprocessing motivated either by the physiology
of the cochlea or by psychoacoustic results [34,50,76,166,176,183,191,236,238]. Two preprocessors [176,
191] use analog processing, including a filter-bank, to extract a small set of perceptually important binary-
valued features in real time. One of these preprocessors [176] was used in a commercial realtime isolated
word recognizer.

Two recent preprocessors [34,166] rely primarily on spectral magnitude information processed in a way
to model psychoacoustic and physiological results in loudness, masking, and adaptation. Such processing
can provide a small performance improvement over more conventional approaches [34].

Other recent preprocessors [50,76,183,236,238] use synchrony information similar to that which is
available on the auditory nerve where timing information of nerve spikes is available. This phase infor-
mation could increase recognition performance by supplementing the spectral envelope magnitude infor-
mation used in current recognizers. Synchrony information is typically obtained by filtering the input
using sharp filters with characteristics similar to those of the mechanical filters in the cochlea and then
analyzing the phase information of the resulting filtered waveforms. Spectrograms obtained with steady-
state vowels and speech sounds illustrate an improvement in ability to visually identify vowel formants
(resonant frequencies of the vocal tract) in noise with this technique [50,76,236,238]. In addition, detailed
comparisons to a standard front end with an existing speech recognizer reported in [76] demonstrated sig-
nificant performance improvements in noise with the physiological front end. One preprocessor [183] is
modeled after the cochlea and is being implemented in VLSI using analog processing. Both synchrony
and spectral magnitude information could be extracted from this device. This work illustrates how pre-
processing could be miniaturized and integrated with higher levels of processing.
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9.3 CALCULATING DISTANCE SCORES TO EXEMPLAR PATTERNS

Conventional speech recognizers compare input patterns (vectors of parameters) to stored exemplar
patterns whenever a new pattern is provided by the preprocessor. Neural networks could perform this
function for almost all conventional recognizers using fine-grain parallelism because, as described above,
multi-layer perceptrons can calculate any likelihood function.

Conventional recognizers frequently calculate the Euclidean distance between the input and all exem-
plar patterns. This can be performed in parallel using a neural network with an architecture similar to
that of the lower half of the feature map classifier presented in Figure 6-3. The connection weights in
this network then have to be set to represent the centroid locations of the exemplar patterns. Continuous-
observation recognizers require all outputs of second layer nodes without selecting that node with a maxi-
mum value while discrete observation recognizers use node outputs after the node with a maximum value
is selected. Both approaches have been used in experimental isolated word recognizers [27,145,158].
Recognizers that don’t use Euclidean distance measures could use either a multi-layer perceptron with
two layers of hidden units or a structure similar to that of a feature map classifier to obtain the desired
likelihood functions.

An example from [114] presented in Figure 9-2 illustrates how neural network classifiers can be used
to compare fixed input patterns to reference patterns for speech data. Input data consisted of the first
two vowel formants from roughly 330 tokens of 10 different vowels spoken in /hVd/ context by 67 men,
women, and children. These data were obtained from scatter plots in [203]. Half of the data was used
for training to form reference patterns for the 10 vowel classes and half was used for testing. The deci-
sion regions shown in this Figure were formed by a two-layer perceptron trained with back propagation.
Boundaries for these regions are near those that are typically drawn by hand to separate vowel regions.
Four recognizers which can be implemented with neural network architectures were tested (k-nearest
neighbor, Gaussian, two-layer perceptron, and feature map classifier) on this data. All provided an error
rate of roughly 20%. The two-layer perceptron, however, required more than 50,000 supervised training
trials for convergence with backpropagation. The feature map classifier required fewer than 50 supervised
training trials.

9.4 CLASSIFYING WORDS AND PHONEMES WITHOUT TIME ALIGNMENT

A number of studies have used multi-layer perceptrons and other neural network classifiers to classify
isolated words (primarily digits), phonemes, and vowels using pre-segmented speech tokens [27,29,30,
60,81,158,199,210,267,272]. Most of these studies used multi-layer perceptrons with inputs derived from
spectral analyses of a pre-segmented section of speech waveform. All inputs were typically applied at
once as one whole spectrographic input pattern. In some cases, multi-layer perceptrons were used in
conjunction with conventional time alignment techniques [27,30] to replace conventional classifiers or
vector quantizers and, in one case, recurrent connections were provided [272]. Although many of these
studies provided encouraging results, few careful comparisons to conventional classifiers were performed.
In those cases where comparisons were performed, neural network classifiers typically did not provide
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substantial performance improvements over more conventional techniques such as Gaussian or k-nearest
neighbor classifiers {27,30,158,199].
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Figure 9-3. Time delay Neural Network Used to Classify the Voiced Stops “B,D.,G"’.

Encouraging results were recently obtained by Waibel {267]. A multi-layer perceptron with time delays
shown in Figure 9-3 was used to classify the voiced stops “b,d,g.” The boxes labeled 7 in this Figure
represent fixed delays. Speech frames characterized by spectral coefficients are input on the lower left.
The three boxes on the bottom thus represent an input buffer containing a context of three frames. Outputs
of the nodes in these boxes (16*3 spectral coefficients) feed to eight hidden nodes in the first layer. Outputs
from these nodes are buffered across the five boxes in the first hidden layer to form a context of five
frames. Outputs from these boxes (8*5 node outputs) feed to three hidden nodes in the second hidden
layer. Outputs from these three nodes are integrated in a final output node.

The time-delay network was trained using backpropagation and compared to a discrete-observation
HMM recognizer that used 256 symbols and three-node phoneme models. This recognizer was trained
using the forward-backward algorithm. Both systems were trained with roughly 2,000 voiced stops and
tested with a different set of 2,000 voiced stops. Stops were excised manually from a corpus of 5,260
Japanese words spoken by three male talkers. The excised portion contained 15 frames (150 millisec-
onds) centered around vowel onset. The neural network classifier performed much better than the HMM
recognizer. It provided an error rate of only 1.5% compared to the HMM error rate of 6.5%.
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Boulard [27] constructed a similar neural network allophone classifier which had 14 delays in the input
layer to provide a context of 15 frames. No delays were used in the hidden layer. Input nodes feed
to 50 hidden units which feed to 26 output nodes (one per each of 26 allophones). This network was
trained using backpropagation and 20 hand-segmented digits spoken by one male talker. Tests on 20 other
digits resulted in no errors when node outputs were used as input distances for a dynamic time-warping
recognizer.

9.5 NEURAL NETWORKS FOR TIME ALIGNMENT

Sequences of input observations from a preprocessor must be time-aligned with classifier nodes to
provide good recognition performance by compensating for variations in talking rate and pronunciation.
Conventional engineering approaches to this problem are to use the Viterbi algorithm as used in HMM
recognizers or to use dynamic programming as used in dynamic time warping (DTW) recognizers. One
obvious neural network approach is to attempt to implement a Viterbi or DTW decoder using a neural
network architecture.

9.5.1 Implementing Viterbi Decoding Using Neural Networks

A neural network architecture that implements a Viterbi decoder for an HMM continuous-observation
recognizer is shown in Figure 9-4; it is called a Viterbi network.
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Figure 9-4. Neural Network Called a Viterbi Network that Implements a Viterbi Decoder
as Used in HMM Speech Recognizers.
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Classifier nodes in this network, represented by large open triangles, correspond to a nodes in a left-
to-right HMM word model. Each classifier node contains a threshold logic node followed by a fixed
delay. Nodes positioned above classifier nodes are threshold logic nodes and nodes below classifier nodes
simply output the sum of all inputs. A temporal sequence of input vectors is presented at the bottom of the
network and the matching score gradually builds up over time and is produced at the output. Subnetworks
above the classifier nodes select the maximum of two inputs and subnetworks at the bottom compute the
log probabilities required by a Gaussian classifier.

Studies performed using more than 4,000 word tokens from a large speech data base were used to
evaluate the performance of this network. This database was made from tokens of 35 difficult words
spoken by nine talkers. Weights in Viterbi networks with 15 classifier nodes were adjusted based on means,
variances, and transition probabilities obtained from the forward-backward training algorithm using five
training tokens per word. Inputs consisted of 12 mel cepstra and 13 differential mel cepstra that were
updated every 10 milliseconds. Performance was good and almost identical to that of current HMM
isolated word recognizers. The error rate was 0.56%, or only 23 out of 4,095 tokens wrong.

9.5.2 Psychological Models of Speech Recognition

A number of new neural network models which are primarily psychological models of speech per-
ception have been proposed [59,167,175,224]. One model, called the cohort model [175], assumes a
left-to-right acoustic phonetic analysis of speech in real time. It accounts for many psychophysical results
in speech recognition, such as the existence of a time when a word becomes unambiguously recognized
(recognition point), the word frequency effect, and recognition of contextually inappropriate words. This
model, however, is descriptive and is not expressed as a computational model.

