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FINAL TECHNICAL REPORT
EXECUTIVE SUMMARY
This is the final report for gfant AFOSR-89-0518. While its principal portion is the
last part of this report, it may be appropriate to summarize first the achievements
of the past three years. We begin by reprinting the
1. 1989-90 Annual Technical Report Executive Summary; and the
2. 1990-91 Annual Technical Report Executive Summary.

The above two items give an overview of our activities and achievements during
the first two years of this grant.

The main part of the current report is entitled

3. Artificial Intelligence Methodologies for Aerospace
and Other Control Systems;

it is the culmination of a project by the Principal Investigator and one of his
students. The major subjects addressed in this report are the following:

3a. Neural Networks Approach to Control Systems; ‘}%,
' N

3b. Differential Games with Neural Networks; _”9’%)
. T
3c. Aircraft Control in the Presence of Windshear; 2
' e/
3d. Optimal Control in a Layered Defense System. N
. . >
Concerning our other activities in the course of the year: we attempted to report
on most of them by letter to AFOSR, as they occurred (Copies of the letters
enclosed). Examples are presentations given by o'1r group and publications, of
which we have already provided copies to AFOSR. We list these here in For
- chronological orde:: *—g‘—‘
4. Teaching Neural Networks Nuclear Physics; 4 D
(an extensive undergraduate project) A O e
5. System Identification with Dynamic Neural Networks; oy
v ebMblcoD

(preprint) . = S
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6. Control and Disturbance Rejectior. with a Dynamic Neurocontroller;
(preprint)

7. Maneuver Prediction in Air Combat Via Artificial Neural Networks;
(reprint)

8 Adjacency of the 0-1 Knapsack Problem;
(reprint)

9. On Differential Games With Neural Networks;
(Proceedings of an AFOSR Workshop)

10. Character Recognition: Qualitative Reasoning and Neural Networks;
(reprint)

11. Collision Avoidance and Low-Observable Navigation |
in a Dynamic Environment;
(reprint)

12. An Optnmzatlon Algorithm with Probabilistic Esumatxon,
(preprint)

There were two particular activities with which we were mvolved extensively in
the course of the past year:

13. Organizing several recxprocal visits, presentations and discussions between
our group and the Analysis Group at HQ MAC, Scott AFB;

14 Co-sponsonng “ANNIE ‘92": an international conference on artxflclal
neural networks in engineering. '

Finally, we also established a workmg relahonshxp with three St. Louis area
companies:

ESCO Corporation:
(Collaboratmg with them to develop an Al assisted
and PC based unarmed aircraft defense system)

United Vanlines:
(Helping them to develop optimal routing and scheduling algorithms)

St. Louis Post Dispatch:
(Attempting to apply the Al technology developed by
us to the communication needs of the 21st century)




This report discusses our new methodology for dealing with time dependent contro! and

Lo <e¥0 .
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The principal portion of this Annual Technical Report is @ work by the Prinzipal Investigater and
one of his students:

Semantic Control in Centinuous Systems:
Applications to Aerospaco Froblems.

optimization problems: and, in particular, its application to combat path planning in the
presence of muitiple opposing radar coverage, with time dependent scheduling problems ond

with flight and fire control vig logic programming.

Precoding this report we cre presenting a brief discussion, intended to explain and justify why we
decided o broaden our orginal proposed aims and begin to consider

- Slechastic Oplimization Probleras.

The importance of this extension seems particularly evident in the light of the tasks and missions
of |

' } v Desert Sword .

in the course cf thé reporting period we Qlso submitted to AFOSR copies of the writeups of two
additional pro;ects that we have completed. We are attaching copies of the relevant covering
letters here. These consisted of the following:

!

! Flight and Fire Control with Logic Programmmg
by'EMnY Rodin and D. Geist; Comp. and Math. with Applications,

f Vol. 20, No. 9/10, pp. 15-27, 1990,

: Methods for Stochastic Optimization
by DI Yan end H. Mukat; a Technical Report by the
Center for Optimization and Semantic Control,

We also transmitted coples of the doctoral dissertation of another student of the Principal
Investigator. While that person was not supported by this grant, and his work then appeared to
have no relevance to the project at hand, we felt that since the Artificial intelligence
methodologies employed in that dissertation were derived from ours, it may be appropriate to
present those results to the AFOSR. Now, however, with the threat of large scale Iraqui sabotage
of Middle Eastem oil fields a possibility, that dissertation may become very relevant indeed:

Acidic Deposition Contro! Through an Adificial Intelligence Mathod
by Ji-Shing Lin.

We were aiso proud to report In the course of the past year that one of our graduate students,
Kevin Ruland, who has been involved with our resea'ch projects for two years now, was
owarded the very prestigious

Merzury Seven Fellowship.

An additional item of possible relevance here is that the P.1. was elected in the course of the
reporting period to be an Associate Fellow of the _

American Institute of Aeronautics and Astronautics,

ond also a member of the Advisory Committee of its St. Louis chapter.




Finally. we are glad to report that our direct contacts and co!ldbbrcﬁon with various elements of
the . : . '

United States Air Forée

have been increasing and it seems that 6ur group is becoming progressively more useful to
them. In this regard, we can list the tollowing accomplishments for the period of this report:

1. Several working visits by USAF/MAC personnel at our facilities; and severat visits by us at

: : Scoit Air Force Bawe, ‘
in order o discuss reserch problems and resuits attained by us. (See attached lefter by
Col. J.D. Graham, and the page after it.) '

2. Voluméer Service Agreement between Scott AFB and Washington University, as
proposed and implemnented by the P.I. under this Grant.

" 3. A Washington Univers'ny - MAC Intemn Program's description.

4. The nomination of the P.I., Dr. Ervin Y. Rodin, to membership in the AF Scientific Advisory
Board. by Lt. General A.J. Burschnick.

5. We also list here the Scott AFB/MAC operational projects on which we are currently
working: : ‘ S

Closure Optimization
Defonse Courier Service
. Aeromedical Evacuation

6. Finally, we should also mention in this section that we are making excellent progress on
the development of integer constraint relaxation paradigms, which will be particularly
useful for the KORBX computer of Scott AFB

Finally, we should mention here that. in addition to our previous good working relationship with
Rockwell International, we have also developed close contacts and mutual interests with
McDonnell Douglas and with Emerson Electiic. Scientists and engineers from these companies
now regularly visit with us; one such group visit took place in conjunction with our full-day
presentation for visitors from :

HQ, Strategic Air Command.

‘We are aftaching a one-page informational cheet about that ciso.



ANNUAL TECHNICAL REPORT EXECUTIVE SUMMARY

This is the annual report for the second year of our current three-year grant: thus, several
of our major projects are in the midst of being developed. It may be appropriate, therefore, to
begin this report with brief descriptions of those projects that we expect to conclude in the course
of the coming year. There are actually three such projects, each of which will become a doctoral
dissertation under the guidance of the Principal Investigator:

1. Polyhedral Computations For Many-To-Many Routing Problems;
Applications To Air Transport;

2. Artificial Intelligence Methodologies In Control Systems;
3. System Identification With Dynamic Neural Networks.

We begin our report by providing brief descriptions of the current status of our research
- for each of the above subjects.

Several of our projects have their genesis in our collaborative efforts with the CINCMAC
Analysis Group of HQ/MAC at Scott AFB. The formal arrangement of this collaboration was set
out in a Voiunteer Service Agreement between 375 MSSQ/MSCS Scott AFB and Washington
University, the details of which were included in our annual report last year. During this past
year 2 groups of two senior students each, and one group of thrée students performed studies
relating to the following MAC problems:

1. Defense Courier Routing Problem;
2. Closure Optimization;
3. Operational Stipport Aircraft Vehicle Scheduling Problem.

