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ABSTRACT

Neural net models and their analogs present a new approach to signal

processing that is collective, robust, and fault tolerant. The collective

nature of processing means also high throughput where bandwidth or speed of

the processing elements i.e., temporal degrees of freedom are traded by

spatial degrees of freedom via massive interconnectivity of the elements

(neurons) in the network. As a result neural nets can solve computationally

extensive problems like those encountered for example in optimization,

nearest neighbor search, inverse scattering in a matter of a few time-

constants of the processing elements. In biological systems (the brain in

particular) this is of the order of a tens of milliseconds since neurons

operate with ionic conduction. Artificial semiconductor based neurons

operate with electronic conduction and hence can be made considerably faster

with time constants approaching nano-seconds. Collective processing such

artificial nets can therefore be extremely fast. The remarkable ability of

neural nets in handling sketchy (erroneous or incomplete) information and

their fault tolerance (graceful degradation in performance with element

failure) make them particularly attractive in pattern recognition, robotics,

and autonomous system intended to operate virtually unattended for long time

periods.

in this report we describe progress during the past year in our study

of optical computing based on the Hopfield model of neural networks and " •

other similar models. Optical implementations are of interest because they

furnish the parallelism and massive interconnectivity required in

implementing neur-il net mcdels. At the same time neural net models provide
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optics with robustness, fault tolerance, and the power of nonlinear

feedback.

To gain insight in the ultimate utility of analog neural net processing

as opposed to conventional analog or digital processing we have also

addressed the question of applications by choosing to study (a) the utility

of neural net processing in the important area of radar target recognition

employing realistic data generated in our Experimental Microwave I,,aging

Facility and (b) the optimization of radiation patterns of phased array

antennas.

The work described encompasses a general survey of assessment of the

field, study of methods for further simplification of optical

implementations of content addressable associative memory without sacrifice

in performance, study of optical analogs of 2-D neural nets with the aim of

implementing denser networks suitable for processing 2-D image classifiers

or feature spaces, study of automated radar target recognition based on

models of neural nets and the use of sinogram classifiers, and the

optimization and synthesis of phase array antennas.

The results obtained appear to attest to the viability of neural net

models and their optical analogs as a new and powerful approach to signal

processing and provide impetus for their further study.
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1. INTRODUCTION

Interest in neural network models (see for example, [I]-[9]) nd their

opto-electronic analogs stems from well recognized capabilities of the brain

and the fit between what optics can do and what even simplified models of

neural nets can offer toward the development of new approaches to collective

signal processing. We know that the brain is not as good in arithmetic

operations as a digital computer but when it comes to operations such as

association, categorization, generalization, classifiction, feature

extraction, recognition, and optimization it outperforms even the most

powerful of todays computers. The brain's amazing capabilities in analyzing

sensory data and in controlling motor function, let alone complex thought

and intelligent reasoning, makes it an intriguing model for smart sensing

and automated recognition systems and for robotic and automatic control

systems with unescapable ramification for pattern recognition, artificial

intelligence and autonomeous systems. An interesting aspect of its ability

in processing sensory data is the ease with which it solves computationally

complex problems associated for example with vision that are basically

inverse problems [101. These are computationally vexing because of their

ill-posebness [11]. The brain's associative memory capabilities where

nearest neighbor searches are performed successfully even when the

information it is presented with is sketchy are evidence of its remarkable

robustness where high levels of missing or erroneous data in the input can

be tolerated. The ability of the brain to supplement missing information

has exciting implications for super-resolution and other 6imilar problems of

signal recovery from incomplete and noisy data [11],[12]. The capabilities

of the brain in rapid solution of optimization problems 131 are also well

appreciated. Add to the above that the brain is amazingly fault toletrant as
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its (cells or neurons), unlike cells in other parts of the body, are not

renewable. Yet, despite loss of a non-negligible number of cells by the

time one of us reaches the age of 50 we continue to function normally. We

know something about how the brain processes information. We know that it

does that in parallel or more precisely collectively by means of massively

10 11interconnected networks of neurons. There are anywhere between 10 - 10

3 4
neurons in the brain, each making about 10 - 10 synaptic interconnections

13 15
with neighboring neurons for a total of 10 to 10 interconnections. Even

when we assume the neuron to take only two states: firing or not firing

i.e., binary neuron, the total number of degrees of freedom of the the brain

1015
is truly astronomical reaching 2 .Each neuron independently evaluates

its state and decides to change it or not depending on whether the sum of

its synaptic (exitatory and inhibitory) inputs exceeds a given threshold or

not performing thus a highly nonlinear (logic) operation.

Massive connectivity and parallelism are the two main attributes of

optics. Optics can therefore play an important role in the implementation

cf models of neural nets for computing and signal processing. Besides

developments in programmable nonvolatile spatial light modulators [12],

o ical light amplifiers .15], and optical bistability devices r16] promise

to play a useful role in the implementations of programmable connectivity

matrices, and optical jecisiori making elements leading ultimately to

powerful neural net type processors.

The above observations hav served is motivation for several workers

I7]-,3i to investigate the feasibility and capabilities of optical

Implementations cf neural nets. Optical implementations of 1-D and 2-D

distributions of neurons neural nets) have been considered and/or studied

-0- ,
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and evaluated in coherent and incoherent light. The performance of such

networks is found to conform to theoretical prediction of storage capacity

(number of entities that can be reliably stored) [32]-[34], and exhibits

robustness and fault tolerance. In an optical implementation of an

associative memory of N=32 neurons, with three stored entities errors of up

to 30% in the input stimulus was tolerated during complete and correct

recall of the nearest neighbor stored entity. Furthermore, accidental

failure of about 10% of the neurons hardly caused noticable degradation in

performance. Some of the above studies have been aimed at finding means of

simplifying optical implementation of large neural nets, increasing the

storage capacity, and finding ways for their interconnections as modules

into more complex systems to perform higher order hierarchical processing.

It is worth noting that operations such as associative recall and

nearest neighbor search performed in the above systems can be carried out by

more conventional means without resort to neural net processing. What does

the neural net approach then offer that conventional signal processing and

computing methods do not?. The answer to this question may be found in the

following observations: (a) Neural nets and their models provide us with a

new way of viewing signal processing and computing problems that may lead to

solutions and applications not thought of otherwise in a manner very much

remini3epnt to what happened with the advent of holography several decades

I o. b' The brain and its neural organization are the results of a

prolonged evolutionary process in which only those permutations that

enhanced tire survivability, and by implication the function, of the organism

have been retained and all other permutations have been discarded through

survival of the fittest" process. The result is a biological "computer"

that has, as pointed out earlier, no equal at present among artificial

-7-
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systems when it comes to tasks of recognition, classification,

categorization, generalization, recognition, and optimization. It is not

surprising therefore to see the current interest in brain mechanisms in the

artificial intelligence, cognitive science, and pattern recognition

communities. Even early researchers in computer science were concerned with

brain-related attributes of computing systems [35]. A serial approach to

computing was however adopted and pursued because of better understanding,

easier mathematical modeling, and possibly because a collective or parallel

approach to computation would have been technologically and economically not

feasible at the time. There is much therefore that we can afford to learn

from the brain and its neural nets that can prove to be useful in artificial

man made systems. The general idea here is not to attempt to build systems

that fully emulate the brain in all its functions, as this would be

unrealistic, but to gain insights in its operation and mechanisms, as to

allow us to be able to glean information about these attributes and

functions that would be worth incorporating in man made systems. Optical

analogs of neural nets can be a useful tool in gaining such insights and as

a way of ultimately simulting neural nets consisting of thousands to

millions of elements. (c) Information processing in the brain can be

characterized as collective, adaptive, highly nonlinear, and relying heavily

on feedback. We know that all these are attributes of powerful signal

processing algorithms. What is amazing is that these capabilities are

achieved in networks that appear to be homogeneous in their general

structure i.e., only a few different types of neurons (cells) are involved

and the process followed by most neurons is macroscopically similar in the

sense that each neuron receives inputs from other neighboring neuron and

decides to change its state or not depending on the nature of the inputs and

i



the synaptic weights they make with the neuron where memory is stored. In

other words the brain exhibits a fractal (self-similar) feature in its

organization. It is now recognized that the same basic structure of highly

interconnected neurons can be involved in the formation of signal-adaptive

self-organized networks for unsupervised learning and feature extraction

from sensory data '4],136], in the formation of associative memory modules

tuned to respond to specific features of the sensory data, 137j-[41] and for

recognition and perception "circuits" of the bra-in. This is a tremendous

flexibility that is achieved with little apparent specific design unlike

conventional circuit design where function specific components and parts are

connected in accordance to specific rules to perform required signal

processing tasks. As evidence of this flexibility it is worth noting in this

regard that in associative memory based on neural net models the function of

memory and signal processing involved in recall are totally intermingled.

(d) The fractal nature of neural nets, their robustnewss and fault tolerance

can be immensely useful for modern VLSI technology. Continuing advances in

microfatbricaticn, and optical technologies promise to make it possible to

floricate large numbers of massively interconnected decision making

swlt hing ,lerents with "ow power consumption. Neural net models and

-. *--.lu _ , ?provile such structures 'possibly in the form of opto-

w-th the robustness anc the fault-tolerance badly needed

i th" ontral probLm f yield. Imperfect chips may nio
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rotation, and size invariant classifiers or feature spaces) derived from

sensory array data generated for example by electromagnetic or acoustic

(including seismic and sonar) receiver arrays. Associative memory modules

can tell us then rapidly, in a matter of a few time constants of the Neuron-

lIKe elements used, which member of an ensemble of input descriptors is

recognized by the memory even when the descriptor information it is

presented with happens to be incomplete or sketchy. Recognition of an input

is manifested by the neural net converging and settling into one of its

nomiral states corresponding to that stored entity which most resembles the

1nPut. It is clear that this operation by itself may not be useful unless

some means for identifying or recognizing the outcome of the nearest

ne ighbcr search is incorporated. This suggests, in the absence of such

reccgnizer", that auto-associative memories may be useful as building

t~coks c more complex processors in which higher order hierarchical

:r~ce'ssing tkjs place, in a manner not yet fully understood. Such

Pr._ essicg woull have the aim of first reducing the information content of

e signais flowing concurrently through such a network of associative CAMs

f s n - teir outcomes into a single meaningful 2concept or

r 7 n biological systems, such perception is thought to be

ss wits Drscritfed trace of neural activity or spatic-temporal

fir tthe crtex. Associative memorv modules by themselves
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functions in robotic and artificial intelligence systems. Hetero-

associative storage and recall of partial information can play an important

role in smart sensing and automated recognition systems as was recently - -

demonstrated with an example of identifying different types of aircraft from

partial information about their sinogram classifiers [42] and individual

faces from edge enhanced versions as classifiers [43].