A second psychological model which is more mathematical and has been simulated using speech input
is called the trace or interactive activation model [59,224]. This model is based on neuron-like nodes and
emphasizes the benefits that can be obtained by using coarticulation information to aid in word recognition.
The current form of this model is impractical because the problem of time alignment is not addressed and
the entire network must be copied on every new time step.

The third psychological model is called node structure theory [167]. It is a qualitative neural theory of
speech recognition and speech production. It is similar in many ways to the cohort and interactive activa-
tion models but much more comprehensive. The problem of rate and sequencing is considered seriously
and problems such as stuttering, internal speech, and rhythm are considered. This theory, however, is
again not expressed in terms of a formal mathematical model.

9.5.3 Computational Models of Time Alignment

A number of neural network models have been proposed that perform some component of the time
alignment task [35,37,48,81,101,257,281]. Two of these models have been tested with speech input
[48,81,257,281]. One of these two [257] assumes that variable length delays are available and that delays
cause temporal dispersion to pulse inputs that increases with delay. Different delays are attached to fea-
ture detectors to form a matched filter that concentrates energy in time. A summing node for each word
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produces a large output after that word is presented at the input. This technique provided reasonable digit
accuracy for a few talkers [257] with limited testing. Detailed tests with a large speech database [80] using
a hierarchical version of the model with both allophone and word models yielded performance no better
than that of an existing HMM recognizer.
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Figure 9-5. A Synaptic Triad that can be Used to Recognize Two-component Pattern Se-
quences.

Two closely related models which have been tested with a small amount of speech data are described
in [48,281]. Both models include neurons with shunting or multiplicative nodes similar to those that have
been proposed in the retina to compute direction of motion [206]. Three neurons are grouped to form
a synaptic triad that can be used to recognize two component pattern sequences. Figure 9-5 shows one
synaptic triad. Node A is the primary input to the triad and node B is the primary output. Node M is
the modulator input. The signal from the modulator input m(t) controls the instantaneous connection
weight or gain g(«,t) from A to B. This gain modulates the input to node B. It decays to zero unless
the modulator input is “high.” After the modulator input has been “high” for T}, (time for potentiation)
seconds, a slow internal integration builds up and switches the gain to a “high” value G. This is illustrated
in the plot in Figure 9-5 where the modulator input first goes high and the gain rises to ( after T}, seconds.
The triad will have a “high” output only if the input sequence is M-A (output of node M is “high” followed
by output of node A) and node M is “high” for at least T}, seconds. Other pattern sequences (A-A, M-M,
A-M) will produce no output.
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Synaptic triads can be arranged in sequences and in hierarchies to recognize features, allophones, and
words [281]. In limited tests, handcrafted networks could recognize a small set of words spoken by one
talker [281]. More interesting is a proposed technique for training such networks without supervision [48].
If effective, this training could make use of the large amount of unlabeled speech data that is available and
lead to automatic creation of sub-word models. Further elaboration is necessary to describe how networks
with synaptic triads could be trained and used in a recognizer.

Three related neural models have been described but never tested with speech input [35,37,101]. One
model [101] is described as a nearest matched-filter classifier for temporal patterns. This network is
similar in structure to a feature map network except nodes have different nise and fall time constants
and nodes are interconnected such that only a few nodes are active at any time. No details are provided
concerning how this network should be trained or how how node outputs should be integrated to detect
allophones or words.
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Figure 9-6. A Model Called a Masking Field can be Used to Detect Pattern Sequences.

A model described in [35], called a masking field, is shown in Figure 9-6. Input is applied to the bottom
of this network which is, again, similar to a feature map network. Typically, only one node in this network
has a “high” output at any time. These node outputs feed other nodes that provide short-term storage.
The outputs of short-term storage nodes decay over time. Different input sequences thus lead to different
amplitude patterns in short-term storage. For example, the input C-A-T sampled at the end of the word
will yield an intensity pattern in short-term storage with node C low, node A intermediate, and node T
high. The input T-A-C will yield a pattern with node C high, node A intermediate, and node T low. These
intensity patterns are weighted and fed to nodes in a masking field with weights adjusted to detect different
patterns. The masking field is designed such that all nodes compete to be active and nodes representing
longer patterns inhibit nodes representing shorter patterns. It has difficulty recognizing patterns with
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repeated sub-sequences because nodes in short-term storage corresponding to those sub-sequences could
become saturated. Further elaboration is necessary to describe how masking fields should be integrated
into a full recognizer.

A related speech recognition model is currently under development [37]. It uses many of the neural
network components described in [90] to form a complex multi-module system. One interesting char-
acteristic of this model is that speech production and recognition will be integrated and used to develop
sub-word models and stabilize those models.

A final approach to pattern sequence recognition is to build an associative memory for pattern sequences
as described in [131,132]. Here, a neural network with recurrent connections and delays is designed that
spontaneously produces pattern sequences. When an external pattern sequence is applied, the internal
sequence can phase lock to the external sequence and potentially fill in missing components.
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10. ROBOTICS

10.1 INTRODUCTION

Current industnal robots are extremely limited in their capabilities. The neural network approach has
the potential for adding the ability to learn and adapt, and for integrating information from multiple inputs.
Neural networks are beginning to find practical applications in the field of robotics. Most robotic problems
currently being attacked fall into the following four general classes:

e Programming and controlling the trajectories of multi-axis robotic arms,
e Robot navigation,
e Arm-camera (i.e., hand-eye) coordination, and

e Visual/tactile fusion for object recognition.

These problems have been addressed using a number of neural network models, including: the CMAC
network, topographic sensory/motor maps, multi-layered perceptrons, simulated annealing, and Hopfield
networks. In some cases, the neural network is a novel way of implementing an existing idea in robotics,
while in other cases it is the heart of a new approach to robotics. The status of these projects ranges from
being not yet debugged at the simulation level, to fully debugged laboratory mechanical models, to almost
industnal applications. The research is described below in more detail with related work grouped together.

10.2 TRAJECTORY CONTROL

The problem of trajectory control is to design a control system to generate the desired trajectories of a
robotic arm during a relatively fixed and routine task. This is a typical application in robotic assembly in
fixed environments.

10.2.1 CMAC Models

One of the major inspirations in neural robotics has come from models of the cerebellum. There have
been extensive experimental studies of the cerebellum in the last several decades. These studies have
lead to the conclusion that the cerebellum is essential for the adaptation, learning, and execution of both
reflexive and voluntary motor actions. Researchers have been afforded a rich source of experimental data
to inspire and constrain their models.

The earliest formulations of cerebellar models were made by David Marr {171] and James Albus [5].
Their models are essentially the same except in how the neural weights are changed. Albus calls his model
the Cerebellar Model Articulation Controller (CMAC). The CMAC is essentially a clever adaptive table
look-up technique for representing complex, nonlinear functions over multi-dimensional, discrete input
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spaces. It reduces the size of the look-up table through hash-coding, provides for response generalization
and interpolation through a distributed, topographic representation of the inputs, and learns the appropriate
nonlinear function through a supervised learning process that adjusts the content or weight of each address
in the look-up table. A block diagram of the CMAC model is presented in Figure 10-1. Inputs in this Figure
project through a hash coding stage onto table A, and then to output summers.

INPUT T

B SRR ——
GENERATE RECEPTIVE STORED
FIELDS WEIGHTS

AND HASH CODING

Figure 10-1. The CMAC Cerebellum Model Forms Nonlinear Input/Output Mappings
Useful for Robotic Control.

Albus’s original application of the CMAC [5] was in a novel control scheme. The CMAC was placed in
a closed control loop where the inputs were high-level control commands along with the current values of
the robot’s joint variables, and the outputs were the drive signals to the robotic actuators. The task was to
produce a desired trajectory through simple iteration of the learned nonlinear mapping, given the correct
command state and given an initial configuration that was on the desired trajectory. Training procedures
were proposed to achieve this goal but were not suitable for industrial application. Albus also explored
the concept of hierarchical control within this novel CMAC system.

Jordan [119] proposed a recurrent model that is similar in structure to the recurrent network Albus
originally developed. It produces one or more different desired output sequences. A multi-layer network
has both state inputs which feed back the output state and plan inputs which designate the desired output
sequence. An error-corrective training algorithm is provided for this network which allows “don’t care”
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outputs. Experiments demonstrate that this network can exhibit some of the effects of speech production
including coarticulation.

One research group is applying the CMAC in a standard controller scheme in a very novel and clever
fashion [187,118]. Here, the CMAC is used to learn the inverse kinematics of the robot, computing the
correct torques for the next control cycle given the desired robot coordinates computed by a standard
trajectory planner. The learning is done on-line, with the CMAC operating in parallel with a fixed-gain,
linear feedback controller. Initially, the linear controller is doing all of the control, while the CMAC
“looks over its shoulder” and learns the inverse kinematics from the approximate trajectories produced.
As the CMAC leamns, it corrects the errors of the linear controller, refining the trajectory, and thus its own
learning data, in a positive feedback loop. Eventually, the CMAC provides all of the drive signals for
the robotic actuators, since there is no longer any error for the linear controller to minimize. This system
has been applied to the control of a five-degree of freedom robot arm, and is close to being used in an
industrial application. Kawato’s group [125,126] has implemented a similar model on a six-degree-of-
freedom robot, also controlling trajectories with nonlinear dynamics. Their approach is also aimed at an
industrial application.