- We presented these reports to the technical staff of the CINCMAC Analysis Group in the
course of one of our regular meetings with them; in fact, we also presented to them an entire
written report about the first two of these, with copies also provided to AFOSR. For this reason,
we are including in this report only the first few pages of that transmittal. However, we are

- attaching here a copy of the third and shortest report, which was not submitted to the AFOSR.

' It may be appropriate to mention that a fourth senior student group was also working on
- a project related to this grant (but rot related to our Scott AFB onented work). Only the cover
page of their report, entitied

Situation Assessment In Medium Range Air Combat,

is included in this Annual Report.




Several of our research results were prepared in the course of this past year for
publication. We are including some of these in this report. The publication on

i Adjacency of the 0-1 Knapsack Problem,
is a byproduct of our work on Sem ang‘ig Control In Continuous Systems: Applications To Aerospace

Problems,, which was presented in last year's Annual Report. The next item,
ii. Differeﬁtial Games and Neural Nets,

was developed jointly with McDonnell Douglas Missiles Systems Company scxcntlsts, anditisan
ongoing project and collaborative effort.

Our attempts to utilize neural networks in control, optimization and differential game
type problems led us to the realization, that much more powerful, self-tuning networks of this
type should be developed. This led to our first report on

iii. Neural Networks With Local Memory For Control Systoms,
which is our next enclosure.

We reported last year on our work on Tactical Air Combat Maneuvers: Recognition And
Guidance Via Neural Networks. This past sear we attempted to utilize that same technology, to

identify the output of an arbitrary "black box". A first step in that direction was our next
included item, consisting of our work on

iv. Character Recognition: A New Approach Using Neural Networks.
The last item in this section is in fact the longest one: a detailed report on the
V. Application of Semantic Control To A Class Of Pursuer-E_Vader Problems.

-This was a project which we undertook jointly with scientists from the ESCO

Corporauon From our point of view, the importance of the research here was in proving the

feasibility of creating a rule based expert system, which is capable of ¢-""ing on exact optimization
algorithms as subroutines, and which can be implemented on small computers. This is still an
ongoing project: we expect to provide further results in next year's report. (Note: we are not
including here the lengthy appendices to this work, which consist of detailed computer listings.)
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coenter for Opuanuzation and Semantic Control

Friday, January 31, 1992

Dr. Neal Glassman
AFOSR/NM

Bldg. 41C, Bolling AFB
Washington, DC 20332-6448

Dear Neal:

As | may have mentioned to you in the past, | am always trying to get as many

undergraduates as possible to get involved in our various research projects.

Some of these result in nice outcomes ond some are just so-so.

During the past year | encouraged cne such undergrcduote to try his hand at
using neural nets for a physics related problem. Since his results were pretty nice,

 ldecided to send you and Arje a few copies, enclosed here.

With belated good wishes for the new year and best personal regards,

Sincerely yours,

Ervin Y. Rodin
Professor and
Director, COSC

enc.: 3 copies of Teachirg Neural Networks Nuclear Physics

Washington University
Campus Box 1040

St Louis, Missouri 631394899
Tel: (314) BR9-600™, -5806
FAX: (314) 726-4434
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TAHINGIOS UNIVERNTY I STIOUR

Center for Opunization ad Semantic Control

Monday, June 1, 1992

Dr. Arje Nachman
AFOSR/NM

Bldg. 410, Bolling AFB
Washington, DC 20332-6448

Dear Arje:

Since a portion of our research under our present grant involves the tuning and
utilization of neural networks, and since we have made some nice strides in that

~ direction, we decided to publish some of our results related to this area. So, to bring this
to your early attention, I am sending you attached two preprints from our Center:

1. System Identification With Dynamic Neural Networks; and
2. Control and Disturbance Rejection With A Dynamic Neurocontioller.

With best regards,

Sincerely yours,

Ervin Y. Rodin
Professor and
Director, COSC

enc.: 3 copies each of 1. and 2. above

cc. Dr. Neal Glassman

Washington University
Campus Box 1040

St Louis, Missouri 63139-4899
Tel: 1 314) 889-6007, -5806
FAX: (314) T26-4434
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\\ \\Hl\( TTON-UNIVERSITY IN-ST-LOULS

center tor Opamizaton Ltd SemanuecCong ol

Monday, July 6, 1992

Dr. Arje Nachman
AFOSR/NM
Bldg. 410, Bolling AFB

" Washington, DC 20332-64484

Dear ‘Arje:

I am sending you attached three copies of another paper, for which support by both

AFOSR 870252 and AFOSR 890158 was acknowledged:

Mancuver Prediction In Air combat Via Artiﬁciql Neural Networks,
by myself and S. M. Amin.
With best regards,

Sincerely yours,

Ervin Y. Rodin
Professor and
Director, COSC

enc.: 3 reprints

cc. Dr. Neal Glassman

Washington Universiry
Campus Box 1040

St Louis, Missouri 63139-4899
Tel: (314) 889-6007, -5800
FAX: (3141) T20-4434
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WASHINGTON-UNIVERSTY [N ST-LOUTS

Cenies tor Gpomezaion cnd semanue ontrol

Wednesday, August 26, 1992

Dr. Arje Nachman
'AFOSR/NM
Bldg. 410, Bolling AFB
Washington, DC 20332-7448
I

Dear Arje:
Iam send}ing ycu attached three copies of a paper, for which support by AFOSR 890158
was acknowledged: '
? ' Adjacency of the 0-1 Knapsack Problem,
_ byD. Gei?st and myself.
With best; regards,

Sincerelygyou:s,

Ervin Y. Rodin
\ Professor and
Director, COSC

enc.: 3 reprints

¢c. Dr. Neal Glassman

Washington University
Campus Box 1040

St Louis, Missouri 603139-4899
Tel: (314) BR9-6007, -5806
FAX: (31-4) T206-4434
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Tuesday, September 8, 1992

Dr. Neal Glassman
AFOSR/NM

Bldg. 410, Bolling AFB
Washington, DC 20332-6448

Dear Neal;

Siptnazaton ad Sermarte v e

My apologies for responding to your request late; however, 1 was out of town when the messages arnived.

So now here is the information for the period requested:

Publications:;

“On Differential Games With Neural Networks” with Y. Wu), AFOSR Workshop of Theory and

Applications of Nonlmear Control, St. Louis, MO, 1991.

"Character Recognition: Qualitative Reasoning and Neural Networks” (with Y. Wu and 5. M. Amin),

Math. and Comp. Modelling, Vol 16, No. 2, pp. 95-104, 1992,

“Collision Avoidance And Low-Obscrvable Navigation nA Dynamic Environment” (with SM. Amin
and C. Ruan), Math. and Comp. Modelling Vol 16, No. 5, pp. 77-98, 1992.

Graduate Students Supported:

Kevin Ruland; Michael Meuscy; James Revetta; Mark Monical.

creradua u uppor
Travis Cusick.
5 socia 'S Sul T
S. Massoud Amin.

External Honors Recived:

Elected Associate Fellow of the American Institute of Aeronautics and Astronautics.

I hope this will mect your requirements.

Best regards,,

Ervin Y. Rodin
Professor and
Dircctor, COSC

W.shington University
Campus Box jte0

S Louss, Missours 641394300
Tl (31 4) BHO-00™, -8R800
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\ \\Hl\( TON UNIVERSITY l\ ST I l\

Conter B Optsanon aid Semugitie ool

_ Wedne'sday, November 25, 1992 -

Dr. /irje Nachman
AFOSR/NM
Bldg. 410, Bolling AFB

Washington, DC 20332-6448

De r Arje:

I am sending you attached two copies of a report, for which support by AFOSR 890158
was acknowledged:

.An Optimization Algorithm With Probabilistic Estimation,

by D. Yan and H. Mukai. A slightly different version of the report wi'l also appear in
the Jourral of Optimization Theory and Applications.