2. RESEARCH ACCOMPLISHMENTS

Neural net models and their optical analogs provide a new approach to

signal processing. The aim of our research activity during the period of

this report was therefore to study and assess the capability of neural net

processing in actual challenging applications where they are expected to be

most useful such as automated recognition. To this aim we have also paid

attention to the question of optical implementation of large neural nets of

the type we expect is needed in smart sensing and automated recognition

applications. Therefore ou, -esearch efforts during the preceeding period

have focused specifically upon the following tasks:

(a) Study of methods for simplifying optical implementations of neural

net models without sacrificing performance. To this purpose a

systematic numerical study of optical embodiments that employ

different types of synaptic or connectivity masks (e.g.,

multivalued, ternary, unipolar binary) and a variety of

thresholding methods (e.g., zero thresholding, adaptive

thresholding where the threshold is proportional to the energy of

the initiating and iterated input, adaptive thresholding and

relaxation where the neuron is influenced by its previous state -

self inhibition) were studied and their performance compared. The

-11-
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results of this study are detailed in Appendix I of this report.

They show that the adaptive thresholding and relaxation scheme can

be used with a unipolar binary (u.b.) mask without suffering any

degradation in performance as compared to the ideal case when zero

thresholding and a multivalued mask are employed. The ability to

use a u.b. connectivity mask enables their realization in black-

and-white optical transparencies and opens the way for the use of

nonvolatile spatial light modulators for computer driven

programmable connectivity matrices.

(b) Numerical simulation and experimental study of optical analogs of

2-D distributions of neural nets (2-D neural nets) based on a

novel scheme for partitioning the resulting 4-D connectivity

matrix into a 2-D array of 2-D matrices was undertaken.

Architectures based on this matrix partitioning scheme were

studied numerically and found to work efficiently. The primary

motive for our interest in 2-D neural nets is their compatability

with 2-D feature space data and their potential for realizing

3 2
dense neural nets of -(10 -10 ) elements. The results of this

task are detailed in Appendix II of this report. There the

application of a 2-D neural net of 32x32 elements in an automated

recognition situation namely, recognition of scale models Of three

aero-space targets employing sincgram representations or feature

spaces of these targets produced employing a unique microwave

measurement facility is described in some detail. Super-resolved

recognition employing partial information (220%) of the sinogram

data of the three test objects and making use of a hetero-

associative memory whose output at the completion of a successful

-12-



search is a label of the corresponding recognized object is

demonstrated. The use of realistic data in this work is important

as it illustrates, together with the ability to recognize the

input when it is partial and sketchy, the unusual robustness of

neural net models and their analogs. The results presented in

Appendix II exhibit also a certain degree of generalization when

the memory output is a composite of the entities it was taught.

This occurs only if the amount of information it is presented with

is meager (e.g., 10% or less of a full sinogram pattern). These

results seem to underline the uniqueness of the neural net

approach to signal processing in that complex functions are

realized in self similar nets of interconnected neurons as opposed

to conventional signal processing schemes and architectures based

on a highly organized modular approach.

(c) Initiation of construction of a 2-D neural net of 5x5 element to

be used as a test bed leading to eventual construction of 16x16

and then 32x32 neural nets. All of these embodiment utilize a

lenslet array to multiplex the initiating external input and the

iterated input onto the partitions of the 4-D connectivity matrix

Tijk and nonlinear electronic feedback loops from an output

monitoring photodetector array paired with an LED array at the

input.

(d) C-llective processing is recognized to be an effective tool in the

solution of combinatorial problems. Both neural net based

algorithms and similar simulated annealing algorithms are

applicable. We have initiated a study of this important area by

considering the novel problem of synthesizing an optimal radiation

-13-



L"4

I"...

I-.7

pattern of a phased array antenna by simulated annealing. The

results of this study are detailed in Appendix III. The results

snow that simulated annealing can be a useful tool in phased array

synthesis. The attractiveness and effctiveness of the method can

be considerably enhanced if the computation times required are

reduced. Hybri (opto-digital or opto-electronic) schemes can

play a role here. Their applicability is being investigated.

3. CONCLUDING REMARKS

At this stage of their early development one can only venture to say

that neural net models offer a new and intellectually stimulating approach

to computing and information processing. The approach "dove-tails" very well

with the capabilities of optics and compliments them. While optics

naturally provides the parallelism and massive interconnectivity needed in

the implementation of neural nets and their models, these on their part

provide the robustness, fault tolerance, and the power of nonlinear

processing and feedback that are generally lacking in optical processing.

The combination results in systems that can no longer be characterized by

the usual measures of convolution and impulse response variant or

invariant) because superposition no longer applies but may have to be

characterized instead by stable states or modes in the N-dimensional phase-

space of an N-neuron network. Optical analogs of even highly simplified

models of neural nets exhibit a high degree of robustness and fault-

tolerance, and can be implemented as content addressablo assoiative

memories for use in computers and in smart sensing and automated recogntion

systems, or as networks for rapid collective solution of computationally

complex tasks encountered in optimization, vision, and irverse problems.

-14-



They may also provide a tool for the study of nonlinear dynamics, chaos, and

even prove to be useful in clinical studies of mental disorder. - -

4. OTHER ACTIVITIES

During the period of this report papers were presented at the following

conferences and meetings.

1. N.H. Farhat and D. Psaltis, "Architectures for Optical , 1

Implementation of 2-D Content Addressable Memories", Digest OSA
Annual Meeting, Wash. D.C., p. 58, 1985.

2. K.S. Lee and N.H. Farhat, "Content Addressable Memory with Smooth
Transition and Adaptive Thresholding", Digest OSA Annual Meeting,
Wash. D.C., p. 48, 1985.

3. N. Farhat, K.S. Lee and Lie-Szu Chang, "High-Speed Fourier
Camera", Digest OSA Annual Meeting, Wash. D.C., p. -- , 1985.

4. D. Psaltis, E.G. Paek, J. Hong and N. Farhat, "Acousto-Optic
Implementation of Neural Network Models", Digest OSA Annual
Meeting, Wash. D.C., p. 58, 1985.

5. N. Farhat, "Optical Implementations of Associative Memory",
DARPA/DSO-AFOSR/NC Optical Processing Annual Review, BDM
International, Inc., McLean, Va., Nov. 1985.

6. N. Farhat, "Microwave Diversity Imaging and Automated Target
Recognition", Reconnaissance, Surveillance and Target Acquisition
(RSTA) SYMPOSIUM, Harry Diamond Laboratories, Adelphi, Maryland,
Jan. 1986. (Invited)

~. N. Farhat and S. Miyahara, "Super-resolution and Signal Recovery
Using Models of Neural Networks", Technical Digest, Spring 86 OSA
Topical Meeting on Signal Recovery and Synthesis II, pp. 120-
123, 1986.

8. N. Farhat, S. Miyahara and K.S. Lee, "Optical Implementations of
2-D Neural Nets and their Application in Recognition of Radar
Targets", Presented at the Neural Networks for Computing . .
Conference, Snowbird, Utah, 1986.
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APPENDIX Ia

COC)TTETT "CE)F'C'E LE I'El-iOF.> WITH CSMOOCTHTrI'ITll

ND -PTI 'E TH'SHOLEIrIG

Kan -q .Le e Band Hla bi 1I H. FBr h at

Uni,'E-r s t of Fenns,,,1'.'an a

The Elect rc-Op t i c arid Uic ua'cO sLacrt

ZLU S. :33rd s-treet

P'hiladelphia. PH-* 19104

~BT~T The us e of u n 1 p ol1ar b i n ar.*' mask aind adapt i-e--

rrmcoo t h thresholdi nq in o-p t c a11rr i-mlee taBtin citn n eur alI

nets appearc. to combinre t he bet ter pDe rtf orrmanc e or multi -Icuel

I masks and ease of realization.



B-STR, -T R The i .e cf un pol ar birar) ries a s r,, adapt an'd ""

S rmo 0 th threshcildiri i n Pti a 1 C i rnp l erner, n t tior, n o r, eural "a
r.tnet- appears to cori- i1 n e the b e t t e r perf erm r-e of rn u t e1 -

rrask.. n, eas of real 1 andt 1 or.

I. I I JT R. ',iLIT 1 CT I Nr,4

i t 1 c a i p 1 emer t ai e n o f the H:, o f elId o d e I r lr a

net.s rra.a, offer ad'.'arteqes over r-i cro-electrori, rrimplerren tat .ns

becau se c, f t he 1 n her en t p ar al 1 el 1 sm o f o c t 1 1- al p r o. cess 1 ni

and t he rel at 1 'AC .-e e s ii th whi ch rr, a =- e i r, terc, nniect i - I t')

car be realized. f-s. t h e n umber o f -t o r ed p a t t e r o s or enti ties

increases., the elements f the memro or adn, t I - ma rt r 1

i "i i a s .ue va s e t er di ni o 'er a 'i dir r anie. Th -, i = me an s

-. j,der r anie of ire.' ievel ir the optical ma=k a recau ired.