10.2.2 Backpropagation Models

As noted above, multi-layer peceptrons trained with backpropagation can learn arbitrary nonlinear in-
put/output mappings from examples. These mappings can be used to model inverse kinematics, as was
done by Miller with the CMAC model, or they can be used to learn nonlinear coordinate transformations
required for controlling robot arms, as in [244]. Speed of convergence can be improved by initializing
weights to force the network to produce desired input/output values at specific points in the input/output
space. Such an initialization would use fixed weights in the first two layers to form bins or hypercubes, as
in the CMAC model, or the hypercube classifier, described in [114]. Backpropagation can then be used to
adjust this mapping adaptively.

10.3 ARM/CAMERA CONTROL

There is growing interest in applying robotics in applications where the environment of the robot can
change in unforeseen ways. For example, various obstacles (people) may enter or leave the working area
of the robot and need to be avoided, or a novel object may need to be grasped. One general approach to
this type of problem is to provide a visual sense of the objects in the environment to the robotic controller,
which then must compute an appropriate, perhaps entirely novel, trajectory.

10.3.1 Sensory/Motor Maps

Two research groups are applying sensory/motor topographic maps to this problem. An alternative
cerebellar model has been developed by Grossberg and Kuperstein [91]. The leaming algorithm and
distributed representation in their model is similar to the CMAC model, but there are also some key dif-
ferences. Their model focuses on the benefits of constraining all internal representations in the model to be
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topographic. Topography is an ordered contiguous mapping of a surface. Topographic representations are
based solely on the set of sensory transducers and motor effectors. By coupling topographic representa-
tions with reflexive behavior, Grossberg and Kuperstein show how a controller can learn motor parameters
through self-supervised learning. In such learning there is no need to define the desired parameters exter-
nal to the model. Moreover, this model is more consistent with experimental data on lesions, behavior,
physiology, and anatomy of cerebellar circuits than the CMAC model. Grossberg and Kuperstein show
simple computer simulations that illustrate self-supervised learning to control eye movements.

More recently, Kuperstein [149,148] has developed a new neural architecture and self-supervised learn-
ing algorithm to control adaptive sensory-motor coordination. This is based more on a neocortical model
and is called Infant (Interactive Networks Functioning on Adaptive Neural Topographies). Learning oc-
curs via a circular reaction, an idea borrowed from Piaget. The circular reaction has two stages. In the first
stage, random self-produced motor signals are used to generate the entire range of object manipulations
one at a time. During each posture, with object in hand, visual input signals about the object are processed
and combined into a target map through modifiable weights, producing computed motor signals. Errors in
the target representation are determined by the differences between the actual motor signals and the motor
signals computed from the visual input. These errors are used to incrementally change the weights, so that
on future trials, the computed motor signals are closer to the actual motor signals. These changes, for all
important postures, constitute the sensory-motor correlation and force visual and internal motor control
signals to become self-consistent.

In the second stage of the circular reaction, learned sensory-motor correlation is used to recognize
and manipulate objects which are similar to those that were experienced in the first stage. In this stage,
an object first comes within view and reach, free in space. The eye foveates on the object and motor
commands generated by eye muscles and visual input drive actuators to reach for the object. These signals
are different for specific orientations of any one object and for different objects. The architecture used in
the Infant model is composed of motor map representations interleaved within a sensory topography. This
allows any number of topographic sensory inputs to be mapped onto any number of motor outputs. A
simple computer simulation of this neural network for controlling a simulated robot arm with five degrees
of freedom demonstrated how a cylinder could be grasped using binocular information from two eyes.
The simulations show that the network can touch a cylinder to an average accuracy of 4% of the arm’s
length. Other recent work is examining the dynamics of planned arm movements using nonlinear neural
networks [28].

10.3.2 Darwin III

Darwin III [215,57] is the one of the most complex neural network simulations yet developed. A block
diagram of this network is presented in Figure 10-2. It is a simulated automaton made up of many subnet-
works. Inputs to the automaton are from a simulated eye which scans a two-dimensional input array under
control of opponent pair muscles. This eye has a large but low-resolution outer visual field and a smaller,
high-resolution inner visual field on its simulated retina. Inputs are also provided by a multiple-jointed
arm that can reach and “feel” objects presented on the input field. Darwin Il is first trained to track objects
presented on the input array by coordinated movement of eye muscles. The error signal to learn this task
is the distance between the position of the object on the retina and the center or fovea of the retina. Darwin
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Figure 10-2. A Block Diagram of the Darwin IIl Simulated Aufomaton.

I11 is then trained to reach out, touch, and feel around the border of objects using self-supervision training
techniques. Finally, it is trained to classify objects using supervision and both visual and touch inputs.

Darwin II1 is the most complex in the series of models created to explore a brain theory being developed
called “neural Darwinism” [57]. This theory differs from other neural network design procedures in its
emphasis on the importance of Darwinian-like selection to select those neuronal groups or subnetworks
which respond best to specific input stimuli. The theory assumes that a collection of neuronal groups,
called a repertoire, is formed during embryogenesis. Groups in a repertoire respond best to overlapping
but similar input patterns due the randomness of neuronal growth. One or more groups in a repertoire
will respond to every input pattern, and response to important unexpected inputs is thus insured. Training
involves competition between groups, which amplifies the responses of specific groups to specific stimuli
and associates those groups with each other and with a specific appropriate response.

Neural Darwinism is very different from the common approach of designing a network topology and
training it with supervision to provide a desired response. Instead, it assumes that there are, by design,
many subnetworks. Only those with the desired response during training are selected. Important issues
addressed by this approach include the need to respond to unexpected stimuli, the necessity of classification
and generalization, and the importance of interacting with the environment. The building of an automaton
with well-defined tasks, senses, and the ability to manipulate external objects may also be an approach that
is essential for building adaptive robots, as suggested by [54]. In addition, the experience with simulations
of large multi-module systems such as Darwin III, which contains roughly 8,000 nodes with roughly
200,000 interconnections, will probably be essential in building more capable models.
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Potential Energy Network

Hogan [106] has applied a potential energy network to the problem of reaching to and tracking an
object in two-dimensional motion amidst arbitrarily placed objects with a multi-jointed arm that lies in
the plane of the obstacles. The motion of the arm is severely constrained by the obstacles and yet very
rapidly (it easily keeps up with rapid man-made movements of the object) reaches around them towards
the object. The position of the obstacles and the object is observed by an overhead camera. A computer
then constructs a potential energy surface with peaks at the obstacles and valleys in between leading to the
energy minimum at the object. A gradient descent algorithm is used to calculate the trajectory of the arm
from the energy surface. Development of this system has reached the stage of a working laboratory-grade
demonstration.

10.3.3 Spatial Reasoning for Robotic Navigation

Jorgensen [120] used neural networks in two stages of a four-step navigation process. First, a Hopfield-
type network was used to record a map of the positions of objects in the room. Subsequent sensor readings
from any part of the room could then be used as a cue to the network to retrieve the full room map.
Second, a simulated annealing network was used for planning a path between the objects to the goal. The
associative network worked well in this task, but the path planning network was too slow. This work was
carried out using real robots in a laboratory setting.

10.3.4 Linear Control

In the area of linear coordinate transformations, Pellionisz [200] has advocated the use of tensors to
transform points between the separate coordinate systems used by sensory and motor systems. This ap-
proach is useful when transformations are linear, data representations are linear, and coordinate systems
use nonorthogonal axes. It cannot be used easily in cases when nonlinearities are present. In those cases,
the map-based approaches described above have a significant advantage.
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11. NEURAL NETWORKS AND OTHER DISCIPLINES

11.1 INTRODUCTION

Neural networks are being used as a tool for modeling and theory development in many disciplines
besides those mentioned above. This section reviews their use:

e By experimental psychologists to model classical conditioning,
e By cognitive scientists to model performance of humans on many tasks, and

e By computer scientists in field of artificial intelligence (Al).

Neural network models in the Al field complement more conventional computational symbolic meth-
ods. Some higher-level Al problems, such as graph matching and constraint propagation, map well onto
neural networks. Neural network implementations provide advantages in robustness and potential speed
and seem better at dealing with uncertain and conflicting evidence. Other problems, such as variable bind-
ing, do not map well onto neural networks. Neural network models, sometimes called connectionist or
PDP models, are causing a major paradigm shift in the field of cognitive science. Here, they often model
empirical data better, provide learning capabilities, and often seem more natural than a computational
approach based on symbols and formal logic. Experimental psychologists have used neural networks to
model classical conditioning animal learning data for many years. Surprisingly, it was found that the rel-
atively simple LMS algorithm used to train perceptrons formed a good fit to much data. Modeling other
temporal aspects of behavioral data has required adding more complex time dependencies to the network
models.