With best regards,

Sincerely yours,

Ervin Y. Rodin
Professor and
Director, COSC

Washington Eaiversin
Campus Box 1040

St Lotats, Missouri 031494899
Tel (3143 RHO-000, .§300
FAX (314) "20-9434
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T vm‘\ TON UNIVERNITY: 1\ STIOUR

Conter ter Optmmzaton and semanie Controd

Tuesday, September 22,1992

Dr. Neal Glassman
AFOSR/NM

Bldg. 410, Bolling AFB
Washington, DC 20332-6448

Dear Neal:

I am sending you attached the program for ANNIE ‘92, a conference in which we are
involved. Our Center is a Sponsor of the Conference; my colleague, M. Amin and I are
on the Organizing Committee; I am chairing a session and we are presenting two
papers. Both of these papers carry acknowledgement of support by AFOSR.

With best regards,

Sincerely yotirs,

Ervin Y. Rodin
Professor and
Director, COSC

enc.: 1 program

cc. Dr. A. Nachman

Washington University
Campus Box 1040

St Louis, Missouri 03139-4899
Tel: (314) B89-6007, -SR00
FAN: (314) 7204434
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by the second author, under the direction of the first author, in partial fulfillment
of his requirements for the degree of Doctor of Science.




ABSTRACT

ARTIFICIAL INTELLIGENCE METHODOLOGIES FOR .
AEROSPACE AND OTHER CONTROL SYSTEMS

Artificial intelligence methodologies have been applied to the modeling and
implementaticn of cortrol systems and differential games problems. To be more specific,
artificial neural networks, a multiple instruction multiple data parallel processor tuned by
connection weights, are used to model a control system or used as an identifier/controller
which functions as a mapping between two information domains. Based on a new
paradigm of neural networks consisting of Neurons With Local Memory (NLMs), the
representation of a control system by neura! networks is discussed. Using this
representation, the basic issues of complete controllability and observability for the
system are addressed. A separation principle of learning and control is presented for
Networks with NLMs (NNLM). The result shows that the weights of the network will
not affect its dynamics. The principle may be utilized to prespecify ti.e steady state
properties of the system. Modeled by NNLM, the resulting system is a typical nonlinear
one which, through rigorous mathematical analysis, is shown to be locally linearizable
via a regular static state feedback and a nonlinear coordinate transformation.

Significant advances have been achieved in applying differential gamzs theory, a theory
dealing with most of conflicts in daily life, economics, military affairs, etc., to practical
problems. In this dissertation, this theory has been thoroughly addressed from a new
point of view. A configuration, based on the paradigm of semantic control, is proposed,
which can be used to derive two paradigins of differential games with neural networks.
Generally, two neural networks are used in each of these two paradigms. One network is
called the neural-identifier and it is used to identify the control strategy of one's opponent.
The other one is the neural-controller which, taking the estimate of the control strategy of
one's opponent, outputs the control value for oneself. The issue of existence of solutions
is discussed. To demonstrate the effectiveness of the method, a simulation experiment
was carried out and studied for a pursuit-evasion game problem.




In Chapter 3 a learning control algorithm is deveidped. The algorithm can be used to
evaluate the weight of a neural controller in the paradigms proposed in the chapter or in

the control systems. Using the learning control algorithm, we study the aircraft control
problem in the presence of wind shear. o

In Chapter 4 we shall discuss another aspect of artificial intelligence techniques in control

systems: rule-based system in a class of pursuit-evasion game problems. The pursuit-

evasion game problems can be converted to classical optimal control problems. The
optimal control solution is obtained. The solution offers several advantages such as

significant time-saving in implementation. Further research directions are addressed in

the last chapter. ' '
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ARTIFICIAL INTELLIGENCE
METHODOLOGIES FOR
AEROSPACE AND OTHER
CONTROL SYSTEMS

1. Introduction

Much effort has been directed during the past two decades in attempting a merger
of the areas of Artificial Intelligence 'and Automa;tic Controi [4, 24, 56, 79]. Such
a merger would combine the rigorous, precise, and analytical foundation of auto-
matic control theory with the heuristic, qualitative and .emcient reasoning aspects
of artificial intelligence. Sﬁch a merger would provid'c a praéti;‘al. powerful mech-
~anism and framework and effective computational tools for the‘m'o/dcling and
analysis of fuzzy, time-dependent, noisy ang‘l};(;:m‘tain models (ioscribing plvl_\'sicavl -
phenomena. The theory and applications of such a merger does "'1‘2“1 the power
of the efforts in this area for modeling various real processes {23, 76. 77. 79}, This
study attempts to combine the techniques of these two areas to develop new tools,
to enhance the analysis of a mature control theory, and to apply these techniques

to real-time processes. We begin in the next section to discuss some basic issues

concerning the combination of artificial intelligence and automatic control.




1.1. Intelligent Control

In this section. we shall summarize the history. research efforts. and application
. aspects of intelligent control. In particular. we shall explore its relationship with
adaptive control. semantic control [76], more closely telated expert control [6].

and knowledge-based control systems [87].

Among others. Saridis {79 gave a formal definition for what he termed an

[ntelligent Machine:

Definition 1.1 [ntelligent“\lachines are machines that are designed to perform

anthropomorphic tasks with minimum interaction with a human operator,

|

Intelligent control then is the function that drives an intelligent machi;ne. In-
telligent control can also be considered as a fusion between mathematical and
linguistic methods and algorithms applied to systems and processes. Intelligent
control, which is hierarchically distribut.ed. is composed of three basic yevels of

control: the organization level, the coordination level, and the cxccutiLn level

H : T
(see Figure 1.1). owesee]
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Figure 1.1: Hierarchical Intelligent Control System




The organization level is designed to perform such operations as receiving and

reasoning with commands, planning. making lfigh level decisions from long-tenm
memories. providing feedback. and exchanging long-term' memory. .Prohabilisric
models are provided for a mechanizm so that it can select an apptopriate task for
a given command. The concepts of commands. task commands, events, activities,
random’ variables as<ociated with events, and functions are then introduced to
~pecify analytically the functions of the organizer. This level which is designed to
imitate functions of human behavior, may be treated as an element of knowledge-
based systems. Thus. knowledge representation. knowledge flow. and knowledge

processing and management are the main activities on this level.

The coordination level is an interactive structure serving as an interface be-
tween the organization and execution level. It formulates the control problems
associated with the most ;;rol)able. complete and compatible plan formulated in
the organization levels. Several individual coordinators are associated with spe-

cific hardware execution devices. Each of them performs a pre-specified number

- of different functions. Two types of feedback information exist for each coordi-

nator: [i] off-line feedback information which is fed to the organization level and
is stored in long-term memory: and. {ii] on-line or real-time feedback information
which is issued by each executor in the execution level, received by the coordina-
m.r and stored in shofﬂerm memory. The on-line feedback information may also
be used by other coordinators for the evaluation of the overall acerued cost of the

coordinate level,

The execution level executes the appropriate control functions. In particular,

optimal control theory with a non-negative functional of the systems states or




with an entropy H(u) for a particular control action u(x. t) is discussed by Saridis

[79]. However, various control schemes may be employved on this level.

To represent the uncertainty which may be present on each of these levefs.
Saridis introduced the concept of entropy. a probabilistic measure of uncertainty.
All levels of a hierarchical intelligent control are measured by entropics and their
rates. With the introduction of entropy. the theory of hierarchically intelligent

controls may be stated as the following:

The theory of an Intelligent Machine may be postulated as the mathematical
problem of finding the right sequence of decisions and centrols for a system struc-
tured according to the principle of increasing precision with decreasing intelligence

(constraint) such that it minimizes its total entropy.