For ease of optical irrplerientalon. quantiznt.:or int,-, a Lipol ar

in a r'. i ,  mask o. r even I in to a un 1 polr -in bi ,E' r sFs

ed t e desi r able. I n th s pa er h.je ear ine -

Li E ma a 1 th adaptiv..e t h r e s h o ldni n rid a r-o rn - z ate

"-cur on" respo sr-e in the feed-back ioop .o- C_ - --

a non , n -ze r:, t h r e- ho 1 d 1 n b- - 1 u e ri u s. t t, e a ,, p e -

.ii en if r rr e t ie in r the i npu t ..' ecto is or ie. : -7 -1

of zeros and one. . one half o f the nurlj t -re -5 ,C --

iteil as a peo i ble aherp thrlehol-oldi nle . -_ eac- e- a ,-

Pr oeed .. the ..je -ih t , r' ': r, f t-e ,'r Iterate

i _ Bp 1 1 ied to o f, BaaP t I e a r t hrso e i, un r t r, t .e ' t

'r, eqati. , zero. o, p:iti''e ''lju e .-ie -er1':-r r, .*e,"

tre pr eectin a smaller , equl, r .ineater r' :re .ai'

the i npu t enieri,, , is rl ti p p to -ela , o arr ete

,f value less than one. then coribire- ,.i iitne 5ne'.,_=: neer ate-

and i fir, Bl l i mi t ed to [ , ]. [r, to ,,'' ,e '-cal i z

a sm ot- tr Bris. tien ot st B t oes, frr the ne rl r et . 7e rr o t

W4



.R .V . .~'j.- - .'. .' in .-. r.. -. r y•~~-

4.

.tr- B,1 1 C rlnet r),-'j i s als' related to the reia '-t ion te-tir i ''ie-

used i .ir,.q z.',ter=. n i rear e , tir-E . 'e uf rt o u B t

Sq l 1 Mi 1 t 1 .n re p r .r t ed f or a re i r or _ rn, " .I

Thes_-.e are shomir, s f .a B s s t or aq4e i:ap aIc i t,- ar ,d e r r cr n r r cot i 
r ,

a re c, :, r r, ed , t o , o r p a r e f a') o r ab, . e r f o r r o ca a

mi ti -' .• 1 u e d m s.k , h e r e rier elI sharp t r e - , i r 1 u -e

Prel imi rar. e- > er i rrer, t 1a resui t-  ottBi ned i tr, 3 m c, d: f i ed

,,r_=ior or, pre'icsu sl. reported - neuron oPt t F-i ript- :r-

a re also qi'.en.

P. FT I C"L I MFLEMEtt- I ON IF CONTENT ADDRES3-SLE

ME-lOP ," ,: C11- , 13 II r - B I P -ILAR. B P. :-

:e''er ai =c rr, e f or c, ptic l iripiernertai,r . - -i f a-d

or, the Hc, field mniodei (11 ard ote r i m r mde. r' r z__

a'e Peer de scr ib ed earlier [4]-[73. In orl e of the ir-plererm t a-

I :r an ar -', oI f 1iIht erni ttir, dio-.,des , LEDs 1 1 u=-eC to

e:~~eserrt te Icir rmr or nerns or th net irrl
... . q ..... 1 em e•tt=

Taer e on or ft o Irar represent unip':'lar titar,, ctor.

-, a are t,re d rin the rn ernrr, r atri . ''1 er-plo-,,q the us 7

- r aqe reoie 1- 1]. Globai i n t er-orret o - tfe eleren t-"

a i zed a_ -oJ, in, Fiq. I, a' throu.h te a i tir, :,f

r,,:r nr ear f eedtb, E o thr eSho lii 'n ra ri n rd feedtc: to

El- erti-r l D7tio l 'e-t,:,r-rr.atr multiplier E] iri '.hioh
-amy a" of, LEE's -epreeritE the npu~t" ''eiotor n na

=- al L E C1ere- rl .j t t" B F]1 B r, 9 r"

0 roD ,PC: I' , is 'i-ed t.:detert the output ertr

The RE, arr a it:,ut i thre dolded an ' fed ba in rBr a i le

- cr i.'e the :o rre po,,dJir,-; elerner ts of the LED art B-. ult I-

c a, 1 Dtor, ,: the Ir DpJt "e, ,:r b'.' the T ri,,atri Bi a hie''ed

, 1: crt a i m a t • 4r• a 'rtioal a rer i n ; o - n f the i n u t

'eot, r that I di npja.,ed b' the LEE, s on the are c f t, e

1 2 h=. . h s 1 cri er en ted b' r' e ar, 0 t Bn an aro an- .

.e,_ Eter , on',i tted fr, r n Fiq. i 4 rof-r i pli t' ne onn

1-3 1
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iiian n-, toY -, -r _ ph-I,.,.E t ern I-ai sro n t -h-, (.n f I£ Uj = ,- to cciiect"-"

t ,e I ,_ h t emner r, ,_ nq fr.rD e acl-h r,:,o. - , f the T rn as-k _-r, i Ir ,I du3 .-' a-

p,'to-'-I tea or the REY arr.a,,. Ir tra. .ccc = Li ,l' T I h-

cBtr i I= real i zed in nino heren t i I bht v d "t din'; eh rc

or t re T m a t r 1 1 rl t ].. C s u b r o us., o-ne fo s ti andr, eii

tor n e, B t i ,,e 'e Blues ard br i r,i ri rq t e 1 1 q ht eri'ie r '1 n.4 fro .

e ach iijb r ,i o f o us ori t.e ad a'B en t pho--. i e- of t -e ,

Br, tIat are electri call" conne,:ted in oppo-i ion I a tr lep 1 cted

in Fq. i. Ir the s tem s r, i n F 1 i , feedac i a achi eb.,ed

b- electron 1 ,J i r 1 r,q. I t i pos sible anF, d Crefeable ti- I disc,-.e

o r e ec t ro n ic f i r 1 r, aq a ,q t h e r ari d replace it '.41 r o tic B

fedback, This cara be Bchi eyed b'' corr b1 n r the PE ard LED'

Br r aYS i rl B s irle e hybr 1 d nr oeli t hi ,:t''t re that can,

BI so be made to :,rtrin all I f tor thresholdi ni -Bmpl if iat ion, -

an d dr i'i n q of LEDs.. Op t i c.a1 feedback becomes e, en mse e rce

at t racti,,e ic .uher, LJe c r,=. i er that ar r as of r,, n li n ear olpt i :al

i i qh t arrp 1 i f i er - 1 th i n tern alI f eedback [ or op t i cal bi -

:t abi 1 1 t y e,., 1 e s I' : 0] c a r, b e u c to r e p I a c e t - e

PD LEE' arr a''. Ths 1c an lead to sirripl co Dat C-t1l structure

th at Ma"l be in t e r on ec t ed to per f o rr rmo r e s oh i - t icar 2 t e-j

,-rnp u rat i ons r,.t ra a n the nearest i q r b o r sea r per f o rrried t''., - -

a sinle -,q ..

The detail arid op e r ation or a nirple , Btial a-ter,

s i r' la t 1 r,.a a net,.,ork of I=3 -2 r, eurors that is ',at a t i,n

. tre r, em e presen t e in, F ii. I has been reo,,r ted in [ -I .

Here )e re1, 1b i b riefly' det ail;- thi syter thaqt are rele'R-nt

to ue b, e,-t rr tter of tr, p ap er.

The 3s ,1tern, atails of .,hich are qiy-en in FHs 3 -:5

'as o rtrj,, ted ,.i th ar, atr or. f : LEE's and to ,, rnu1 t ic -ar el

-ilic:,: , E' arr a, each n,,.-itiq o:f -2 el een tsr, . Twi e -

3s m, an, F', el er, t than LED; Br re needed ir c, r der to rnplernr, t

a b o: I rrm emo r, r,'n as k tr art rc t t an c I r i n,-c her er, t 1 qh t i n

,coJn-e t, the sCherl,e or F; lb. In r s .:heme a

bi poai b i nar'' ' E T r,-=i a I I'Da t t i I i zei The r ak ':

prepared for !1= b ir, a,. state ye,ctor s_ , The three ,ectors

-4 a
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, ,r t.. tr d cr, ser t-ei r H anmro i n,7 di s t ances f rm each o trier
a rd the r esul1 t i r,q T rnemo rv mat t 1 are r eproduced ir F iq.

2. The mear H amm 1 n i ,-d stan ce bet.weer, the three ,.rectors i S

16. b Li narv pho tor aphi c trarsparercy of 1;7,.4 sq uare p I <... -.

.* cas cempu te r qerer at ed f ror the T rratr i:: b,, assi qn 1 rq the

cos t 1ve values nr ar,' q1.en ro,.. of T to trans.paren t pixels

1n ore subro : -f the mask and the reqat 1.- values tc' trans-parent

pixels in the adj ace nt .u b r ,, . To i n-_ u r e that the imaqe -

of the 1 npu t LE ) array i a un 1 f o rl' smeared cover the meror,

rrask 1 t k,.as found conv,.ern ier t to sp 1 1 t the rrask i n t I., hal 'u e S

.as shc..ur, in Fiq. 3. arid to use the resultinrc submasks in

.tuo identical op t i cal arms.. .. hor i ri q. 4. The size

of the su brot..us of the memo ryv submasks was made e> actl') equal

to the element -ize of the PD arrays in the "erticai direction

h '-hi h w ere placed in reqi ster aqainst the mask.s. Liqht ermerqin q

Sroem each ,.er t i call v o r i en ted su br o k.,, o f a memor,y , u Lma. k

.as collected (spatiall. inteqrated.i b. one :,f the ,ert cai ..

oriented elements of the multi channel PD arr . I r thi

f ashi on the anamorphi c O t 1CS required in the outp u t p arT t

o, f F 1 q 1 ( a, are d i s p o . -d f , result i nq 1 n a more - rr i

and compact s..,.stem. Pi ctori al i es,.s of the input LEE' array

and the tw1,o .su brra.k PD .arrY a,.) as=.embl 1 es are -ho.r, i r ' a

and f. b c of F i q 5 resp ec t ively . tl1 electror, ic 1 r c,u i t,2

Sarp i F ier s threshoI d i nq compar at ors. LED dr i er etc.

i n th e 32 paral e f eedback channe es are cor, t ai ned in the

electronic amBcific-ation and thresholdinq bo sho..rn in Fi.q.

4' a) and in the boxes ,,n 'h.-h the LED arra., and tre ti.e,.

submask z P) ar r .av ass embi, i es are rmeo u n ted ' see F i q. . .