11.2 HIGHER-LEVEL AI PROBLEMS

Virtually all of the work discussed so far as been focussed on the lowest (earliest) levels of intelligence.
Neural-style models are also being applied to higher-level problems, which have been typically attacked
by symbolic computational methods. This work overlaps significantly with work described below in the
section on cognitive science and is usually denoted as “connectionist” or “PDP” modeling. Good examples
of this work can be found in {177,270].

Some problems which have been viewed as high-level Al tasks have elegant formulations in neural
network terms. Graph matching and constraint propagation are widely used techniques and these both
map nicely to structured neural networks. Applications exploiting these techniques include those in word-
sense disambiguation [40,41,271], parsing [62], semantic networks [239] and visual recognition [39]. The
connectionist approaches to these tasks have already exhibited advantages in robustness and potential
speed and seem better at dealing with uncertain and conflicting evidence.

There are, however, many other problems which are at this time much harder to express in neural net-
work formalisms. From a practical point of view, this means that any near-term applications will be hybrid
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systems. More interestingly, the Adaptive Knowledge Processing Panel believes it is worth discovering
how nature solves these problems with connectionist hardware. There are some preliminary approaches
[9,10,260,246,223], but these give up the advantages of neural networks. Much more work needs to be
done on basic problems like variable binding [66] and action-sequences, and on their applications to more
complex Al tasks.

11.3 COGNITIVE SCIENCE

Cognitive science is a relatively new discipline forged by pressure on the old boundaries between tra-
ditional subjects like psychology, linguistics, computer science, neurophysiology, and philosophy. Over
the last few years, neural network-style models have become one of the dominant paradigms of cognitive
science [177,229]. Something like one third of all papers at recent national meetings in this field have
had a connectionist flavor. In addition to the swing of fashion, there are several technical reasons for this
change.

Psychologists have been drawn to neural network models because they often do a better job of fit-
ting data, especially involving timing or errors [49,177]. The adaptive or learning capabilities of neural
networks have also provided an extended repertoire for cognitive scientists. More generally, the compu-
tational paradigm based on many interacting information sources appears to many cognitive scientists to
be more natural than one based on symbols and formal logic. It is too early to be sure, but the widespread
use of connectionist formalisms could facilitate basic advances in many fields — just as other formalisms
such as calculus, statistics, and logic have done.

It is already clear that neural network formalisms are uniquely well-suited to expressing models at all
levels. The same formal tools, simulators, and intuitions are being exploited for models ranging from
detailed neural simulation through abstract models of language and thought. Among the benefits of this
general applicability are a shared scientific language across disciplines and a completely natural framework
for reduction of higher-level models to their constituents. Since cognitive science is crucially concermed
with these matters, it is likely that connectionist (neural network) formalisms will continue to play an
increasingly important role in the discipline. As always, the scientific advances made in modeling tasks
like vision, speech, and so on will have important applications in practical tasks.

11.4 CLASSICAL CONDITIONING

In some ways, there is a much better understanding of biological learning processes at the behavioral
level than at the physiological level. For example, many behavioral laws of animal leaming have been
found that hold across a wide range of species and response systems, whereas the physiological basis of
learning is just starting to be understood in a few specific cases. The theory and data of animal learning
stand as both an opportunity and a challenge to neural network research: An opportunity because animal
learning is still far more adaptable and efficient than that of the best neural network learning algorithms;
existing animal learning theory remains an untapped gold mine of ideas for neural network research. A
challenge because there is an immense database of empirical animal learmning results that remains only
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partially explained. This database constitutes a stringent test of neural network models of learning that
claim a strong connection to biological learning systems.

The best understood animal learning process is that known as classical conditioning. Neural network
researchers since Hebb in 1949 [99] have attempted to explain classical conditioning as a result of synaptic
learning rules. Early models were proposed by Grossberg [89,85] and Klopf [134]. Uttley [263] showed a
formal relationship between his neuron model and the Rescorla-Wagner animal learning model, and Sutton
and Barto [255] showed that the Adaline model [275] was essentially equivalent to the Rescorla-Wagner
model. In the 1980s, this has become a very active area, with numerous new models and extensions of
old models being explored and compared [94,133,135,254].
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12. TOWARD A THEORY OF NEURAL NETWORKS

12.1 INTRODUCTION

This chapter reviews those issues that a theory of neural networks must address and also discusses what
has been accomplished toward this goal. Although much has been learned through empirical studies and
past experience, there is a need to take a broad look at the types of constraints on computation produced by
architectures based on fine-grain parallelism. Theories must be developed to explain how neural networks
operate. A theory of neural networks must address issues that are specific to these highly parallel systems.
Some of the major questions that should be addressed include:

e Capability. What problems does a network have the potential to solve? Is there a
rich enough data representation available to represent a solution to the problem the
network must solve?

e Memory Capacity. How much information can be stored in the network? (This is
similar to the capability question, but specialized for networks that learn and store
items in memory.)

e Learnability. What types of problems are learnable? Can a network be redesigned
or the data representation be altered to make a problem learnable? (Learnable nor-
mally means: the number of training samples required to perform a function suc-
cessfully grows polynomially and not exponentially in the size of the network.) This
is also called the scaling problem. It is addressed by a branch of mathematics called
complexity theory. Leamnability can also mean training time is long — but acceptable
— for a give task.

e Data Representation. How is data represented in the network and how does data
representation affect structure, capacity, capability and learnability?

o Network Design. How should a network be designed to perform specific functions?
What types of nodal processing elements should be used? How should they be
interconnected? What modes of operation should be used? How should data be
entered, operated on, extracted, and stored?

e Learning and Using Internal World Models. How are internal models of an en-
vironment learned and then used to plan actions and make decisions? What is the
best strategy for this type of learning and can interaction in an environment speed
learning? How can learning be structured to build a hierarchy of competencies that
lead to more and more capable behavior?

In addition to these more global issues, there are specific questions that must be addressed concerning
credit assignment and network training and operation that were stated earlier.
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12.2 CAPABILITY

Theoretical work has already explored the types of mapping problems that are learnable with specific
types of networks. Many of these results were described earlier when specific network models were
discussed. Some, however, are general results that apply to all learning systems. Major results are listed
below in separate categories.

The capabilities of single-layer perceptrons with binary inputs and outputs and binary-valued nonlinear-
ities have been studied by many researchers [97,154,162,178,188,193,194,222]. This work demonstrated
that single-layer perceptrons could only form linearly-separable Boolean mappings between the inputs and
the output. Such mappings include logical NOT, AND, and OR functions, the majority gate, and the more
general “at least X of N” function. A single-layer perceptron with N inputs can with high probability also
form any desired dichotomy of 2 M input patterns [ 194]. Mappings that cannot be computed include the
exclusive OR function and the parity function (the output is “high” if the number of bits is odd and “low”
otherwise) [188]. In addition, it was proven that a single-layer perceptron presented with binary images
on an input field could not determine whether an image was connected [188].

Early work on multi-layer perceptrons with binary inputs and outputs demonstrated that two-layer per-
ceptrons with one layer of hidden units could form any Boolean mapping or logic function [154,188,194].
For a number of years, perceptrons called “threshold logic gates” were explored as an alternative to more
conventional NAND, OR, AND, and NOR logic elements. This work even led to small experimental
hardware computers [117].

Perceptrons with continuous-valued inputs and binary-valued nonlinearities have also been studied.
Early work demonstrated that a two-layer perceptron with one layer of hidden nodes could separate N
finite distinct input points into any desired dichotomy [194]. This proof says little about the more typi-
cal classification problem where inputs in different classes are clustered together in one or more compact
regions. Recent work led to a simple constructive procedure which demonstrates that three-layer per-
ceptrons can form any desired decision region and that two-layer perceptrons can form convex decision
regions [29,157]. This is illustrated in Figure 4-2. Further work demonstrated that two-layer perceptrons
could form both non-convex and disjoint decision regions [114]. Studies using backpropagation training
have demonstrated that it is possible to learn complex decision regions [113,114].

Multi-layer perceptrons can also form complex nonlinear input/output mappings. Kolmogorov proved
a theorem described in [163] which proved, in effect, that a three-layer perceptron could compute any
continuous nonlinear function of the inputs. This proof, however, requires accurate, problem-specific
nonlinearities in the nodes. Recent theoretical results [44] have demonstrated that a three-layer perceptron
with two layers of hidden units and sigmoid nonlinearities can approximate any continuous input/output
mapping to any desired precision. More work is needed to determine the number of nodes required to
produce such mappings.