Although Saridis is the first one who has worked on Intelligent Control Theory
in a systematic way, and has attempted to to lay a mathematical foundation for
the theory, other people have also actively worked on this area. Among these
people are Astrém (3], Fu [24], Wiener [99] and Meystel [39. 60, 61, 62]. In
(3], Astrém discussed the issues of intelligent control from a more practical and
application-oriented point of view. Primarily aiming at PID Controllers, Auto-
matic Tuning (e.g.. relay autotuner). Adaptive Control. and Expert Control, he
reviewed briefly the history of automatic control. He explored the realistic issues
of practical real-time processes. such as sampling period. model structure, uncer-
tainty, disturbance, and, in favor of PID controller and self-tuning regulator, he
discussed the ideas and ap;;lication areas of Automatic Tuners and Adaptive Con-
trollers. Unlike Saridis, who combined the techniques of Al, Operational Research
and conventional Control Theory and treated the issues of intelligent control in a

o
more analytical and systematic way, Astrém mainly discussed the problems of an




automatic tuner and adaptive controller, implying that the virtual part of intel-

ligent control lies in the system’s capacity tc adapt to a time-varying/unknown
environment, be convenient to end-users, have an automation of regulator param-

eter tuning, and assume less prior information for the system to be controlled.

Aithough a common point can be observed for both Astrém and Saridis -
adaptation to unknown/time-varyving em‘ironmeﬁts - :\strfim embhasizes incor-
porating more human intelligence into the process controllers as in the position
of an instrument engineer while Saridis views the intelligent control as an overall |
structure of the whole organization as in the position of a Chief Executive Officer.
In this sense. the category that Ks;rém discussed as intelligent control falls into
what Saridis termed “Executive Level”; however, Astrdm treated various issues

in a more detailed, practical and realistic way.

It is interesting to know that there exists another type of control system ca-
pable of intelligence: an Expert Control System (see Figure 1.2). Aa intelligent
control system with the function of supervision and containing a knowledge-base,

0 .
is categorized by Astrém [5. 6] as an Expert Control System. The object of expert

control is to encode knowledge representation and decision capabilities to allow

for automatic intelligent decisions and ‘recommendations rather than by prepro-
grammed logic. The development of an expert control system is motivated by
the fact that heuristics plays an important role in PID regulators. Thus. a more
efficient, robust, yet cruder way of implementing heuristics may be needed. De-
signing an expert control system, which has the capacity to orchestrate a range
of different control algorithms for different control goals, seems to be the right

answer. Analogous to an Expert System in the field of Artificial Intelligence, an




expert control system consists of the system data base. the rulebase. the inference

engine. the user interface. and the planning process.

==
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Figure 1.2: Block Diagram of An Expert Control Systems

[n an expert control system. the system data base contains constraints on oper-
ational sequencing; facts (or staiic data such as sensor measurements, tolerances.
operating thresholds. etc.); evidence (or dynamic data such as sensors. instrument
engineering reports. and laboratory and test reports); hypotheses, which are gen-

erated and stored in the data base, e.g., various state estimates; and goals (either

static goals or dynamic goals: static goals include the wide array of performance

objectives: dvnamic goals are those established on-line).

The fule-base of an expert control system contains production rules. such as
if-then rules. The conditions of the rules are usually facts and hypotheses from
the data base while the results of the rules are the actions. such as activation of
controllers. The rules may also be viewed as functions operating on the strategies.
The inference engine has the same meaning as its definition in the traditional

expert system, which functions according to different strategies.

An important element of an expert control system is planning. In view of the
difference between the conventional control systems and the expert control sys-

tems which deal with a process in a more ambiguous. more qualitative way, the
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| planning process of an expert control system should be implemented according to
this difference. Various algorithms are provided for supervision. analysis and sig-
nal generation. An expert gontrol system, which separates the control algorithms
_ from the logic, decides when to use a particular algofithrh. The planning may
be viewed as an action of search in a logic network. forming a path to reach the |
goals. Its function involves issuing a command to change the production goals

and change the process with its requirements.

Comparison of an expert control system with an autotuner, which is what
. |

o ’ J . . 4 s 3 -
Astrdm meant by an intelligent controller, is given by Astrém in [3]. Although

both schemes can tune thefparameters for a conventional controller, e.g. a PID
controller, an expert control: system usually has a more efficient way of interacting
with a human operator bec$ube of its supervision functionality, linguistic interac-
tion capacity, and listing capacity. Thus, depending on each individual application

problem, one can choose an appropriate scheme of control system structure.

Ancther effort at combining Al techniques and control theory has been in
developing the knowlcdge-based nested hierarchical controller [62] for the analy-
sis and design of autonomous robots [59]. The structure of a multi-resolutional
(pvramidal) nonhomogeneous system of knowledge representation interacting with
a planning/control system was introduced by Mevstel. A structure of this type
gives not only unique capabilftiés of knowledge representation but also a number
of powerful algorithmic capabilities, such as a joint planning/control structure,
planning in traversability spaces, minimum-time dynamic navigation, knowledge-
based control, and others which are promising for autonomous intelligent ma-
chines. This type of controller, which employs joint multi-resolutional planning-

control procedures, algorithms of enhanced nested dynamic programming, the




hybrid world representation, and linguistic clauses, has been implemented in an

intelligent mobile robot IMAS-2 [39].

| Knowledge for the choice of control is represented as a descriptive structure in
a fuzzy linguistic representation space (FLR-Space). This structure is obtained in
the form of a semantic network from a set of texts. The nodes and the relations
in the structure can be evaluatec numerically. Time behavior can be asséciated
with the structure, and hénce. a function or a sequence f(tg).---, f(ts) can be
considered as a trajectory of motion starting with the initial state and ending at
a fixed state. Although other control schemes can be considered, so far only cost-
optimal control processes have been studied in (59]. The coﬁtrol strategies are
obtained via a sequence of Hamitonians H, D H, O --- D H, for each of the levels
of the hierarchy. The algorithm of nested dynamic programming provides the
major mechanism for obtai.ning the control strategies. Nonhomogeneous models
which are noi in the form of a system of algebraic and/or differential equations 2re
used for various re'as'ons[59]f If the analytical model is unknown, one can usually
organize a pseudo—analyﬁcél model using tabulated data. It seems na.tﬁra.l to

consider the use of production systems (PS) for matching the linguisﬁc nature of

the original world description.

Recent works by Rodin [76] on Semantic Control Theory have been successful
in several cases, such as [25. 77]. As another important and unique approach to
combining Al techniques and control theory, Semantic Control theory‘allows: (1)
the system to adapt to varying/unknown environments, (2) enhancing human-
machine interaction, and (3) for on-line planning/goal selection. A semantic con-

trol system usually consists of three parts (see Figure 1.3): [i] Identifier; [ii] Goél
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Selector: and [iii] Adaptor. Their functions. when applied to a situation governed

by differential games (for instance), are as follows:

(1) Identifier: The .[denti‘ﬁer block identifies through sensors and a knowledge

base the differential game. parameters. targets (if any) and role of each
plaver. |

(ii) Goal Selector: The Goal Selector solves the differential game chosen by
the Identifier block. The results are the optimal trajectories. barriers and
controls. ‘

(iii) .Adaptor: The Adaptor determines the controls that cause each plaver to

“best” follow the optimal trajectory determined by the Goal Selector.
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Figure 1.3: Semantic Control Paradigm

Applicatiéns of semantic control théor_v in problems of air-combat. a class of
pursuit-evasion game, can be found in {25, 77]. From these applications. one
can see that the theory does provide a powerful, fundamental framework and
mechanism for modeling a real and complex system as well as provide on-line

adaptation to an unknown environment. on-line goal selection and implementation

of lower-level execution functions.
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From above., we have 'seen that several intelligent con'« ! schemes have been

proposed in the area of intelligent control. They are Intelligent Control by Saridis