H pictorial vi e. ort a "ciio s1i ard ci 1c1a, to-" i1 ote 1n

i n F iq . . Thi ont air- a r, ar ran qerr, en t of .- ,i tore- ard

a 32 elemen t LED di sp s av.) pan el oe elerrents are co n r, e,- t ed

Sn parallel to t he input L E D ar a . T h e f 'u ri t ion r, o f t h 1

box is to compose and di -play the tinar-. input ,ord or ',ector

that appears on the i rpu t LED ar r a' of the '. s terl =ho i..n r

FR.q 5' a'.

1-5
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uinc--e a n i n put 'e cto r I s sel ec-t ed i t appears di spl a ed

o.r, tih-c composi nq box anrd or the inrpu t LEE' box simrul t anoisl''I-
* ~ lw 1 sn.l sui2 tc is t-rtriit 2ae the avsterni into

operaBt i:'n 1ii t h ti-ie com po s ed e'..'pctnr as thre irnii tiiI1ziri '':4eczto rL

The f inal s t a te of the s;'sterm t th e outp ut* ap pe a rs at ter

*a ft-u 1 t er at i o ns di1 spl1 av ed orn the input LEE' arr av anddipa

box simul taneously. Ti-e aboyc- proc--edure pro.)ides for -ony.en ien t

ex er cisir q of the systemr inr o rder to sZ t ud~ i t s response ''S.

.t irriuj s behav'i or. f* nr inrp ut ve': tor is composed and i ts Hammrninq

*di-s tan ce f r orn each o f the n omri n al s t a te 'ec- to r s stored in

t he m em ory k'Is noted. The .)ector is. then used to initialize

the C"-'i as described abo'.'e . T he output e Qcr r re pre senrt i n :i

t he f inal st a te o f the CA M i,ajhi '-h ap p ear s almo st i mmedi aBt el'i

on ti-e displav box.: is e ami1 n ed. The r e spo ne t ic of ti-c

*electronic feedback n-hannels, as determined by the 3 dB roll-off

of the amoIi f iers, . yja abo, U t 1. 0 rri 1 1 isco~ n ds . Eope ed of ti-e

o:per at ion t'a S n ot a n is ssue i n this1 sct udy . and ti-iui s ti- eIO

r esp orise time .as c:ho sen to. t a': i11 tate the exp er i men t

The aboyc, i mpl1emen t at i on o-If C M based on the Hopf ield

mo.deli f or n eu ralI n ets i ndi, ca t e ti-ic op to-electronic: ana oBi-j:

fr tvio-1 neurons in syn api c o n ta c:t shIno.-1n i n Fi'i. 7. In rt s.

'-rherric ti-e ptrese nce orf bec ti Incxci - taBtor. a n d i ni-ib Ito ,-r- n a E.es

r co i r c the u se oft t1 i-~ ti-ce nuim b er of neuronsir-Iernte

Inr pnoCto0der-teCtor an d rot o f t he o p t IcalB r-as in :rn :er to,

realize ti-e bipo'lar inter':oinnection Matri l En 2c r,~

The results o f e ercisi niz a nd e -aluat t , e Te"- -ri, a 7,

o the CM described abo e e r se te in, [e .ee

-~~ ~ ~ ~ r"- r d1

S ho0i. ti- at ti-e sst em is cap able of- I- asBsocIit atS Ic rc±.*

er r or cor r ect i on zap, ab 11i t i e n ad I e> trre r ernt. t

I is byi o u t con.,etral =. ti cp 1ec t io 1 b sr i s i -, e t- 3 crie
i r tiic ab io m- 1 p ement o t 1 n n I f a u r : i poa Ir i r, m, a s r, i

permi t 1 ,. n imed i actely ob'.i.,ioua '._.' a-, r, f t 1 1 ti r t

Tef* ..-teothe , nuriber of ptr used in ti-t p , d i n _i swter.

can be u ed t 1 , plernient a C "41 1 uh 64 neurons- instead .

1-6 -
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* 4 th Samerr add i t io n 31 comrpaon eri t sand a n ew i n 'pci ar b in a rv.

m tLEimas F c. r t ri s r easo n w,,e ha*',e car ried oi t a t vof

me t rods r oDr imrrp 1 emen t i n q tr-1S empl a v.i 1n q: u n ipl a r bin arv. T

"'4L

matrix w.hich are described in the follow...inql sectio-ns.

i. CNTENJT i4f'DPESSAELE MENIOP f NITH U-NI FOiL AR

B IN~~F.r I r TEP CCINNEC--T1t t-'4N HJP1

The u.e o U E;interconnection ma t r. Cr =r :mask,

a the adantaqe. pointed out earlier of furtherv

optical rrler-enta t ion or n eu ral n e twurr k s.ard oDr open inq

the o.',, r the stud-, o ef larqer ne t-,jrk s I t al =-o has thep

ad,.,an t a.e o f faclll ,ta3t In q t he use of recyclable =sp ati1al 1l1 h t

modul ators . 'LMs 1 such 3=s t the Lri t to r. non-volatile rram e t- e t o -p ti c

LM ' MO-S5LM I 11 2 h 1 c h I eas i es t toC u S.e a3.B p ro :,cr amm Babl1e

m a s matri in a LIB t r an smission mode The use of

a modif i able.* e:.. tern 31 m emrrou dr iven * M- SLMP, as a T m aswk

enables the s ame C-M toC .sr ch t hro uqh a l arqe flie of T -

matr:. ,..e res idi 1neq i n an c- te rn al store in a relativele- _ short

ti1m e. ki th s uch m as ks a no n-z ero t hr esholid le,.,el1 mu st be

a.,-:op teTd as the nhibi tor-. si qnals to a neuron or to the

a ir of photo-diodes in Fiq. b .1 arisinq from n eat ie

'3 ul es of the T mask. are not, absent. Twno,,o schemes of ada r, i-e

t hr eshol di nq- were cx "ami ned. COn e i s s how ,ln i n F i -q . t. In tis
:err e * u,:4 q ested td t t h b eo r vat r, that do r. f antne I ro ns n

hawje a non-zero f iring r at e, w.e ado pt o ne h al f tihne e n e rq,,

E = 1, fo r the LI E:f lirut vec tor as. I on-zero adaptiae
j 3

thre ao Idi n fq lvli e -),e for the comparator eC. Th he com_- ar ato r

outpu t wi ch can be p i t ye z ero or u .l en -a t 1 ,,e de e ndi n,-
on he t her the ,i qhted prrection " je T Je. of th

I r f t e e to r Is qreater. equal or l esr s than F I-=L ap. C T led

to a z le v Irel e 1 t,eshoinq element the outp:uht a t ''hi o h

s use' to dr 'e the correspondi n element in the inpu,,t LEE

1-7
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The second s-chemre ecx arni ned adds relaxation to the pjre-ed:i n:t

•--

=-Themre as shot.ajri 1 rl F i q .9. each 1 ter at i on proceeds i n

*this scheme, the comp ar ator CO'j t pu t t the dif ffer erce b -t etue n

t he wei q:h t ed p rop ect i orn o f t he C Ur r en t 1 ter ate and orie half

orf t he e ne rq o f t he i n p'u t u cto r I i a s t t e ru a t d t hr ojur4h

rmlt iplii.-.a t ionr by a p-si ti1v.)e relaxation paramrete;-r a of -.-Blue

less than 'in itv . The oulitc:o me I S added t o the -uaIu e r t he

pr et. i o.us iterate, retai ned t h rolU:Ih the s er-cend ar,. r- ee-d ba,-.k.

Sl-op '41 th t ime delay r' and the re sul1t i s applied to a limyiter.

Si1nce t he i n i t i ai z i rnq in p ut 'ec toCr h as a a alue of one or

zero,. the ne-qatiye V aIlue arid al'lieu c)of qreater t han, one are

cli 1pped '.- h i Ile t he v alu e s b e t.le er zerYo ar d ore are remai ned

li n chan qed throuqh the imri ter . T he li mit er output i S us--ed

to0 dri.)e t he cot- espondinq4 LEE) 1i the i n put LEED airr a. n

t h is f ashi on *a smo o th transition or sta tes 1 i the Cr'th- is

realized. The t echn iqule bears resemblance to the rel a a-'tio-n

mrethod used in solution of sk.stens of linear equations.

The resul ts of numneri1cal simul at ion o'f t he abo1.i'e t 'mC

schemres *assumi nq *a un ipolar binary. "~ersion of the Th mnat r1

aind triwee stored vectors are sh o1,.n inr the- last tvin frolumrns

of table 1 . These are compared 1,i th the results of si1mul1 a t i ons

frcorr: 1 'a. qre''. le,.el ma s.k 1i th z er o t hr es hoId i n c;, 1bi poilar

bir nar -. '-1 0 .1' mas-k '41i th Zero thresholdinq, and u n1P-Ipoar

b ina r''.1 mask ui t h the mean orf t he p ro, ec t ions.

p r oJ 3 .r selec ted a s t hr es.h old i n q valI u e .The results

are shouln in the other col1umrn s orf table I . The numbers. in

the t abl e rep resen t t he masx i m um Harinq di stan cc of an i n :u jt

''ec to r cho sen to e', e r ci se t h e m emo ro t r oirr the stored 'ctot-

that can be cor rec ted. The ex c;-rrc is i n'; input vector 1Is otaB i rei

f r om a stocpr ed 'e ctor by s1' t c hi nq d1 i i t s f rom its en d. The

s,.-rmb o 1 i n t he table me a ns t ha t par ti1culIar i npu t vecto r

i s niot reco-qni zed een 'iher none orf i t sP d i q i t sdiffer from

t he f rom t he stoCTrd, ve cto r . The si1n-u I-a t icn s. i r is r p e ate d

1-87
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f or ten Sets: or rand mlv if ormed three ve,-torS f or each -et

a d 1 f f er en U S T rn a t r i w a S. e n e r a t ed The r-sults or

th* s e:x.'erci se are shown i n rows ctf 2-10 of table I . The
total sum or errors corrected in each columnn i .e. for each

of the different combinations of memor, masks and thresholdi rq

procedures, are sho.rn i n the bot tom r ow,,.. ort t abl e I . The

u al ues i n thi s r ow I.. ar e t ak en as a perf ormance rmeasure of

the C~t- simulated. The qrev level case (.,11 th zero threshold

is taken to represent a relative perf ormance o f 10%. Th i s

tyk.),pe or CAM was able tc, correct a total of 246 errors total

in the ex:..,ercise. However , the CAM ',i th the UB mask. and input

ener.cy thresholdinq j i th rela:<ation is *seen have s1 i q htl ''

better performance by v--o r r ect i n q _ 21_ errors .e. a relati,e

performance of 105%. Adapt i ye i rp u t ener qv thresholdi nq

l.w.ithout relaxation) is. seen toC, fare well at 7'% relati,.e

performance. The poorest in performance was. the CAM ,'' -i t h

US mask w i th m e a In o f p r o ec ti o n s <p ro . -s threshold ,.jhere

the relative performance is seen to be 61%

4. E.X:PERIMENTAL '..ERIFI CATION

To v er ' r, e r men t a 11 t h e p er f o rma rc-c o f t re adar, t i e

thre-.holdinq schemes of Fiqs S and amod if ied ,ers.ion

of the optical implementation described in section 2 is utilized.