An extension of the constructive proof described in [29,157] can be used to construct three-layer percep-
trons that form specific mappings. This extension quantizes the input space into hypercubes and provides
the desired output value for each hypercube by assigning connection weights to the output node [151].
It essentially uses a lookup table technique to form nonlinear mappings. The same concept was used in
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the “hypercube classifier” described in [114]. Studies using backpropagation have demonstrated that it is
possible to learn some important nonlinear mappings [151].

12.3 MEMORY CAPACITY

Memory capacity has been studied primarily for associative memories. Results for fully-connected
Hopfield associative memories [109,23] demonstrate that M < .014 N, where M is the number of N bit
memories that can be stored in a Hopfield network with N nodes. This bound assumes a bit error rate
of 5% can be tolerated and requires N2 connection weights. A unary or Hamming network can store
M memories using N input nodes, M intermediate nodes, and N output nodes [23,156]. This requires
only 2 N M connections. For example, a Hopfield network would require 250,000 connections to store
10 500-bit patterns, while a unary network would require only 10,000 connections. The capacity of the
Kanerva model is approximately M < 0.1G, where G is the number of internal nodes [23].

124 DISTRIBUTION-FREE LEARNING

A new area in machine learning called distribution-free learning has developed over the past few years.
It addresses the global question of what Boolean functions are learnable and rigorously defines this prob-
lem [265]. Initial results were obtained for Boolean functions learned from examples chosen at random
but with fixed distributions [265]. A function was defined to be learnable if there is a learning algorithm
which requires a number of examples (¢) that grows as a polynomial function of the number of inputs (d).
The learning algorithm need not classify all examples correctly after training, but must with probability
1 — & have an error rate that is less than €. This definition opened up a new area of study and led to
numerous theoretical studies [26,25,127,264]. This work is currently being extended to situations with
continuous-valued inputs and noise [25,12]. A good overview is available in [8].

One negative result from distribution-free learning studies is that general linearly-separable Boolean
functions that can be produced by perceptrons are not learnable [97,127]. Bounds on the number of trials
required to learn general linearly-separable functions with the perceptron convergence procedure from
[97] are

gtz ped.

This is clearly not learnable since the number of examples grows exponentially in the number of inputs.

A positive result is that monotone disjunctions (OR functions) are learnable. If binary inputs to a net-
work are denoted 1, x7, ..., 24, then examples of monotone disjunctions include zyUz3 Uz and 22 U4,
Not only are these functions learnable, but they are learnable by simple single-layer perceptrons [97,264].
The number of trials required to learn monotone disjunctions with the perceptron convergence procedure
from [97] is

t<d®.

In simulations, the number of trials appeared to grow only linearly with d. Recently, a variant of the
perceptron convergence procedure was developed that makes a bounded number of errors when learning
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monotone disjunctions [162]. The number of errors for this algorithm is bounded by
errors < 2k(log,(d+ D)) + 1,

where k is the number of terms in the disjunction and d is the number of inputs. Monotone conjunctions
(AND functions) are also leamable [97,264]. The number of trials required to learn monotone conjunctions
with the perceptron convergence procedure from [97] is

t<d®.

Another class of Boolean functions that is learnable are called k-DNF meaning functions in k-disjunctive
normal form. These are functions made from disjunctions (OR) of terms made from conjunctions of
(ANDing) inputs where each conjunction involves at most k inputs. For example, a 3-DNF function of
inputs xy,x2,23,24, x5 could be (21 Nz3) U(ZT2 Nz4 Nzs). The constructive proof mentioned above
[29,157], which demonstrates that a three-layer perceptron with continuous-valued inputs can form ar-
bitrary decision regions, uses this type of function. Weights in the upper two layers compute a k-DNF
function of the outputs of first-layer nodes. This function also is a subset of DNF functions which can be
used to form any arbitrary Boolean function.

A number of researchers have suggested training algorithms to use with two-layer perceptrons to leam
k-DNF functions [97,114,162,264]. Most algorithms use some form of unsupervised competitive learning
to learn conjunctions in the first layer and supervised leamning to learn disjunctions in the second layer.
[96,114]. Two hierarchical training algorithms were tested on problems that are k-DNF functions (the
multiplexer problem from [19] and the symmetry problem from [225]). The new hierarchical algorithms
required roughly 500 training trials while A,_, and backpropagation training required more than 75,000
training trials to leamn these functions. When compared on a classification problem [114], hierarchical
algorithms typically required fewer than 500 trials, while backpropagation training required more than
60,000 trials. These studies illustrate the improvements in training time that can be provided using hi-
erarchical networks by tailoring the training algorithm to match the complexity of the problem. They
demonstrate that data representations which lead to leaming of disjunctions are very useful because they
result in rapid leaming. The map representations described in [17] may be common in biology for this
reason.

12.5 LEARNING AND USING INTERNAL WORLD MODELS

The necessity of building and using internal models of the world has often been noted [15,247,253].
Once leamed, internal models can be used as a simulation of the external environment. Actions and
situations can be proposed to the model to predict likely consequences. After perhaps several iterations
of this, the action or action sequence with the best consequence can be selected. It is only recently that
inroads have begun to be been made in this area. This work is opening up an important area of leamning
where internal models of a limited environment are built through interaction and do not have to be pre-
programmed into the network. This type of leaming will almost certainly be required to solve the common
sense problem of artificial intelligence because rules for all possible real-world events are impossible to
predict and code.
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The majority of neural network research has focused on direct learning to solve specific tasks instead
of on building internal models. Direct learning involves learning a specific action to solve each task. For
example, a specific sequence of turns could be learned to reach one specific destination in a maze. A new
destination, however, would require more training and learning of a new sequence of turns. The alternative
model-based learning involves building an internal model of the environment and then using this model
to generate actions to solve many different tasks. For example, a mental map of a maze could be learned
and used to plan paths to any destination in the maze.

The concept of internal models as playing an important role in thought has a long history in philoso-
phy and psychology. In also was mentioned frequently in early discussions of neural network approaches
[15,247]. Results over the past few years have demonstrated that models of simple maze-like environments
can be built and used in neural network architectures [253,256]. One new approach is to use backpropaga-
tion to train an internal network that mimics the input/output behavior of some aspect of interacting with
the environment. This model can be trained through random exploration. For example, the map from sim-
ulated motor signals on articulators that produce sound to the produced sound as monitored by simulated
auditory neurons could be learned by a multi-layer network. The input to this network could be the motor
signals and the desired output could be the auditory neuron outputs. This network could be trained during
an exploratory babbling phase. Although this approach has been suggested by many researchers, there is
only one published report in this area [192]. A similar approach, however, is described in [149,148,215].
Here, topological maps are used to learn forward and backward mappings between visual inputs and motor
outputs for simple tasks.

A new approach to building internal models by interacting with a deterministic environment is described
in [220,221]. In this task, an automaton performs actions that affect the environment and is provided with
sensations that describe the changes in the environment. The goal of the automaton is to construct a
model of the environment that perfectly predicts the result of any proposed sequences of actions. The
procedure developed was able to rapidly learn the structure of complex environments. For example, it
was able to learn the structure of a Rubik’s Cube environment with over 10 !9 global states in only a few
minutes of computing time. This work represents the beginning of an important line of research that may
provide bounds on the ability of automata to learn by exploring the environment. This type of research is
clearly needed to help determine how complex behaviors can be built up over time by interacting with the
environment.

12.6 NP COMPLETE COMPLEXITY RESULTS

Many studies use neural networks with only hundreds of nodes. To fully exploit the power of networks,
they need to be scaled up to bigger sizes. Complexity theory addresses the affect of scaling on training
time and also the difficult of problems on sequential Von Neumann machines and on neural networks.

A number of researchers have examined the complexity of problems when solved using recurrent
Hopfield-type networks and nodes with two-state binary outputs [1,79,161]. One study [1] demonstrated
that combinatorial problems, such as the traveling salesman problem, which are NP complete for Von
Neumann machines, are also NP complete on these neural networks when the number of nodes is polyno-
mial in the number of cities. Others have explored the complexity of determining whether such networks
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have stable states [79,161]. This problem is solvable in networks with symmetric connection weights but
NP-complete in networks with asymmetric weights. A good summary of this and other recent work is
available in [79].

Judd has recently presented complexity theory results for multi-layer perceptrons using sigmoidal non-
linearities [122]. He studied the dependence of learmning time on the size of the network for networks
that are fully connected between layers and proved there was no reasonable upper bound on the training
time when arbitrary input/output mappings must be learned. The applicability of these results is, however,
limited. It has already been demonstrated that specific Boolean mappings can be learned in a time that
scales as a polynomial in the size of the network. In addition, it has been shown that hierarchical networks
and high-order networks can speed up learning dramatically. Further work is necessary in this area to ob-
tain results for specific important mappings, for networks with limited connectivity, and for hierarchical
networks.