[79], Automatic Tuniﬁg by Astrém (5], Expert Control Systems by Astrém i6, 3],

Knouwledge-based .\'etgd. Hierarchical Controller by Meystel [6-] and Semantic
Control Theory by Rodin [76]. These schemes are proposed from different points
of view to deal with many complex practical systems. They have been successful
in a variety of applications 3, 23, 39, 77, 79]. A common point of these schemes
is their capability of adapting to the changing environment. In other words, ‘the‘y
‘have the so-called learning capacity. Thus, it is nature to consider the mechanism
to realize this learning cépacity. Neural networks for control systems seem to be

ideal for such mechanisms. In the next section, more details about the current

research efforts in this area will be given.
1.2. Neural Networks for Control Systems

In this section. a brief review and survey is given concerning current works and
expected future research trends in the area of neural networks for control sys-
- tems. The topics to be discussed include the most recent wprks in this area,
different types of neural controllers and various applications of these controllers.
They are [i] Learning Controllers, {ii] Recurrent Neural Networks for Control Sys-
tems, (iii] Reinforcement Learning Controllers. {iv] Relationship Between Adaptive
Controllers and Neural Controllers, [v] Modeling and Identification, and [vi] Cere-
bellum Model Articulation Controllers. Most of the works focus on applications
of neural networks in known/unknown nonlinear systems with/without noise, for
the purpose of either control or identification. Although this discussion is far from

complete in covering ail aspects of the work in this area, it does indeed include




Il

the major trends at the current time. In what follows. we shall discuss different

topics separately.

Learning Controller

Most recently, Hoskins et al [36] presented an iterative constrained inversion tech-
nique to find the control iﬁputs to a plant. Although the nature of their work
ié similar to the work in [26]. several advantages are observed in [36]. Firzt. the
proposed controller responds on-line to changes in the plant dynamics. More in-
terestingly, the proposed controller is applied to generate a neural-network-based
model referenée adaptive controller (NN;;\IR.AC), which is Llsécl to control the
spring—mass-daﬁber system in which the pbsition respon- “a reference com-
mand is the same as a targét controller. Second, by removing aral network
from the direct feedback path and replacing direct feedback with aﬁ eétimate and
optimization, Hoskins is also the first to attempt to consider the analytical tveat-
ment of the siability of the closed-loqp system, which is important but has no
mature solution in the current Iitcrature. Third, he also considered the issie of
“Smooth Control”. “Smooth control” is generally required in some applications.
That is, the control value computed at the current step should not vary too mnch
from the control value at a previous step. This is particularly trug in robot control
problems. For the redundant robot control problem. one requirdment is to avoil
abrupt changes of the gesture in response to the slow end-effect inovement of the
arm. This requirefnent is not satisfied in previous works applying neural networks
for the inverse kinematics problems. Although a two-stage learning strategy may

be an answer to this problem, the works by Hoskins and his coworkers did show

an advantage in this regard.

e YT . .
7 , .




Reinforcement Learning

Reinforcement learning is one of the major neural network approaches to leérning
control [43]. Although these methods originated from studies of animal learning
and in early Ieérning control works [53], they have now been an active area of
research in neural networks and machine leéming. In [43], Sutton, Barto and
Williams explained these methods as a Synthésis of dynamic programming and
stochastic appreximation methods and focused their discussion on the _Q;learning
method which was originatly presented in [94] by Watkins. An active-critic learn-
ing system contains two distinct subsystems: one to estimate the long-term utility
for each state and another to learn to choose the optimal action in each state.
A Q-learning system maintains estimates of utilities for all state-action pairs and
makes use of those estimates to select actions. They viewed these methods as
an example of a direct adaptive obtimal control algerithm, i.e. a.s‘ an on-line

Dynamic Programming method and a computationally inexpensive approach to

-direct adaptive optimal control, which determines the control without first form-

ing a system model.

Recurrent Neural Networks for Control Systems
Also recently, Nikolaou et al {73, 74] published their research for identifying and
modeling a chemical process. In their work. a recurrent neural network consisting

of dynamic neurons whose behavior is governed by the following set of differential

equations
dz; _  z;  Fi(T,wijz;)  u
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where i = 1, 2. ..., n, is used to model chemical processes with severe nonlinearity.
After the network has been said to approximate the process well enough. a non-
linear contholler based on the works of Isidori [38] is used to control the chemical
procéss so that the resulting system is linear. and thus. various synthesis methods
for linear systems can be used for the purpose of control. Their approach has
been shown to be successful by applying the network to a model and identifving

a continuously stirred reactor (CSTR).

Although their .work still falls into the category of identifving and modeling
a system (process) utilizing the interpolation property of a neural net\vork.,‘ one
of the unique features of their work lies in using the internal information of the
neural networks, namely, using the states of_. neurons to construct the nonlinear
controller. This approach reveals a new aspect of the work in the 'afea for"neura.l
networks for control: how to efﬁciently and effectively makg use of the intelligence
of the neural networks themselves for control systéms or how to utilize the internal
information of the network, instead of viewing the network as generic mapping, so

that the memory capacity and learning capacity of neural networks can be more
fully utilized.

It turns onvxytwtivlrat, in the current literature on neural networks for control sys-

" tems, very few people put aﬁ emphasis on this point of view. A tremendous
amount of work has been done using feedforward neural networks as geheric map-
pings, and then demonstrating that such a mapping, now replaced by the fancier
name “neural networks”, worked fine for some particular problems {3, 20, 70].
Typical work has been in the inverse kinematics problems {30, 65]. If the plant is
known a piriori, teaching the inverse dvnamics of a planf to a feedforward neural

network appears easier since the input-output behavior of the plant can be utilized
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as teaching signals. However, in contrast to the inverse kinematics problem. in
most of constrained contro! upplications. the furnctional expression of the forward
mapping ¢ is generally unknown. In that case, a two-stage learning strategy has
been proposed in [21. 42. 46, 70]. In the two-stage learning strategy. two neural
networks are used. One is trained to learn the forward mapping or dynamics of a

nonlinear system. The other one is trained as a neural controller. The approach

seems promising for this kind of problem.

Therefore, the works by Nikolaou et al [73, 74] have offered a unique approach

in this direction.

Relationship between Adaptive Controllers and Neural Controllers
There is a common point between well-developed Adaptive Controllers and Neu-

ral Controllers: adjusting their parameters cn-line or recussively. Thus, in many

" cases, neural controllers are very closely related to adaptive controllers. Due to

this reason, it is natural to consider neural controllers and adaptive controllers to-
gether and explore their relationship. Among researchers working in this particu-
lar area are Narendra[68, 69], Hoskins [36], Chen [14], Karakasoglu {45], Guha [31],
Bialasiewicz {11], and Sztipanovits [89]. Narendra explored how well-established

adaptive identification and control techniques can be applied to the analysis and

synthesis of dynamic systems, which contain neural networks as subsystems. Dif-

ferent combinations of neural networks and linear systems are considered as mod-
els for identification and adaptive control. Detailed analysis and discussion abéut
those issues are given by him and Parthasarathy in [69]. Chen [14] used a dif-
ferent approach to neural networks for self-tuning control systems. Two neural
networks are used for approximating the nonlinear terms of a NARMAX model.

The weights were adjusted such that the error between the output of the actual




plant and the output of the neural network. and the error of the output signal of

the plant and the predefined signal tend to be minirnized.