I n this modi f ied ,er si o n o n iv one channel of t he two arm

s ., = t em of Fiq. 4 i s. utilized. The bin.ar.. bipolar rna- k in

t h i s arm, ,.i h 1 c h repres ents o ne half o f t h e bipolar bi nary

T rr a t r i::< is replaced by a unipolar binary ver-ion of the

complete T m a t r n consit i of 0 ro ., s and 32 co i urn s

The :32 c,,on u n s e.'ac t v overla y.. the elements. of the 32 el ere,*

photo detector PD) arraV For the result.s repor ted here

the PD arra .. outputs 'Aere read bu, an A.-, coner ter v a an

an aloq multiple:lcer and stored in a D EC 11-23 Modular INstrumen-

tatior, Computer as illustrated in Fiq. 1I. The eneriv of

1-9



t n- input k' eca r i s entered ir the i" p u t e rr a n a 11,- a s cn e e

h hal1f t he num r, )e r o f el1eme n ts i n t he inpu.lit LEE' ar r a'), t na t are

1 t . The adapt i .e trreshoId1 nq al1 r 1 thus of F 1 s a r I

-1desor i bed i n tne- p recedi nq crzt 1 an arye carr 1 e-d lu t the n

*b'. t re zrn-put er 'wr il ch f urn i s-hes o2 vi t aqe a 1liues fa..r ar 1'* 1 n q

thIne LEE' a r r ay f or s.ubs.equent iterat 1 on, Farr the adaplt ic-

t h r eshao Idi1 nq sch em e of FS i a I * the yaus 'which -on-sist

atf an ar ra at.- C zer a_ S .and o nes r ep resen t i n-,q t he r esl t o f -

the f-irst 1 teration are easi1 e ntered in the sv stemr manu all')

t hr u q h t he '.,i car d cam rp a ser . Fc'r t he ad apt i ye t hr e_-s ha o di1n ci

an d r el ax a t i o:'n scheme the camp u t er a i t pu t c.0 n s Is t s o f an

* *rr ay.. of nurrbers ecr rangi ng bettucjen zero and one tar dr i-i nq

the LEE' array throuqch *an apprapr iate El. canyer ter . HEthIsE

i n ter tace wuas naCt comple ted at the ti1me af t h is j.r i ti1nq,
- results far~~P the ad apt i ye thr esolinq '1thutrea>:tla

a ~ re i nclu ded her e. p pha taoqr ap h atf the campu ter q4ener ated

uin 1 pa ar Linary. mask employ-ed i n the aboc o np t o -d i qi t al exp er 2

m men t is sEhorw..in inr Fi1q. 11. It is s e en to c:ont a in : ro'l=s

andt 32 rcaIllumn s as opposed to 32 r C).-45 a nd G-,4N ca1li umin s o.f t h e.

t, i pali ar bi1n ary ma s k oIf F i . B th at representecd thebioa

b in aru >1.C.1'1 T na t ri i1n tnhe f ir st opct ical implementaBti1o n

The resllt atf t he a boy e ptao-diq i taBl e pe ri1rr e nt far -

th ad ap t ie t hr es holdi1n q 1. ii t houtjt r el1a::::adt ion r; r re ar e

p.r c-sen ted in t able:- I I T Th esze ho ha t haBt t he C~l-II th LIE rrssP

- and ad-a pt I'.e t hre shc'ld in'; fulin c tio:,ns at I sr ac toril and

caBp atl e of r ecaq nizinq,,: par ti1al i npuits of thIne mremc r'' stat es

i e. atf the thre:-e stored 'Prmn up t o 5 er rr r oeae

far ye cto r 1. er rrs tacr wec tr r and e er ro r tar'eco

- r baoth normal and camplIemen t at':, y T h e z, Th pr f a: r n-, an ec

is in qie n e ral ac;r eem e nt !li tim th-e numrerica s 1imulaFt ion resulits

p rese n ted i n ta ble I f or t his c a s e. C Opto-ii 1t al e-rp e r ,me n ta3t io n

of t he t' .-'pe d e sczr ib ed abo 1e is foulind in ouIjr 'ir t be a

e er' uis e fu sitep i,1n t he st udy of models of ne u r al net f a I I

L1 0-
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F I GURE CAPT I -S

Fi.. 1. C.on cept fo r ':'ptical imp lermer ntation of a o tent .
address--able memo ry based o r t he Hopf i eld m: del .

(a) matrix vector multiplier iricorporatiri; norlrinear
elect r o n i : f eedback. (b) --,herne for real i zi nq a
-inar, bipolar memor,.., mask trarsmittre in inc,:herer t
liqht.

Fi q. 2. Stored words, their Harrmig di stance a rid their
cl i pped T rr, errmor,., matr ix.

Fiq. 3. T..*o halves of T rmemory mask.

Fiq. 4. Arranqement for optical implemen tati:on of tr e Ho, ofield
model. (a) Opto-electronic circuit diaqram,
(b) Pictorial view.

Fi q. 5. ) i ews of ( a) i r put LED array and ( b rnermor ... 'bmask
PD array assemblies.

F ig. 6. Wor compo ser and di spIa,j box. .

F,, , 7. Two neurons in synaptic contact (a) and their
opto-electrori,c an alo, 1 ,b .

" i. _ CAM, i t h u n i p o l a r s n ap t i c m a.k an d ad ap t i
thresholdin scheme.

Fiq. 1. CAM w...ith unipc, lar .yna ptic m.a sk and adapt 1ie
thresholdi rig i,.l th relaxati-on.

F i1 IC' E.-Exp er i meri tal o p t o-di1 gi t al *ar r anriqemen t us2ed i n s ti 1v F;q

i e-ehav i o r U ru , ; 1I1 mak. and adap t i e t hr e ho ld i 't" "
and feedback schemes.

Fi, q. Ii Ur, lp oiar i nar, Ti rrerr, rriask.

Table I . Compar i =on of different tivpe of merio r .., ma k and
t hres-.hc, Idi n, pro cedur e d i i t al simulati n B.1-

Table I I . Performiance of the opt i cal CAM (op to-di qi t al e::.,per irer, t
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Fig. 1. Concept for optical implementation of a content addressable

memory based on the Hopfield model. (a) matrix vector multi-

plier incorporating nonlinear electronic feedback. (b) scheme

for realizing a binary bipolar memory mask transmittance in

incoherent light.
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Words to be stored:

Wordi :1 1 1 0 .1 0 1 ) 1 0 0 9 1 1 1 1 1 ., ! 0 0 , 0 1 6
Word 2 :0 1 1 0 0 0 0') 0 0 1 0 10 1 1 00 1 1 1 C, 1 f _
Word 3: 01 20:1::: 36 12: 62 :: 3

Hinirq distance from word ti word:

WORD I 0 15 14
WORD 2 15 0 1.
WORD 3 14 19 0

!TOYor "ASK

0-1 1 -1 -1 1 1 1 1 -1 1 1 1 1 -1 1 -1 1 1 1 1 - -1 1 -1 1 -1 -1 -1 -

_i-1 1_ _l11-1 1-1-1-l1-1-1 11 1-1 1-1-1 1-1 1_ _-1 1_- 1'i1 --1 -1 - 1 1 1 1 1 1 1 -1 1 -1 -1 1 -1 1 1 -1 1 -1 -1 1 -1 1 1

- 0 1 1 1 1 i 1 1 1 :-1 -1 - -1 - 1 - 1-1 -1 -i -1 -1 : -. -.

-1-11-1- 1 11-1 -- 111-1"1 !-1 111-11-1 ii 11 -111-1 --

1 -1 1 -1-1 1 1 -1 1 1 1 -1 1 -1- 1 1- 1. 1 -1 -1 1- 1- 1 1- 1 - - 1 -1..-

I1 1 1 -1 -1 -1 -1 1-1 1-I 11 1 0 -1 1 -1 - 1 -i 1- 1- -1 -1 -1

1 "-1 i 1 1 1 1 1 1 1 1 1i-1i !-1 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 1 1 -1 1 -1 1 -

-1 1 1 -1 -l -I1 - -1 - -1 - - --i 1 -1 1I 1 1 1 1i 1 1 -1 -1 1 -1 1: -1 "'

'1 0 -11

1 1 - 1 -1 1 1 1 1 -1 - 1 1 1-1 -1 1 - 1 -1 - 1 -I1 -1 -- -1- 1-

-1 I--i-1--i- i1-1 -1I-i-i-i- 1fi-% -i-I ;:'-'-I"'-

I-. I -j -j I -: -i -1 1- I n l l - i --t- - I i i i

11-1-11 1I11:1- :1--i1-i 1--1-1 -1 4-161--1 1:1 1

-1 1 -1 -1 -! -:-1 -1 1 - -: -I -1 1- i- ! 0 I ! 1-

-: 1 1 -i-! -- - - -- .!.t-, -i ' -' 1- ' ' : '- -- ' - -,

- . . . .. . . . . . .

Fig. 2. Stored words, their Hamming distance, and their clipped Bipolar
binary (BB) T memory matrix.