12.7 DATA REPRESENTATION

Past work on artificial intelligence and neurobiology has demonstrated the importance of data represen-
tation [18,67,226,268]. This importance has been substantiated by research with neural network models
which support the rich variety of representations described previously. A good representation can often
reduce the required training time by orders of magnitude at the expense of a larger network. Presently, the
study of data structures in classical computer science is based entirely on general-purpose random access
machines. Current results are thus difficult to apply to neural networks. There is a need to review and
revamp the study of data structures with specific attention to the constraints, strengths, properties, and
requirements of machines with highly distributed qualities.

12.8 NETWORK DESIGN

Experience with many different types of neural network models and data representations is beginning
to provide design guidelines. Representations and models differ in many characteristics including:

e Resource requirements (number of nodes, complexity of nodes, fidelity of nodes,
robustness of nodes, and number of connections), and

o Performance limits (retrieval time, learnability, scaling, error recovery, fault toler-
ance, training protocols, and generalization).

To support a particular task, a system could use static, cyclic, or dynamic processes; it could be sto-
chastic or near-deterministic; the signals could be discrete or continuous; and it could be dedicated to that
task or partially shared with others. There is a need for theoretical analyses of the tradeoffs between these
requirements and resources and for codification of past empirical studies of different networks. There is
also a need for more analysis and study of multi-module network structures similar to those observed in
biological nervous systems.

82



12.9 GENETIC ALGORITHMS

One new technique that is only beginning to be applied to neural networks uses genetic algorithms
developed by Holland [107,108]. These algorithms represent an approach to learning modeled after the
theory of evolution and the concept that the most fit (best performing) characteristics of a model should
survive in future generations. It requires the initial production of many alternative models for the first
generation. The performance of these models is evaluated and a new generation of models is formed by
merging and randomly mutating components of old models. The process is then repeated.

Genetic algorithms have been applied to a wide variety of problems, including function optimization,
keyboard layout, semiconductor chip design, job shop scheduling, and communication network design
[47,108,83]. In the field of neural networks, they have been combined with simulated annealing and
applied to function optimization problems [3] and also used to design networks to find shortest paths
[245]. They appear to provide a general, although potentially computationally intensive, approach to the
problems of network design and choosing a good input representation.
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13. NEUROBIOLOGY AND NEURAL NETWORKS

13.1 INTRODUCTION

As noted previously, there are two classes of neural network models — those that are intended as compu-
tational models of biological nervous systems, and those that are intended as biologically-inspired models
of computational devices with technological applications. These classes are not necessarily mutually ex-
clusive, but most neural network models fall into one class or the other. In the rest of this chapter, the
former class of networks will be referred to as neurobiological models, and the latter simply as neural
network models.

The goal of neural network research is to design new algorithms and machines that can solve problems
that require “intelligent” analysis for their solution —i.e., those problems that are very difficult for conven-
tional algorithms and machines, but are easy for ‘intelligent’ biological organisms. As suggested by its
name, the field of neural networks is distinguished from other fields with similar goals —e.g., artificial in-
telligence — by its general strategy of incorporating features of biological nervous systems into its designs.
This is an important difference, for it opens the possibility of grounding neural network technology in the
secure foundation of natural science, and of accelerating its progress through exploiting the knowledge of
how existing (biological) systems have solved the same problems that it is concerned with.

This chapter first provides a brief overview of brain physiology, highlighting the great differences be-
tween neural and conventional computation. The biological foundations of neural network research are
then presented, demonstrating that neural networks are founded in several key features of the nervous sys-
tem, but that there is still much to learn from neurobiology. In support of this conclusion, recent advances
in neuroscience are briefly reviewed, followed by a discussion about how such knowledge could influence
neural network research.

13.2 OVERVIEW OF BRAIN PHYSIOLOGY

The brain consists of roughly 10 to 1,000 billion neurons, cells with distinctive properties found only in
the nervous system. There are hundreds of types of neurons, although they share a set of common features
and functions. Figure 2-2 shows drawings of two characteristic types of neurons and a small neural circuit.

A neuron is characterized by a cell body ~ 30 microns in diameter, and thin ( ~ 1 micron) branch-
ing extensions called dendrites and axons that are specialized for neuron-to-neuron communication. The
dendrites receive inputs from other neurons and the axon provides output to other neurons. The neuron is
imbedded in an aqueous solution of small ions, and its selective permeability to these ions establishes a
negative electrical potential of some tens of millivolts.

Neurons receive electrochemical input signals from other cells at small (~ 1 micron) discrete sites
on their surface, as shown in Figure 13-1. These sites of neuron-to-neuron communication are called
synapses, and number between 1,000 to 100,000 for each neuron. The input signals are combined in
various ways, triggering the generation of an output signal by a special region near the cell body under
certain conditions. The output signal is a large (~ 100 millivolt), brief (~ .001 second), pulse that
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propagates without attenuation down the axon at velocities up to 120 meters/second. These pulses, called
action potentials, can be produced at varying rates, up to several hundred per second. The axon branches
many times, delivering the same pulse to all of its synapses. Some neurons generate sustained moderate
pulse rates for seconds, while others produce short bursts of a few pulses in a few milliseconds.

It is tempting to think of a neuron, with its pulse-like output, as a digital transistor with two states, pulse
or no-pulse. However, this analogy requires clock-like synchronization of neuronal pulses on a time scale
of the minimal inter-pulse interval — a few milliseconds. Such tight synchronization is not found in the
brain (although brain regions are known to exhibit synchronized firing over larger spatio-temporal scales).
Typically many pulses must be averaged over tens of milliseconds to determine the average firing rate on
an axon. Given this need for averaging, it is surprising that humans can respond to complex stimuli in
fractions of a second when neural elements have computing times of tens of milliseconds. This response
time indicates less than 100 sequential processing steps. The relative slowness of individual neurons is
presumably countered by the use of massive parallelism in the nervous system. Parallel processing is an
emerging field in computer science — however, the style and fine-grain scale of neuronal parallel processing
is of an entirely different order.

On the transmitting or pre-synaptic side of the synapse, the pulse releases a specific chemical, called a
neurotransmitter, that diffuses across a gap (~ .01 microns) to the receiving side of the synapse. On the
receiving or post-synaptic side of the synapse, the neurotransmitter binds to specific receptor molecules
anchored in the membrane, opening ionic channels and changing the electrochemical potential. The mag-
nitude of this change is determined by many factors local to the synapse, such as the amount of transmitter
released on the pre-synaptic side and the number of receptor molecules on the post-synaptic side. These
factors can change with time, thus changing the effectiveness or “strength” of the synapse. It is not known
how many of the thousands of synapses on a cell are strong, or even functional at a given time. Estimates
of the number of active synapses necessary to cause a cell to “fire” (generate an output pulse) range from
a few to hundreds.

It has long been thought that the neuronal input/output function was relatively simple. Synaptic poten-
tials are spatially and temporally filtered in accord with the cable properties and geometry of the neuron
and integrated at the cell body. The resulting potential triggers action potentials only when it is greater
than a fixed threshold. This description is reasonably accurate for a large number of neurons, but modern
methods have revealed much more complicated mechanisms. Many neuroscientists now think of a neuron
more as a microprocessor rather than as a leaky capacitor feeding a one-shot flip-flop circuit. In addition,
there are neurons without axons, synapses that are bi-directional, synapses onto other synapses and onto
axons, and non-chemical, electrical synapses.

The neurons of the brain are organized into thousands of discrete structures, each with its own particular
types of neurons, patterns of neuron-to-neuron connections, and role in brain function. Shapes and sizes
vary from small globular nuclei a few millimeters in diameter with tens of thousands of neurons, to large
cortical sheets a few millimeters thick by one meter square with tens of billions of neurons. Large-scale
information processing tasks, such as speech or vision, are performed by systems composed of many in-
terconnected structures, each serving a small though specific subtask. This modular architecture is largely
responsible for past successes in understanding the brain. Carefully controlled experiments can selectively
study one brain system at a time, untangling its components from those of others, and elucidating their role
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in the systems function. Figure 13-2 shows a hierarchical block diagram of some of the many processing
stages identified in the visual cortex of the macaque monkey.
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Figure 13-2. A Hierarchy of Important Processing Stages in the Visual Cortex of the
Macaque Monkey. The majority of connections are reciprocal and inputs from the eye enter
VI

The growth and formation of brain structures is, of course, ultimately governed by genetic information.
However, the equivalent of a schematic at the level of individual neurons does not exist. Rather, genetics
specifies the types and numbers of neurons and the general patterns of connections, but leaves the details of
neuronal wiring up to the adaptive processes of development. In a similar way, it is generally presumed that
the acquisition of complex skills such as speech, vision, and movement — achieved with little supervision
during the first years of life — is due to adaptive processes of neuronal re-organization operating within
and upon the existing processing structures.