Unlike a self-tuning control scheme which usually requires a prioriinformation
such as process model order. deadtime, and disturbé.nc_e characteristics as well as
the assumption of linearity of process. a neural controller has the advantage that
it usually does not require a priori information about the process to be controlled.
Comparisons have been made between the two schemes in {14, 48, 50. 91]. and

attempts have been made to combine techniques in these two areas (36, 48]

Modeling and Identification

There are many neural networks applications for modeling and ‘identifying non-
linear systems [1, 15, 28, 51, 74, 85, 86]. Most of the work on reural networks for
identification and modeling has bgen in using the property of univeréal approx-
imation of feedforward networks (e.g., [16, 35, SS, 98]). A typical scheme is to
use the error between the output of the network and the output of the unknown
system to update the connection weights of the network at each step. Various

optimization methods may be employed to reduce the output error by adjusting

tLe interconnection weights. Among them are the gradient descent algorithm,

the conjugate gradient algorithm and Davidson's algorithm. Depending on how
the weights ace updated. there are two different schemes for training the neural
networks: Pattern Learning [78. 97] and Batch Learning {32, 96]. Pattern learn-
ing is the method in which the weights of the network are adapted immediately
after each pattern is fed in. The other method, however, takes all the data as
a whole batch, and the network is not updated until the entire batch of data is

processed. Qin et al [75] discussed the relationship between Pattern Learning and

Batch Learning for dynamic system identification. Four basic learning methods

-
7
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have been used for their work. depending on the sctemes of the system i sntifi-
cation using neural netwcrks. In [69]. Narendra and Parthasarathy discussed the
use of neural networks for dynamical system identificatior. and control. Gener-
alized Neural Networks have been proposed. which are various combinations of
linear dynamic systems and féedforward networks. Chen et al [13] have developed
a prediction error algorithm for system identification, in which the networks are
prima‘rily used as universal approximations for nonlinear systems.

-

A unique approach has been employed by Specht in [85]. A one-pass neural
network learning algorithm similar to [84] has been used = estimate continu-
ous variables. Depending on the variables used. the networks can be utilized for
prediction, modeling, mapping, and interpolation. or as a controllex;. Specht dis-
cussed the memory-based network that provides estimates of continuous variables

“and converges to the underlying (linear or nonlinear) regression surface. This net-

work, called General Regression Neural Network (GRNN), is a one-pass learning

algorithm with a highly parallel structure. Thus, the network features fast learn-

ing that does not require an iterative procedure and a highly parallel structure. -

Among the advantages of GRNN, the network “learns” in one pass through the

data and can generalize from examples as soon as they are stored.

Although most of the work in this direction is based on the property of univer-
sal approximation of feedforward nenral networks. several specific neural network
architectures have been used: [i] Feedforward Neural Networks (e.g., {1, 15, 51]):
[ii] GRNN [85]; and [iii] Recurrent Neural Networks (e.g., [74]). Different archi-

tectures of neural networks find their use for various purposes of applications. For

example, the neural networks proposed by Nikolaou et al have the advantage that
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the internal variables can be readily used for constructing a linearizing controller

such that the overall system is linearized.

Likewise. the neural network approach for identifying and modeling nonlinear
syqtems has the advantage that no a priori infolrmation about the model structure
is needed. Important works for modeling and identiﬁcﬁtion using neural networks
can be also found in [93, 97].
Cerebellum Model Articulation Controller (CMAC)
Another tvpe of neural network for control systems which is worthy of mention-
ing is the so-called Cerebellum Model Articulation Controllers (CMACS) [67].
It was invented in 1973 by James Albus (2], then with the .\'atio‘n'al Bureau of
Standards. Albus's scheme was based on a model of human memory and human
neuromuscular-control principles. The term Cerebellum Model Articulation Con-
troller, or CMAC, fs often interpreted to mean Cerebellar Arithmetic Computer.
CMACSs were originally developed for robot control, a;nd they have béen popular-

ized by a group at the robotics laboratory of electrical and computer engineering

at the University of New Hampshire under the direction of W. Thomas Miller IIl.

CMACs enjoy the reputation of having a much faster training time (several
orders of :lagnitufle) than Feedforward Neural Networks (FFNNs) trained by
backpropagation [13], yet give the same performance as FFNNs. This property is
particularly useful for real-time learning and control problems, e.g. in an adap-
tive flight-control system. CMAC neural networks are aiso capable of effectively
organizing and implementing a multi-dimensional function approximation in a

computationally efficient manner using traditional computing architectures.




18

A unique approach to neural network controller design has been employed by
Kraft and Campagna [50] to study the performance of this type of controller in
a nonlinear system corrupted with noise. The basic idea behind their work is to
generate an approximation to a characteristic system surface from input-output
measurements and then use the surface as feedforward information fo calculate
the appropriate control signal. The characteristic system surface is. in fact. the
system equation representing the known/unknown plant to be controlled. If the
values of the system parameters were known, the surface could be precalculated
and stored in memory. Then, given the control objective (i.e. the desired position
in memory). it would be possible to look up in memory the correct control signal.
When the system parameters are unknown, the surface must be “learned” from
input-output data in real time. The controller, similar to the work of Miller [66],
uses a memory update algo.rithm which updates the values of a group of memory
locations near a selected m.emory cell during each control cycle, using the concept

of generalization.

Kraft and Campagna [50] compared this type of neural network controller
with two traditional adaptive control systems: Self-tuning Regulator and Model
Reference Adaptive Congrol]ers (MRACS) in a study of the behavior of a first-
order system with/without nonlinearity, presented with/without noise. Results
showed that the CMAC neural controller performed equally well in the presence
of noise, and worked extremely well for a nonlinear system, compared with the
two traditional adaptive controllers. Although, unlike MRACsS, this controller has
no guarantee for stability analysis, implementation speed comparisons favored the
neural network approach because the control signal can be generated virtually as a

table look-up procedure. Moreover, with the neural network controller approach,

no a priori information about the system to be controlled is needed. Thus, the
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neural network controller is suitable for a wide class of nonlinear systems. Above
all, their results indeed reveal some interesting aspects of neural network approach

for control systems.

Slore recently, using B-Spline receptive field functions in conjunction with
more generai CMAC weight addressing. Lane et al [52] developed higher-order
CMAC neural networks that can learn both functions and function derivatives.
The number of weights addressed in computing a network output grow expo-
nentially with the number of input dimensions. Back~propagation BMACGs with
higher-order reception field functions on only selecéed network inputs and Spline-
Net network architectures were proposed as potential solutions to problems of
more modest §ize. producing piecewise linear and additive function approxima-

“tions. -
1.3. Organization of the Dissertation

The purpose of this study is to model and to analyze control systems aided by
neural networks. The approaches attempt to explore use of the features of parallel

architecture in control systems. It is organized into five chapters.

The second chapter is a study in modeling control systems using neural net-
works which have a highly parallel structure and are capable of learning and
storing information. The study is in the spifit of fully utilizing the intelligence
of the networks and the pattern of prdcessing information in parallel inside the
networks. We go beyond using the universal approximation property of neural
networks, and also consider the internal state information of the recurrent neural
networks so that a control system can be modeled usiné this highly parallel struc-

ture of computation mechanism. Based on a new paradigm of neural networks
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consisting of Neurons With Local Memory (NL\s). the representation of a control
system b\ neural networks is discussed. Using this representation. the basic issues
of complete controllabilitv and observability for the system are addressed. A sep-
aration principle of learning and control is presented for NNLM. The result shows
that the weights of the network will not affect its dynamics. The principle may
be utilized to prespecilfy the steady state properties of the system. Modeled by
NNL)LL the resulting system is a typical nonlinear one that. through mathematical
analysis, can be shown to be locally linearizable via a regular static feedback and
a nonlinear coordinate transformation. Although theorectical results in Chapter
2 are not directly used in Chapter 3. they do have potential applications for the
differential game problems. For example, pursuit-evasion games can be modeled

by NNLMs while controllers can then be designed using various techniques.