-i i i [ i -i -: -1 -i I I I i I i i - - - - 1 i [ - 1 [. .
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Fig. 4. Arrangement for optical implementation of the Hopfield model.

(a) Opto-electronic circuit. -
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Fig. 5. Views of input LEI) array (a) and memory ,,ubmask/PD array
assemblies (b).



Fig. 6. Word composer and disp~ay box.
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Fig. 11. Unipolar Binary T i. memory mask.
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Memory Mask/Thresholding Value
Set vector

Grey/zero (1,0-1)/zero (I,0)/-proj.> (l,0)/<Ein> (1,0)/<Ein> &relaxation

1 11 10 x 15 11
1 2 2 2 1 2 3

3 12 10 8 9 11

1 19 17 15 16 19
2 2 2 2 x 0 12

3 4 8 0 1 11

1 9 10 10 10 10
3 2 10 10 14 14 10

3 10 9 8 9 10

1 0 x x x 0
4 2 2 2 1 2 3

3 0 x x x 0

1 9 10 10 9 10
5 2 8 4 2 4 8

3 12 13 12 13 13

1 6 4 1 6 7
6 2 8 x x x 8

3 10 8 6 7 11

1 6 6 3 3 7
7 2 6 2 x 2 3

3 9 7 7 7 9

1 13 13 13 13 13
8 2 11 11 7 9 12

3 7 1 0 0 4

1 3 x x x 1
9 2 15 16 17 16 15

3 10 11 6 9 10

1 13 6 x 5 11
10 2 9 10 10 10 11

3 10 5 x 4 7

Sum of
errors
corrected 246 207 151 195 260

Relative .
Performance 100 84 61 79 105
in percent .4

Table 1. Comparison of different types of memory mask and thresholdin)!
, pro-

cedures (Numerical simulation).



rnwn

Recognized Vector (mn=l) Rucijjnized Vector (rn=2) Recognized Vector (m=3)

• "j 4 " C0 0 401 C' 0 C' 0
a 0"' 

C "' 0 .-
0 0) ( 4D 1 . I=0 c c 2 J - 4-) c- 43 3 3

*~S IL Z- .- ><.- I S-. Z'x X--~ DL x,< )
O E 0 O 2 3w 3oE 3Ma

O.< oW~ Ciow-- Q) CLx OC) c c ( L c aw/ .> xWf CoQ I C2 a)/C)LL; DL-.. CDw ZJ.S- ZD S- CD w DL- --

0 2 1 1 2 2 2 3 3 31 1 1 1 2 2 2 3 3 32 1 1 1 2 2 2 3 3 33 O 1 1 2 2 2 3 3 34 1112 2 3 3 3
5 O 1 1 OSC 2 2 3 3 36 OSC 1 1 OS22 3 3 317 OSC 1 1 OSC 2 2 OSC 3 38 0SC 1 l OSC 2 2 OSC 3 3

2 2SC OC 2 2 0SC 3 310 OSC I 1SC 2 2 OSC 3 311 OSC 1 0SC 2 2 OSC 3 312 0SC 3 0SC (SC 0SC 0SC 3 313 OSC 3 SC OSC (3) (3) 0SC (2) (2)14 0SC (SC 1 0SC SC (3) 0SC (2) (2)15 0SC (SC 1 1 1 1 0SC (2) (2)16 OSC (SC I 1 1 1 OSC 3 (2)17 OSC SC 3 OSC 3 1 OSC (2) (2)18 0SC (2) 3 OSC (2) (2) OSC 3 0SC19 OSC (2) (2) 0SC (2) (2) )SC (2) (2)20 SC (2) (1) OSC (2) (2) (SC (2) (2)21 00 (1) (1) 02 (2) (2) OSC (3) (3)22 OSO (1) (1) 05C (2) (2) O)SO OSC (3)
23 0SC (1) (1) 0(2 (2) (2) SC (3) (3)24 OSO (1) (1) OSO (2) (2) OSC (3) (3)25 C)SC (1) (1) OSO (2) (2) (3) (3) (3)26 (1 1 1 SC (2) (2) (3) (3) (3)*27 () ()1) (2) (2) (2) (3) (3) (3)28 () () () (2) (2) (2) (3) (3) (3)29 (1) (1) (1) (2) (2) (2) (3) (3) (3)30 (1) (1) (1) (2) (2) (2) (3) (3) (3)
31 (1) (1) (1) (2) (2) (2) (3) (3) (3)
32 (1) (1) (1) (2) (2) (2) (3) (3) (3)
*D h  Hamming Distance of an initializing vector from bifl)

*" *( ) denotes complement of vectors

**OSC: oscillates between the states

Tabl II . Perfo rm;InC of the Opti'a1 CAM wit h \dapt ive fnergv Thresho Id ing

(no reI axat ion) (Reslts )t Opt O-digita l experiment)

"" " .. .4
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APPENDIX 11

OFTICAL ANALOGS OF TWO-DIMENSIONAL NEURAL
NETWORKS AND THEIR APPLICATION IN RECOGNITION OF RADAR TARGETS

N.H. Farhat, S. Miyahara and K.S. Lee
University of Pennsylvania

The Electro-Optics and Microwave-Optics Laboratory
200 S. 33rd Street

Philadelphia, PA 19104-6390

ABSTRACT

Optical analogs of 2-D distribution of idealized neurons (2-D
neural net) based on partitioning of the resulting 4-D connectivity
matrix are discussed. These are desirable because of compatibility
with 2-D feature spaces and ability to realize denser networks. An
example of their use with sinogram classifiers derived from realis-
tic radar data of scale models of three aerospace objects taken as learn-
ing set is given. Super-resolved recognition from partial informa-
tion that can be as low as 20% of the sinogram data is demonstrated
together with a capacity for error correction and generalization.

INTRODUCTION

Neural net models and their analogs furnish a new approach to
signal processing that is collective, robust, and fault tolerant.
Optical implementations of neural nets1' 2 are attractive because of
the inherent parallelism and massive interconnection capabilities
provided by optics and because of emergent optical technologies that
promise high resolution and high speed programmable spatial light'
modulators (SLfs) and arrays of optical bistability devices (optical
decision making elements) that can facilitate the implementation and
study of large networks. Optical implementation of a one-dimension-
al network of 32 neurons exhibiting robust content-addressability
and associative recall has already been demonstrated to illustrate
the above advantages.3 Extension to two-dimensional arrangements
are of interest because these are suitable for processing of 2-D
image data or image classifiers directly and offer a way for optical
implementation of large networks. 4

In this paper we will discuss content addressable memory (CAN)
architectures based on partitioning of the four dimensional Tijk

memory or interconnection matrix encountered in the storage of 2-D
entities. A specific architecture and implementation based on the
use of partitioned unipolar binary (u.b.) memory matrix and the use
of adaptive thresholding in the feedback loop are described. The
use of u.b. memory masks greatly simplifies optical implementations

3_ 4
and facilitates the realization of larger networks -(10 -10 neurons).
Numerical simulations showing the use of such 2-D networks in the
recognition of dilute point-like objects that arise in radar and
other similar remote sensing imaging applications are described.
Dilute objects pose a problem for CAM storage because of the small

11-1



Hamming distance between them. Here we show that coding in the form
of a 5inogam clazsifiet of the dilute object can remove this limita-
tion permitting recognition from partial versions of the stored
entities. The advantage of this capability in super-resolved recog-
nition of radar targets is discussed in the context of a new type of
radar diversity imaging, studied extensively in our laboratory, that
is capable of providing sinogram information compatible with 2-D CAM
storage and interrogation. Super-resolved automated recognition of
scale models of three aero-space objects from partial information as
low as 20% of a learned entity is shown employing hetero-associative
storage where the outcome is a word label describing the recog-
nized object. Capacity for error correction and generalization were
also observed.

TWO-DIMENSIONAL NEURAL NETS

Storage and readout of 2-D entities in a content addressable or
associative memory is described next. Given a set of M 2-D bipolar

(M)binary patterns or entities v m=1,2...M each of NxN elements rep-
ij

resented by a matrix of rank N, these can be stored in a manner that
is a direct extension of the 1-D case as follows: For each element of
a matrix a new NxN matrix is formed by multiplying the value of the
element by all elements of the matrix including itself taking the
self product as zero. The outcome is a new set of N2 binary bipolar
matrices each of rank N. A formal description of this operation is,

(m) .v(m) (M) (1).. = ( ii VkZ(i'" "

ijk 0 i=k, j=Z

which is a four dimensional matrix. An overall or composite svnapti:
or connectivity memory matrix is formed then by adding all 4-D

(m)matrices T ijkZ e

T = E T m )  (2)ijk ijk:.
m

This symmetric 4-D matrix has elementi-; tih t i- o:: ' ,, I'.'t-

to M also in steps of two as for the L-D ne ir i :itt i , in_ wn,'h
assume values of +1 and -1 (and zeros for the selif prodduct ,elments)
when the matrix is clipped or binarized as is usuadl\v referable for
optical implementations. Two dimensional unipo: r binary entities

b(Me)are frequently of practical importance. These -,in be transformed
*ij

mn)in the usual way into bipolar binary matrices through v =(2) i)"

which are then used to form the 4-D connectivity matrix ,r memory as
described. Also, as in the 1-D neural net case, the prompting entity

(in)can be unipolar binary b. , which would simplify further opticalij

* . . *
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implementations in incoherent light.
Architectures for optical implementation of 2-D neural nets

must contend with the task of realizing a 4-D memory matrix. Here
a scheme is presented that is based on the partitioning of the 4-D
memory matrix into an array of 2-D matrices of rank N.

Nearest neighbor search of the memory matrix for a given entity

b .) is done by forming the estimate,
Ij

h(mo) N (mo ) ....

k, T ijkZ b . .. i,j,k,Z = 1,2,...N (3)

followed by thresholding to obtain a new u.b. matrix which is used

to replace b ko in eq. (3) and the procedure is repeated until the

resulting matrix converges to the stored entity closest to the ini-

tiating matrix b mO) The operation in eq. (3) can be interpreted
ij

as first partitioning of the 4-D T ijk matrix into an array of 2-D

submatrices of rank N: TllkZ, T12kT,...,T1NkZ; T2 1k£, T 2 2 . .
T 2Nk; ... , Z' TN2kk,... T NNk as depicted schematically in Fig.

l(a) where the partition submatrices are arranged in a 2-D array.