Present understanding is largely confined to the sensory and motor systems. The structures involved
with more high-level cognitive functions — such as categorization, memory, decision making, and plan-
ning — have been tentatively identified, but much is still a mystery. For example, a multitude of specific
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structures in the visual system that analyze aspects of the elements in an image, such as their color, mo-
tion and depth, can be pointed out — but there is no knowledge of how those aspects are grouped into a
representation of the physical objects in the scene, nor how the objects are recognized, categorized, and
named. However, there are no presently foreseeable scientific obstacles barring an understanding of such
cognitive functions, although this will likely require a greater interaction between theory, computational
models, and experiment.

13.3 BIOLOGICAL FOUNDATION OF NEURAL NETWORKS

This section briefly discusses the biological foundation of neural networks. More complete accounts
may be found in recent reviews [13,42,180].

Work in neural networks is generally oriented towards achieving rather high-level intelligent functions,
such as pattern recognition, categorization, and associative memory. The biological knowledge of these
functions is far from complete, but it is very clear that neurons and synapses are the fundamental devices
used. It is also clear that these devices are not programmed in the conventional manner; rather, problem-
specific knowledge is acquired by a learning process which alters the neuronal parameters directly. These
are the two principal facts of biology that have been applied to neural networks. They are the equiva-
lent of the transistor and of the logically structured program in conventional computers. In addition, the
algorithms for calculating the output of a model neuron from its input and the high synaptic connectiv-
ity used in model networks both derive from biological observations. Modern neuroscience provides a
great wealth of additional information that has only just begun to be applied to neural network modeling.
This is because the path from this more recent biological information to the desired intelligent functions
is relatively tenuous, and the simple ideas of neurons, synapses, and learning, are themselves surprising
powerful.

The few principles of neurons, synapses, and learning constitute the biological foundation of most neural
networks. They are, of course, insufficient to specify a network with the kinds of high-level intelligent
functions mentioned above. In order to achieve these functions, the biological foundation is supplemented
with cleverly invented ideas, some drawn from other disciplines, notably physics. This non-biological
approach is appropriate considering the technological goals of the research, the lack of clear alternative
biological solutions, and the possibility that future research will verify that such imported ideas are in fact
biological. However, if biological realism is not sufficiently maintained, neural networks will lose the
ability to interact profitably with neuroscience. The synergistic relationship between neuroscience and
neural networks depends on the plausibility of the neural networks as models of biological computation.

13.4 RECENT RESULTS IN NEUROBIOLOGY

Neural networks are based on relatively old biological knowledge (ca. 1950), although at the time
the field began, this knowledge was relatively current. Since then, knowledge of the nervous system has
mushroomed. The old ideas of the importance of neurons, synapses, and learning are still true — i.e., the
original ideas of neural networks are still valid, but due to new techniques, a great deal more is known about
these and other structures and phenomena. In this subsection important biological facts and principles
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that have been largely ignored in neural network research, and yet could significantly advance neural
network technology, will be outlined. We will emphasize the critical role played by biologically oriented
neural network models and theoretical analysis in translating biological knowledge into computational
technology will be emphasized. Furthermore, the resulting computational models can greatly contribute
to understanding the complex biological phenomena.

13.4.1 Neurons

It is now recognized that single neurons are capable of more functions than the standard one of linear
summation followed by nonlinear thresholding employed in neural networks. These enhanced functions
are in the analog domain and arise from nonlinear interactions between dendritic inputs and the elec-
trical state of the cell. This information is possible because of breakthroughs in intracellular recording
technology, both electrical and optical. However, this information must be supplemented by mathemat-
ical models of membrane biophysics and computational models of how the analog functions are used in
the larger computations of the system. Mathematical models of membrane biophysics are well advanced
[212,202,138], and are now being extended to the network level in studies of the hippocampus [261}.
Computational models of analog retinal motion detectors have also been proposed [141]. An understand-
ing and implementation of such analog processes could lead to great increases in the computational power
of individual nodes in neural networks. The technological feasibility of applying such analog processing
to neural networks has been demonstrated by the construction of an artificial retina in silicon [181].

13.4.2 Synapses

The molecular mechanisms for changing synaptic efficacy, and hence neuronal signaling, are now be-
coming known. The work on long-term potentiation (LTP) and the NMDA receptor partially justifies the
popular Hebb rule used by modelers [153], but significantly extends it as well. It is especially notable
that the role of these synaptic mechanisms in behavioral learning is also being investigated [248,189]. All
of these developments promise more powerful learning rules for neural networks — however, biologically
oriented models relating synaptic changes to network phenomena and behavior are needed to guide the
experimental work.

13.4.3 Map Representations

The importance of highly structured map-like representations in the brain is now very clear, especially
in the visual system [61,52,237], where the maps are linked together in a modular, hierarchical fashion
(see also the previous section on early vision research). Neuroethologists are coupling physiology with
ethological and behavioral studies to pinpoint the role of specific neuronal maps in solving specific real-
world problems. For example, studies of the bat are revealing how multiple cortical maps, shown in
Figure 13-3 are used to solve the problem of in-flight echo-location [251]. Investigations of the target
location system of the barn owl [136,146] have uncovered the presence of “computational maps™ [137]
that construct an acoustic map of space from binaural phase and intensity information. The acoustic map
is adaptively fused or calibrated with the visual map derived from the retina, and is used to orient the head
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Figure 13-3. Range Cell and Frequency/Intensity Topological Maps Measured in the Au-
ditory Cortex of the Bat. Neurons in these maps are responsive to specific characteristics of
the returned bat sonar signal.
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towards targets. Theoretical work could accelerate progress in this field by making experimentally testable
models of how these maps are constructed and used to control behavior. In return, neural networks could
gain powerful new map-like paradigms for computation and control. Models with these aims are being
actively pursued [14,91,148,197].

13.4.4 Self-organization

It has long been known that the sensory systems go through brief critical periods in post-natal devel-
opment in which the circuits are fine-tuned in response to environmental exposure. The environmental
and physiological factors essential to this process have been extensively studied in the visual system, as
reviewed in [277]. Recent work is determining the internal biochemical mechanisms [213] involved. Net-
work models are needed to explain how all these factors work together to produce the appropriate adult
circuits, and there has been considerable work in this area (see [43] and the papers cited therein). In addi-
tion to brief pertods of self-organization during critical periods, there is strong evidence for reorganization
in adult brains as well. This has long been predicted due to the neurological evidence of recovery after
brain trauma. Recent work in the somatosensory system has demonstrated such processes of recovery at
the neuronal level [123]. The cortical topographic map of the skin is dynamically regulated by the differ-
ential use of skin regions. The cortical map territory representing a given skin region will shrink or expand
as that skin region is stimulated less or more than neighboring skin regions, with consequent decreases
or increases of sensitivity, respectively. Models seeking to explain how this self-regulation arises from
neuronal mechanisms are clearly needed, and several have been proposed [58,69,198,219]. Understand-
ing of neuronal self-organization phenomena could lead to neural networks whose internal representations
of sensory information would be maximally efficient and adaptive to changes in the environment, as dis-
cussed in [155].

13.4.5 Network Circuitry

The knowledge of the circuitry of the brain is expanding rapidly due to new tracing methods. Special
dyes are injected inside a cell, filling it and marking its inputs and outputs for microscopic analysis. It has
always been clear that there is much more structure in the nervous systems than neural network models
consider, but now neuroscience is in a position to actually determine what the circuitry is. Studies of
very young animals have shown that much of the structural complexity of brains does not come from
learning or synaptic weight modification within globally connected networks, as assumed by most neural
networks. No matter how much sensory deprivation a developing cat is subjected to, it will still have a
retina, a lateral geniculate nucleus, a striate cortex and so forth. They might not work very well, but the
basic information for macroscopic development seems to come from genetic and developmental processes
rather than environmental sources. It seems unlikely that the clever designs of local brain circuits will be
discovered solely with the current methods of neural networks, which start with global connectivity and
change the weights to optimize an input/output mapping. However, this method may provide helpful leads
in more macroscopic mapping problems, as suggested by recent modeling work [283].
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13.4.6 Network Dynamics

The availability of powerful computers and electronics has enabled the simultaneous recording of elec-
trical activity at many closely spaced sites in the brain, both electrically and optically. This promises
to reveal new modes of network dynamics and information processing. However, due to the tremendous
data rates involved, severe data reduction methods must be employed to solve the “needle in the haystack”
problem. Networks models are needed to suggest what the important spatial and temporal scales might be
in order to guide the data reduction process and the experimental design itself. Model based data reduction
methods have been extensively applied in the olfactory bulb by Freeman [70] and are under development
by Shaw for the visual cortex [242].