The third chapter of the dissertation is to develop another new paradigm and
tools for applying neural network techniques in traditional differential game prob-
lems. During the past few years, attempts have been made to utilize the powerful
qualitative reasoning and heuristic search capacities in the area of artificial intelli-
gence to overcome the difficulties of applying differential game theory in practical
problems. such as cumbersome computations [77. 32. 93]. A configuration, baééd
on the paradigm of Semantic Control. is proposed. It can be used to derive two
paradigms of differential games with neural networks. Two neural networks are
used in each of these two settings. One network is called the neural-identifier
which is used to identify the control strategy of the opposing player. The other
one is the neural-controller which, taking the estimate of the control of the other
player, outputs the real control value for its own player. The issue of existence

of solution is discussed. To demonstrate the effectiveness of the method, a sim-

ulation experiment is carried out and studied for a pursuit-evasion problem. In
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this chapter, a learning control algorithm is develbped. The algorithm can be
used to evaluated the weights of a neural controller in the paradigms proposed in
the chapter or in other control systems. Using the learning control algorithm. we

study the aircraft control problem in the presence of windshear.

The fourth chapter ié a study of optimal control and optimization problems
in the Layered Defense Pfoject. The Layered Defense .Projec.t is a l:o'opelrative
effort between the Center for Optimization and Semantic Control at Washington
University and the Electronics and Space Corporation. Based on the semantic
control theory, the project is to model and study a class of pursuit-evasion gzime
problems. The third part of this dissertation discusses the optimal control prob-
lems arising from the project. Classical line-of-sight coordinates are employved to
model the game situation. Based on a similar study in [18], an optimal control
law was derived for the one-pursuer and one-evader case. A non-derivative opti-
mization method is used for finding the optimal initial costates for the optimal

control law.

The fifth chapter summarizes our work. The main contributions of this disser-

tation are enumerated and future research directions are presented in this chapter.
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2. Neural Networks Approach to Control Systems /

This chapter presents new approach to neural networks for control syStems. Based \

on a paradigm of neural networks - NNLM - consisting of neurons with local
memory, a control svstem represented by neural networks is discussed. With this
representation, the basic issues of complete controllability ah_kd observability for
the system are addressed. For the first time, a separation principle of learning and .
control is presented for NNLM, and the principle shows that the weights of the
network will not affect its dynamics. Because of the nonlinearity of the network. it
is natural to consider the issue of linearization around a local equilibrium point.
A detailed and rigorous analysis of the local linearization via a regular static

feedback and a nonlinear coordinate transformation is given in the final section. e

2.1. Background

This beginning section will briefly recall three types of neurons commonly used in
feed-forward and recurrent ﬁeural networks. They are McCulloch-Pitts neurons.
Grossberg's neurons and Hopfield's neurons. The well-known MeCulloch-Pitts
neurons, which take the weighted sum of inputs and give the output through a
transfer function, are the basic elements in feedforward ncural networks. They
have been widely and successfully used, and their structure is well known. Al-
though there are various architectures to connect the neurons (see the structures
in backpropagation networks, Kohonen networks and Hopfield networks), the ba-

sic elements — the neurons — remain the same.
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When he studied the famous dog-saliva-food biological phenomenon. Gross-

berg proposed a new type of learning rule, known as the Grossberg Learning Law,

as well as a new type of neuron in order to attempt to mathematically formulate

Hebb’s law. His approach, in turn, attempted to explain the classical condition-

ing behaviors discovered by Pavlov. Since we shall not discuss the learning law in

detail, interested readers are referred to [47).

The neurons proposed by Grossherg are not simply of the McCulloch-Pitts
type, as their outputs are described by a different set of equations. Consider a
neuron which has a number of inputs coming from other neurons in the network,
as well as an external input coming from outéide the network. The following

equation describes the dyvnamics of the ith neuron

WO~ ety + 10+ Tt e
5

where y;(t) is the output of the ith neuron, I;(t) is an external input to the ith
neuron, and w; is the weight connecting the output of the ith neuron to the input
of some other neuron. The difference between the McCulloch-Pitts neurons and
those proposed by Grossberg is clear since “dynamics” are incorporated in each
of the Grossberg neurons. These dynamics are represented by a positive const(‘"mt.
a which controls the decay of the output in the absence of any other input. Thus.
a may also be called a forgetting factor. This type of nenron. together with
Grossberg’s learning law, give a plausible mathematical formulation for llebh's

law and thus form a satisfactory connection with Hebb’s learning theories.

Later (in 1934), John Hopfield proposed a general structur: for a continuous

deterministic model. This structure is known as the Hopfield model. A Ilopfield

model is a two-layer network in which the neurons in the hidden layer are fully
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connected to each other. The input-ouiput relationship of the ith neuron in the

network. realized by an amplifier, is described by the set of nonlinear dyvuamic

equations
du; u;
el Tijv; — — +1;
dt ; 7 T +
J#i
vi = gi(w) (2.2)

where C; is the total input capacitance of the amplifier, Tj; is the strength of the -

connection from the output of the jth amplifier to the input of the ith amplifier,
u; is the input to the ith amplifier, and v; is the output of the jth arﬁpliﬁer. Also.
7; is a resistance value. [; is the sigmoidal transfer function of the ith amplifier.
and g; is the sigmoidal transfer function of the ith amplifier, assuming a negligible
response time. A commonly known property of the Hopfield network is that
the state of the network can be attracted to an equilibrium point corresponding
to a local minimum of the energy function and hence the network can be used
to implement a content addressable memory. Based on this property, Hopficld
networks have been used satisfactorily for traveling salesman problems [33, 34].
for an A/D converter [90], signal decomposition [90], linear programming [90].

and various combinatorial optimization problems [90].

As we shall sce in subsequent scctions.‘the neurons introduced below are difler-
ent from McCulloch-Pitts neurons. Grossherg neurons and Hopfield neurons. In
some sense, they are closest to the neurons in the Hopficld model as they can be
viewed as a discrete-time version of the neurons in the Hopfield model. But unlike
those in the Hopfield model, these neurons are used in a feedforward network in
which the well-known backpropagation algorithm can be employed to change the

weights. More importantly, they are used here in a novel attempt to represent
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a control system by a neural network. In fact. the idea of representing the in-
ternal states as a state vector is not new. Hopfield used the same idea when he
used state vector to construct an energy function in his network. He proved. by
using Liapunov stability theory. that the statéwill é\'cntually converge to a local
equilibrium in state space, which corresponds to a local minimum of the energy
function. The neurons proposed below are used for representing a Eontrd system

and are the basic elements for a feedforward netwerk which. unlike the Ilopficld

~network, does not have an equilibrium.
2.2. Neurons with Local Memory (NLM)

The term, Neurons with Local ;\Ieméry (NLM), comcé from the presence of dy-
“namics inside each of the neurons we are interested in. The incorporatic.: vi
dynamics inside each neuron is the main distinction between these neurons and
the conventional McCulloch-Pitts neurons. As we shall see below, this type of
neural network facilitates much of the subsequent analysis of neural networks for
control sy‘stcms. The incorporation of dynamics in each neuron results in the flow
of outputs from neurons even without any inputs. Thus, the NLMs may also be

termed dynamical neurons or active neurons.

Interestingly. a simiiar idea has been nsed by Nikolaou et of in [73. T4] 1o
identify the dynamics of a continuously stirred reactor (C'STR). In their work.
Nikolaou et al used a neural network whose neurons have the following set of

differential equations

d:t.' '_ T F,(ZJ w,-ja:_,') uw 5 -
dt -_— 7-,’ + T 7,‘ + "7','.9 (--3)

fori =1, 2, .., n. Although their work has been successful in identifying the

dynamics of CSTR, they have not discussed basic issues of a control system such
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as controllability and observability. In this study. we shall discuss the basic issues
of control systems associated with this tvpe cf neural networks in a more analytical

and systematic way.