This first step is followed by multiplication of b by each of the
kZ

partition submatrices, on an element by element basis, and summing

the products for each submatrix to obtain the first estimate (mo)

The tensor multiplications and summation operations called for in
eq. (3) are carried out in Fig. l(a) by placing a spatially inte-
grating photodetector (PD) behind each submatrix of the Dartitioned

(m(b)(a) Zb1  tgt+ ' ."" .,'i (b) '

SI NONUNER FEEOBACK
U0 ARRAY AMP

.

LZAR'.' "- "- SYNAPTIC MASI

MTUEi.f LENSLET (Tik MATRIX

rl. Tl * * COIMPIso ARRAY OVERLAYS PO ARRAYI

'TII -Tlllt • ll -. -T?11 4,"

T41Uj *
1'eaA *'"o*w t

Fig. 1. Optical analog of 2-D neural net. (a) Architecture based

on partitioning of connectivity matrix, (b) Opto-elec-

tronic embodiment.

11-3
.............................

: : : " ' ' " " " '' " ' '' ' i+ 'I " ' '" ' " "'" : ! : '- -
•

" ' : " :'":"'+ "" .' "-"*' . -*



memory mask which is assumed for the time being to be realized by
pixel transmittance modulation in an ideal transparency capable of
assuming negative transmittance values. The input entity bmo) is

assumed to be displayed on a suitable LED array. The LED display of

b (mo) is multiplied by the ideal transmittance of each of the parti-
3J

tion submatrices by imaging the display on each of these with exact
registration of pixels by means of a lenslet array as depicted in
Fig. l(b). The output of each PD, proportional to one of the com-

ponents of eq. 3, is thresholded, amplified, and fed back to drive
an associated LED. The (i,j)-th LED is paired with the (i,j)-th PD.
This completes the interconnection of the 2-D array of NxN neurons
in the above architecture where each neuron communicates its state
to all other neurons through a prescribed four dimensional synaptic
or memory matrix in which information about M 2-D binary matrices of
rank N (entities) have been stored distributively. The number of
2-D entities that can be stored in this fashion is M = N2 /8ZnN, which

follows directly from the storage capacity formula for the 1-D neural
net case by replacing N by N2 .

The added complexity associated with having to realize a bi-
polar transmittance in the partitioned Tijk£ memory mask of Fig. 1

can be avoided by using unipolar transmittance. This can lead how-
ever to some degradation in performance. A systematic numerical
simulation study 5 of a neural net CAM in which statistical evalua-
tion of the performance of the CAM for various types of memory masks
(multivalued, clipped ternary, clipped u.b.) and thresholding schemes
(zero threshold, adaptive threshold where energy of input vector is
used as threshold, adaptive thresholding and relaxation) was carried
out. The results indicate that a u.b. memory mask can be used with
virtually no sacrifice in CAM performance when the adaptive thresh-
olding and relaxation scheme is applied. The scheme assumes an
adaptive threshold is used that is proportional to the energy (total
light intensity) of the input entity displayed by the LED array at
any time. In the scheme of Fig. l(b) this can be realized by pro-
jecting an image of the input pattern directly onto an additional PD
element. The PD output being proportional to the total intensity of
the input display is used as a variable or adaptive threshold in a
comparator against which the outputs of the PD elements positioned
behind the partitioned components of the Tijkz memory mask are com-

pared. The outcomes, now bipolar, are attenuated and each is fed
into a limiting amplifier with delayed feedback (relaxation). Each
limiter/amplifier output is used to drive the LED that each photo-
detector is paired with. It was found 5 that this scheme yields per-
formance equivalent to that of an ideal CAM with multivalued connec-
tivity matrix and zero thresholding. Note that although the ini-

tializaing 2-D entity (mo) is unipolar binary, the entities fed

back after adaptive thresholding and limited amplification to drive
the LED array would initially be analog resulting in multivalued
iterates and intensity displays. However, after few iterations the

11-4



- -.- --

outputs become binary assuming the extreme values of the limiter. The
ability to use u.b. memory matrices in the fashion described means
that simple black and white photographic transparencies or binary
SLMs can be used respectively as stationary or programmable synaptic
connectivity masks as suggested .by Fig. 1.

SINOGRAM CLASSIFIERS AND HETEROASSOCIATIVE STORAGE

6,7
Sinograms are object representations encountered in tomography

They are also useful as object classifiers specially when the objects
are point-like and dilute 8 . Given a set of 2-D dilute objects the
Hamming distances between their sinogram classifiers will be greater
than the Hamming distances between the objects themselves, with both
sets digitized to the same number of pixels, making it easier for an
associative memory to distinguish between the sinograms8 . Sinogram
classifiers have additional advantages that enable scale, rotation,
and shift invariant recognition of radar target which can not be
detailed here because of limited space. A sinogram is a cartesian
plot of the polar projections of object detail. For example referring
to Fig. 2(a) which represents a dilute object consisting of 16 points
on a 32x32 pixel grid, the distance that the projection of each point
makes on the y axis as measured from the origin when the object is
rotated about the origin traces a sinusoidal pattern when plotted .'-

against rotation angle as shown in Fig. 2(b). Figure 2(c) is a

d dja~ 19 7 .....* . VPtNVVV'VxI

* . n
Ci

. spect angle 2pt 0.0 aspect angle 2pi

(a) (b) (c)

Fig. 2. Sinogram generation. (a) Sparse object, (b) Sinogram, (c)
Digitized sinogram, (d) Experimental sinogram generation in
radar by range-profile measurement.

digitized version of the sinogram of Fig. 2(b) plotted on i 32x32
pixel grid. The sinogram of a radar target is produced b%. measuring
the differential range or range-profile of the target employing the
arrangement of Fig. 2(d). The system basically measures, with high
resolution, the differential distance (differential range or range-
profile) from the rotation center of the projections of the scatter-
ing centers of the object (here scale models of aerospace targets)
on the line-of-sight or the radar system. Cartesian plots of the
differential distance of range-profile versus azimuthal angle of
rotation c results in a sinogram classifier or feature space of the
target which characterizes it at any fixed elevation angle ". The
top row of Fig. 3 shows three digitized sinogram classifiers of
scale models of three aerospace targets plotted on a 32x32 pixel

L



grid. These are treated as a learning set and stored hetero-associa-

tively rather than autoassociatively be replacing VkW in eq. (1) by

),2.. 32; m=l,2,3 where r(M represents abbreviated word

labels shown in the bottom row of Fig. 3 with which the three test
objects are to be associated.

lat. 41.mwmEflw

SCALE 1 AWAC SPACE SHUTTLE

_____SCALE 11001 SW 1/72 ' SCALE 1/72

. ap*ct WOl 04O aspect I o s.4 a. c a * IMC a H

LEL I LBL LABEL 3

Fig. 3. Hetero-associative storage. Digitized sinograms (top) and
associated word labels (bottom).

RESULTS

Representative results of numerical simulation of exercising the
heteroassociative memory matrix with complete and partial versions of
one of the stored entities in which the fraction n of correct bits or
pixels in the partial versions ranged between 1 and .1 are presented
in Fig. 4. Reliable recognition was found to occur following one itera-
tion for all entities stored down to n = .2. For q = .1 or less success-
ful recall of correct labels was found to depend on the angular location
of the partial data the memory is presented witi: as illustrated in the two

1- 1002 7' 601 17- 20% 7- 101 77 101

asta 3 at daaI l I lata 3

Lj hL

j" . ....... ................ ...
, .. . ..

0.4 as ect "IQ iO *.0 spect "is" e.0 aspect angle #-# &P oet uit ,., a spet .1 a"

Fig. 4. Example of recognition from partial information. Complete

and partial sinograms of data set 3 used as input (top), and
final memory state-recognized label (bottom).
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right-most examples in Fig. 4. Here the memory could not label the
partial input correctly but converged instead onto a label that it
did not learn before. This appears to be a generalization (mixture)
of the three entities stored earlier. This is quite analogous to the
generalization capability of the brain. Note the generalization is
contrast reversed as we know that stable states of a memory with ."

symmetric connectivity matrix are not only the entities stored but
also their compliments.

CONCLUSIONS

Architectures for optical implementation of 2-D neural nets
based on partitioning of the 4-D connectivity matrix are shown to be
suitable for use with 2-D object classifiers or feature spaces. An
example of their utility in super-resolved recognition (labeling) of
radar targets characterized by sinogram classifiers is presented.
The results show that neural net models and their opto-electronic
analogs furnish a new viable approach to signal processing that is
both robust and fault tolerant.
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APPENDIX III

Phased Array Antenna Pattern Synthesis

B'y Simulated Annealins

N. Farhat and B. Bai
University of Pennsylvania %

The Moore School of Electrical Ensineeirs
Electro-Optics And Microwave Optics Laboratory

Philadelphia. PA 19104

A.ST RACT" A new Procedure is described f or oPtir )UjI Phasen arra y

s /,n tnesis. The sYnthesis is o-tii iZed by a sim ulated art r-,eal1n, s

=. ocess in . hiCh the enersv Functior, 1 0iectlz related to the far

-- 1.' l,-te ns 1ty o' a Pnased arrai. rumerical i' 2i 't es s(j.j

*-.-esenrted. A possi 1 e optical-disital h ori , .3impiemei-tatior t-at c' C-

Per Porm the required computation at hisher speed than a Pure ,isitai

implementation is discussed.

NTRODUCTION

-- S: s t-thesis o an ar tenr, a ar'ray w 1th Art 1'i or, V Sl R : e,'

• ,, restrlcted, a Dol,-h-Cheb vsheu distriDLitior) t-cti 1u 011 0 er' e r e

anterna sikes rise to an oPtimiTUil Pattern whicn has the lowest sidelooe

o m ai s Cl ed a eam w. th l]. 1o-1eet. 1 o e i r the , rosC

.- estr1cted to some specaic set, other methons haue to oe I -l( stie atsm

a nd used For optimum synthesis. The simulated an r, eal inS metho,

presented here is, by our study, one of the choices for optimum.-

synthesis of Phased arrays with restricted distribution FunctIos."-'

The synthesis is optimal in the sense that the lowest sidelobe lelel

is achieved while the specified mainbeam width is maintained. This .