13.4.7 Learning

Neurobiologists are extensively exploring the physiological correlates of learning in higher mammals
[273,262]. The response properties of single cells can now be determined while the animal is awake and
learning a task or an association between stimuli. Pharmacological agents can be administered to block or
aid the learning-related changes. These techniques, as well as others mentioned above, are determining
the neuronal bases of learning and memory. Learning, of course, is one of the key features of neural
networks. Most network models use a form of supervised learning in which the correct outputs for a large
set of inputs is already known and is used to set the connection strengths to achieve the desired input/output
mapping. However, there are equally important learning tasks that cannot include an omniscient teacher,
such as any situation in which novelty is present. Biological research can aid neural networks in the design
of such unsupervised learning paradigms (see the previous chapter on models of classical conditioning),
and network models are expected to be an essential part of the discovery process itself. Recent efforts
along these lines, in which there is a closed feedback loop between network modeling and experiment,
has suggested a new mechanism for categorical memory [165]. This new memory model, unlike most
neural network classifiers, explicitly uses time in its representation of stimulus categories. The output
response pattern evolves in time, at first giving a classification response, followed by more and more of a
stimulus-specific response. If two stimuli are presented at the same time, the output oscillates between the
two correct outputs, thus solving the superposition problem that plagues categorizers which exclusively
use spatial representations. Of course, for problems with many stimuli, further attentional methods are
needed, as discussed below.

13.4.8 Attention

Animals are able to make sense of their complex sensory environments because they can attend to just
those features or objects that are important to the task at hand, thus serializing their analysis of the parallel
information flow provided by the senses. This essential function has been extensively studied by psychol-
ogists for the last 20 years, and is now under neurophysiological investigation (see [208] and the articles
cited therein). The ability to attend to one of many objects seems especially remarkable when considering
the parallel and distributed manner in which objects are represented in the nervous system. Even within a
single modality, features of a single object are represented on a multitude of neural structures, and yet the
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features of multiple objects are not mixed up with each other (the apples in a basket of oranges are seen
as red and not orange). The problem of attention is thus related to the problem of sensory fusion.

13.4.9 Organizing Principles

Mountcastle has proposed a general organizing principle for information processing based on the mod-
ularity of brain structure and function, and the evidence that groups of neurons, rather that single neu-
rons, are the irreducible processing elements [190]. Edelman has put forward a complementary theory of
higher brain function that posits that the brain is a selective system, sharing principles in common with the
immune system and Darwinian evolution {56]. This theory argues that the paradigm of information pro-
cessing that is implicitly, if not explicitly, employed in both neuroscience and neural network research is
an inadequate paradigm for understanding brain function and for building truly intelligent machines [57].
These organizing principles are currently very controversial within neuroscience itself — however, neural
network models based on these principles have been developed [121,68,240,48,198], demonstrating new
computational ideas and stimulating fresh insights into the theories.
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14. CONCLUSIONS CONCERNING ADAPTIVE KNOWLEDGE PROCESSING

The Adapative Knowledge Processing Panel of the Neural Network Study has drawn a number of con-
clusions about the field of neural networks and its needs and prospects. These are delineaied below.

The neural network community needs sponsorship of basic research rather than funding of large-
scale demonstrations of neural network capability. The field of neural networks is young but has good
potential. Much basic research is required before new applications should be expected in the fields of
robotics, vision, and speech.

The development of advanced neural network models should be encouraged. Researchers should
explore more complex multiple-module neural network systems with many subnetworks. These systems
should explore the use of hierarchical training using both unsupervised and supervised leamning. They
should address the problems of data fusion, selective attention, and both recognition and production of
temporal pattern sequences. More complex models should not limit nodal processing elements to use
only simple summations followed by nonlinearities. More biologically-plausible nodes should be studied.
These nodes could exhibit complex temporal behavior and operations such as multiplication or shunting.

The development of improved learning algorithms should be encouraged. Researchers should ex-
plore techniques to automatically discover input features that provide good classification. Input features
limit the performance of any following classifier or higher-level processing. Researchers should also at-
tempt to develop faster techniques for supervised and unsupervised learning and learning techniques that
work well when error feedback is noisy or delayed. They should, in addition, explore algorithms that learn
to develop and use internal models of the world. Such models can be used, for example, to predict the
effect of possible environmental interactions. Researchers should explore, too, the benefits of different
types of data representations for different tasks as well as algorithms to recognize and predict temporal
sequences.

Theoretical work in neural networks should be encouraged. The development of the field of neural
networks requires further basic theoretical work. This includes research on complexity theory to determine
the scaling properties of different algorithms and work to determine performance bounds on adaptive
algorithms for different tasks. It also includes work that demonstrates how the complexity of a model
(size and number of parameters) should be adjusted to match the amount of training data provided. Theory
should also be developed to study improvements in learning that can be provided by modularizing a task
and by selecting a data representation carefully. The behavior of training algorithms in non-stationary
environments should be studied, as should the fault tolerance of different network architectures. Finally,
theorists should study the stability and dynamics of network architectures with feedback connections.

Work in vision-oriented applications of neural networks should be encouraged. Image recognition
is an important application area for neural networks. The neural network approach, however, is not a new
paradigm in the field of machine vision. Here, massive parallelism is clearly necessary to obtain any kind
of near realtime throughput. Many researchers are thus currently developing and using algorithms that
utilize fine-grain parallelism and/or are modeled after early visual areas in the brain. Common databases
do not exist, however, and should be developed as part of any new work in vision. Some of the important
problems that should be addressed by vision work include:

95



e Detecting and fusing features from early vision (edges, color, texture, motion, depth),

e Scanning of an image, and obtaining translation, rotation, and size invariant repre-
sentations of elements of a scene,

e Forming a stable body-centered internal representation of the external world.

Work in speech recognition should be encouraged. Speech recognition is another significant ap-
plication area for neural networks. The neural network approach represents a new paradigm for speech
recognition researchers, massive parallelism is clearly required to match acoustic inputs to 50,000 words
in real time as humans do, and the performance of current speech recognizers is well below that of hu-
mans. Initial work applying neural networks in this area has been promising. Although the computational
power required for speech recognition is substantial, it is much more tractable than vision and allows more
extensive simulation studies. In addition, some common speech databases currently exist which could be
used as benchmarks.

A solution to the speech problem will help in other areas, such as vision, where recognition hi-
erarchies exist. Focusing on speech recognition also implies finding a solution to the problem of
recognizing and storing sequences of temporal patterns. This is a major unsolved important prob-
lem in the field of neural networks. Solutions to this problem would find applications in the areas of
robotics and vision. Other important problems that should be addressed include:

e Constructing sub-word, and word models automatically without excessive supervi-
sion,

e Developing better acoustic feature extraction,
e Developing rapid search techniques,

e Providing speaker independence,

Providing good performance for continuous speech, and

Learning and using internal models of the world.

Work in robotics should be encouraged. Robotics is a still another major application area for neu-
ral networks. Adaptive neural networks represent a different paradigm for robotic researchers that has
not been thoroughly exploited. Most robots are pre-programmed to perform a specific task and are not
adaptive. Initial work exploring adaptive neural network algorithms in this area has been promising. In
addition, initial work on automata that coordinate eye and hand movements suggest some potential so-
lutions to the problems of motor coordination and fusion of sensory data. Work in this area also would
benefit by the specification of specific graded tasks which could be used as benchmarks. Some of the
important problems that should be addressed by robotics work include:

o Fusing inputs from multiple senses,

e Adapting to variable loads,
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Planning trajectories,

Avoiding obstacles,

Selecting from among several possible tasks or objects, and

Learning goal-oriented sequences.

Exploring the capability of simulated automata that “learn by doing,” initially using small simulated en-
vironments. Applications of robotics research include the development of many types of autonomous con-
trollers that can operate in those types of uncertain environments that exist in many military applications,
safe controllers for cars and other vehicles, aids for the physically handicapped, and factory automation.

Neural network models should be develop and tested on real data. Following initial development
and analysis, all algorithms should be simulated as soon as possible and both tested and further developed
onreal data. This will require the creation of graded tasks and databases in the areas of vision and robotics.
A number of shared databases already exist for speech recognition.

Sufficient computational power should be provided for neural network research. The development
of adaptive learning algorithms with large databases leads to heavy computational requirements. These
should be met by providing computer facilities for simulation. Ideally, these facilities should be on site
near the researchers.

Interdisciplinary cooperation should be encouraged. The field of neural networks uses theoretical
results and insights from many research areas. Those who sponsor neural network research should en-
courage interactions between modelers, neurobiologists, engineers, cognitive scientists, physicists, math-
ematicians, computer scientists, and others.

Neural network research efforts should focus on computational models. New computational mod-
els should not be justified by solely by neurobiological inspiration or ability to match psychophysical
data. New models must offer improvements over existing algorithms. A new algorithm could have re-
duced computational complexity, or perform better (more accurate, shorter training time, faster operation,
more capable, or more fault tolerant) or be easier to implement than existing algorithms.

The dissemination of information about neural network research should be encouraged. This is
a new field covering many different areas. Information is currently scattered over many journals. Joint
conferences should be encouraged, as well as review articles and books that can be understood by an
intelligent reader.
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