A typical representation of an input-output relationship for the conventional

McCulloch-Pitts neurons is written as
o= Flgd o), keZ (2.1)

where the y'sand u’s are the outputs and the inputs respectively. Also, Z is the set
of positive integers, the subscript k denotes the time step k, and the superscript

j denotes the jth neuron. A typical form for f? of (2.4) can be written as

[
<t
~

. n] . '
B o= s wivy), (
=1

where s; is a sigmoidal function, and the w;;’s are the synaptic weights.

A basic structure of an NLM is shown in Figure 2.1, where j denotes the jth |

neuron. The quantities yi, u,lc"’, .y utp’” are the output and inputs to the ncuron
at time step k, respectively. Also. =~! denotes the backshift operator and s7!

denotes the inverse of the transfer function for the neuron j.

The output y{ of an NLM can be written as

’rl]
R T WA R . ] e
Vi = °J("J"J (¥1_y) +c’Zu_,,-uL ). (2.6)

=1
where @’ is a scalar whose value represents the dynamics in neuron j. ¢’ is another
scalar. and the wj;'s are the weights of connection from other ncurons to neuron
j. By setting a’ = 0 and ¢/ = 1. we immediately obtain the conventional input-
output relationship for the McCulloch-Pitts neurons. It follows that the input-

output relationship of a conventional neuron is actually a special case of that of

NLM.
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Figure 2.1: Basic Structure of a NLM

An alternative and more informative input-output representation of an NLM

can be given by introducing an internal state variable xx
. 1y
j opd 1,7
T = Azl + ) wiwy,
i=1

yl = sj(c’;r{.), kez, (2.7)

from which (2.6) can be derived easily. The system equation (2.7) is -called the

“node system. Again setting a’ = 0 and ¢/ -=1-in (2.7), we obtain the input-output

relationship of a conventional neuron.

The advantage of the representation (‘2.7) over the roprosentntio.l.\ (2.6) ls
apparent by introducing the internal state 1{ The system (2.7) actually has the
standard state equation and output equation familiar to control éngincers. For
convenience, we still adopt the same name, “state equation”, for the x equation.
The roie of a’ in (2.7) is clear from the familiar control theory. For example.
a necéssary condition for the node system to Le asymptotically stable is that

the a?’s lie inside the unit disc-in the complex plane. Even though the state




equation in (2.7) is linear and time-invariant. the output equation is nonlinear.
which complicates further analysis. Although we may assume that s/ is linear,
which is the case in part of our following analysis, we shall generally consider s;

to be nonlinear, e.g. a commonly used sigmoidal function.
2.3. Networks with NLMs (NNLM)

llaving defined the hasic structure for NLM in the previous section, we can now

construct a neural network whose elements are NLMs. We shal] denote the NNL)M
|

with m inputs, n hidden nodes and p outputs by Ny, ,,. For !simplicity, we only
o

|

consider the single-input and single-output (SISO’ system in this section. The
generalization to the multi-input and multi-output (MIMO) system is straight-

|
forward. Meanwhile, the input to the network has generally arbitrary values.

\
v :
. !

Figure 2.2: General Structure of NNLM
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A gencral structure for NNLM is shown in Figure 2.2 . Thé state equations are:

W0 — 0.0 :
node 0:4 Tk = @ Tk + .
N = so(2?)
yk = $SplcC ‘lk o
ot = a'zi_, +wiyl.
node 1, ..., noden-2:¢ “F T s 5
Y so(ctx}), i=12....n=-2
. n-1" __ n-1,n-1 n-2 . z
noden-1:4 % = @ xk]—l '*‘1 =1 W2illks
Yk = 33(cn‘ 1?;: )a

where the a's are scalars representing the dynamics of the ith node system, the
s;'s are the transfer functions. which are generally sigmoidal functions. and the

wi;’s are the synaptic weights for the path connecting adjacent layers.

Assuming for a moment that the transfer functions sg, s; and s3 are all linear
and defining the state-variable vector x¥ by x = [z%,...,277!], we can represent

the node system in a more concise form by

X = AXy-1 + Buy.

S = COxyy SR (2.8)
where
a9 0 0 0 0
wyc®a® al ] . 0 0
A= : : : : : .

Wy (n-2)c’a® 0 0 o a™~? 0

a’a wyclal wancta? oo wypogctia? !

BT = { 1 wpd® -+ wyn-n® @ ] ,
AN / Qi . K R o
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c={0o0 -0 C;“l :

= Z?;lz UJ“’IL‘Ql‘COCt .

[«Y]

Equation (2.8) represents a linear state and output equation with the transfer
matrix being a lower-triangular one. By assigning a'(for0 <i<n—1)in A, we
can alter the dynamics in (2.8). Assuming that ¢! # a' for i = 0. .... n-2, we

define the quantity a. as follows

n-2 ci
= e ‘ 9
a. = Z le,z,Lg,M_l — (_'9).

i=1
The quantity a. plays a key role in our subsequent discussions. As mentioned in
the begining of this section, N, ., denotes the NNLM with m inputs, n hidden

nodes and p outputs. Based on the anaiysis on controllability and observability

in the next section, we immediately have the following:

Theorem 2.1 Suppose that
(i All transfer functicns s; are Linear,
(1) wi, # 0 for all i)
[iii] ¢ # 0 forall i,
[iv] a. # 0 and a. < x.
vl @' # & fori# .
Then, any strictly proper SISO linear system with real and nonrepeating cigenval-

ues can be realized by Ny n-2.1, where the a's are the eigenvalues of the system.

Proof: Because the system (2.8) is completely controllable and observable (see

theorems 2.2 and 2.3 in the next section), the transfer fu. on C(s/ - A)"'B
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has no pole-zero cancellation between its numerator and denominator. Sinee the
order of the denominator polynomial is n. it represents a typical nth-order rational

transfer function.
Q.E.D.

We give an example for the caze n=1. The matrices A and B in this case are

@ 0 o 0 It

A= wyycla al 0 0 B g
T wyac®a® 0 a® 0| 7 | awgp®
a®a  wyclal wyctd® o i

c:[o 00 c’].

where @ = wyctwy @ + wyc®wyac” and the transfer function is

c3(b383 + 1)252 + bls + bo)
(s = a%(s ~ a')(s — a?)(s - a®)’

(2.10)

and

- ¢ 2 4 ( -
by = —a(a®+a'+a?)+ 2Pty + a'etiegy s + a’a,
2 12122 112
. ) y 0 ) .
by = a(a®? + a4+ ala?) — («® F aYa PPy, —
« 2 2 2
(af + a*)a' ! ity — a%a el et ey = autal

- 00102 [ U t 240
hy = =~ad’i'a® + "Gy ey + aalate 4"11'”11'_», -~

I } .2

01202
waateetwe,.

Thus, by properly choosing wy, wyg, way, wya, we can realize a th order linear

system. A block diagram for the realization is shown in Figure 2.3,

S




Figure 2.3: Linear System Representation of Order

2.4. Controllability and Observabiiity

The basic issues of controllability and observability for the system (2.3) will be
discussed in this section. For the definitions of controllability and observability,

interested readers may refer to [44]. We have the following:

Theorem 2.2 Suppose that
(i wi; # 0 for all ij,
[ii] ¢ # 0 for all i,
(iii) a. # 0 and a. < x.

Then, the system (2.8) is cempletely controllable if and only if the following in-

cqualities hold

At for i) =12 L (2.11)
- . -
[ Dy e T N ‘ -~ ! //
. Lo \ S e N
, T S /
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Proof: (Sufficiency) We shall prove sufficiency by using the Popov-Belevitch-

: . :
Hautus rank test (s