-etio- can be u.sed o r both microa .1e Phased ar rays and otica2

*- . --, * -" . ' -" - " '---" "" ".< -.--• . - -.- •-
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arrays. In our study so far, we have been mainly concerned with

optical arrays, which appear to be technolosically feasible with the ,. .,

Present electronic and optical technolosies. Hence, the Parameters

assumed in the simulations below are relevant to the optical case, but

the tethod and conclusion apply to Phased arrays in seneral.

2.SIMULATED ANNEALING METHOD

MetroPolis et al. introduced the simulated arnnealins alsorithm For

calculatins the Properties of arv substance of interactlns indiwi,]uai

,o ecu esE. The alorithm W as Pre u iousl aP l ed to some ....

aoptitization Problems, incl'Adiris Phvsica I desisr, oF computers, and the

travelins salesmn Problem[3]. The method can be extended For seneral

optimization Problets. For the system to be optimized, an "enersy"

Function E is first established and a dynamic uariable T, the

"temperature' of the system, is chosen to control the Process.

Startiran at a 11sh "ter.perat .re" the system, i5 s o w " cooled 1o-.. 1
,ntl: t e s vs t em " ree es" ar ,, reacnes the OPt:ITUITI StaTe i a ma1. Ee1

s_,miiar to annealiris of a crystal dlirirs srowtn to reach a - ear ..

mer+Pect structure. At each "temPerature", a chanse in the svstem is

,.,ace accur,'il-ns to a certain rule, an3 ther, the "erers-." charse t tIe

s:a t cab? sulat . A -_ t, -s 3 ?r :I - s

and the Process is continued. The acceptarce or rejection oF the

alteration or chanse oF srain of the system when 4E>O is treated

Probabilistically. Accordinsly, the Boltzman factor f(&E)=exp(-AE/KT)

is calculated, where K is a constant whose dimension depends on the

dimensions of AE and T. Then a random number R uniformly distributed

in the intervial [O,1) is chosen. IF R<f(E), the chanse of srain is

111-2
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retained; on the other hand, if R>f(AE), the chanse is discarded,

that is, the system before chanse is used For the next step of the

Process. This Procedure is repeated For each "temperature" until the

system is optimized to reach a slobal eners minimum. The choices of

K and the initial T are crucial for the success and speed of

n;jnversence oF simulated annealins Process. Because of the

Probabilistic 2oltzman selection rule of the 6E>) case, the Process

ca)) alI wa'ys set out oF a local minimum of the "enersy'" Function in

.;hlch it could set trapped ard, Proceed to the desired slobal linIll -1 il.

, 1 5 ,la es SI u late d anneal ins diFFerent From itera i-*.le ipro ement

Procedure3-[J-163.

3.ANALYTICAL CONSIDERATIONS

For a 2-dimensional Phased array with (ZM+1) (2N+l) identical

subapert ires(elements), the array functior, car, be expressed as [7,

where, A is the .eacins between elements in direction and B- in .

,i i e t  ron, ; m is a complex quantit,;y and represents the aiypl1itude

.., 0'j ,.o -R~t~ ; 1 ,0n the;1,, t su.ibapert,_re, t< , 5 "

iiu-)ja rert.re u)nct ion', ar, d is the same -For al I the subapertures t, e

symbol "*' stands for convolution.

The scalarized far field Pattern G(fx,fy') of a Phased array is

Proportional to the Fourier transform (Fraunhofer Pattern) of its

array Function s(,J)[7]. Therefore, if the Proportionality constant

is isnored, the Far Field can be exeressed as,

111-3



pJ)]

- ___ -("

-here, -[-I des isnates Fourier transform and fx=A.-- Ind = A.

is the 14. .) elensth; x, v,and ,O are shown in' the di Fractior, seometry

in F 1.. We assume a uniform subaperture function, that 1s, -5

here, a ari b are the s.naperture dimei5)ons in ar-. 11

respect ivel Y. The Fourier tran s~orm of t( ,J (the subaperture

factor) is,

The double summoation term in (Z"

is the usual array factor.

Since T(fx,fy) is fixed for the aiven subaperture function and it

varies much more slowly than the array factor, the effect of the

subaperture factor is insisnificant in the Present synthesis. The

array factor A(fx,fy) will be studied by chansins the weightins factor

1I-4
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W 1A for all possible m and n to achieve the optimum radiation pattern.

7% k.

The "eners'/" function in simualted annealins can be established in

man,/ different ways for phased array synthesis. Since our Primary

worK is done For optical and infrared Phased arrays and this ,i nd of

arrayvs has a relatively larse size compared to the waauelensth X used

(X on th order of 10- 6 m) the beam width is very small (on the order

o 47 16 2  esrees). It is important to achieve the lowest sidelobe

-eteel . For this Purpose, one obvious W ay to choose t iie eners,"

J c'ctIor, fo r Phased array synthesis woutld be the enersy outsie a

speciFied main lobe. When this enersy functior is miritizeI, iF the

total enersy remains constant, it could be expected that the enersy

would become concentrated in the main beam. Consequentely, the

relative sidelobe level could be minimized. But, from simulations

that we have run, it turns out that this energy f .nction cannot

.iil1:Ze t he sidelobe !euel . This is unoerstandable, iF o, e r-ca a

"-e pattern -i,,en D the Doip -Chetysnev ,dist' ibu.ton, tat in5ea: 2

con ce ntratirns in'1 the main beam, the enersg has the ten,,enc ' to

distribute itself equally amons all the side lobes as the sidelobe

t . m i 2ti-eJ. Tiis does not mean that the ener sv inr, the s ie

... 1 " 1 .T1Z1 e. Ini the simulati or reseI-tc !%ere , t.'e intens i -. -

associated with the hishest sidelobe level is used as the "enersy"

function for simulated annealins. Of course, if necessary, a
* constraint about the beamwidth could be included in the 'enersy"

-Function. When the "enersy" is minimized, the relative sidelobe level

is now also minimized. The beamwidth at the final run will be talen 'J

as the "specified" beamwidth with the final W1.,n weishts. The
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relationship of beamwidth and sidelobe level is then optimum in the

sense of Dolph-Chebyshev, that is, the sidelobe level is the lowest

for the siven beamwidth.

4.SIMULATIMN

Sirce the simulated annealing process is the same for a 2-dimensional

array as for a 1-dimensional array and considering the limited-

computation Power of the MICRO PDP-11 c omP uter awallable in ourr

SImUlati oil a 1-d imensional array is us e d 1 in our st' Ad z. The

-, dinen5 ional array is also assumed to be a cont iuous one i.,m th man,

desired Pixels. Each oF the Pixels acts as a subaperture. The

simulation starts with a uniform distribution (all subapertures with 1

or -1). The far field Pattern is shown in Fis.2 (a) for this uniform

distribuwtion case. The distribution Function is restricted to the set

1 -1? which mears real transmittance with binary Phase (phsse=O or

I : t o1,.at Ia n. lje, s imujated aln neal ng is carre r out e 0 y 1.j'A v

1'? a-i l' t:'e sian of' eazh subaPe , rture i- tr, calcijat irs t',9

S rntensitv of' the hishest sidelobe and apl Yins the alsorithm For each

chanse. The final optimum result is siven in Fis.2 (b). This

S.m1',.u at ion i s ,ole or an arraY *o' 41 subapertures. "he iubapert.,re

Iz e :1 JSSLITIe'] to 9 eaua 1 to t e s acmn1 1 1et.)een uDoa er.ers an0,

is taken to be 6LX (fisure relevant for optical arrays). The element

distribution function that sives the final optimum result is shown in

table 1. This function sives optimum Pattern only for broad side

direction (=0). LiKe the Dolph-Chebvshev oPtimum function, the

optimum function siven by simulated annelins is different for

different steerins ansles, but an optimal weight can be computed for
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each steerins ansle. From the simulation result, it is seen that the

Far Field pattern has similar features to the Pattern siven by the

Dolph-Chebyshev distribution function. In the Dolph-Cheb 'she"

Pattern, all the side lobes have the same level For a specified t-2

bhearnwidth . A numerical example in Cl] shows an 8-ele ent array

(e I e m e r t separation d=().5- ) w i t h 25.8- d 6 s i d e l o b e I e v e l a n d

40:).8 beamwdth. The optimum Pattern siven by ouy r sI.ulation shows

nearly equa level side lobes which are minimized for the siven

o3 e a mw dth .

S. .DISCUSSI ON

Simulated annealins is a modification of the iterative improvement

alsorithm[4j. It is Physically more meaninsful and can be computed

more systematically than the iterative improvement[4]. Physically,

-. simulated annealins Process is analosous to the coolins of atoms in

c--t_, 3 o,1-it.-" cae'.ul anneal iris P'o,.,uces ,eFect- 'ee crvstl.

-o-i9 a-.a:-a 1, - .tces a , e eCt 1e ccrsta or sass1 S2. -L3

P-odab ii3tic treatment with the Probabilit F .r, uct ior,

P(O)=ex;(-4.Z/KT) Provides a way to accept the unfavorable chanses and

* . .,iuch es ? to comPute. rc t our si mulst ion, t ias he er -ou',

perPormance than the iterative improvement alsorithm.

Since simulated annealins is a modified iterative improvement

Process, it takes a relatively ions time to do an optimization Problem

Just as iterative improvement does in a computer calculation. The

Phased array synthesis in our simulation runs for one hour or so for

111-7



an array of 41 elements on a MICRO PDP-11 computer. Findins anu

efficient scheme to reduce the excessive amounts of computer time on

most optimum problems has always been of concern[5][8]. Otherwise, if

enoush computation Power is available iterative improvement can be run

From rardom starts for many times to approach the optimum state. Fast

opto-disital comPutinS schemes simi lar to those described in[9] [ may

also be considered for Phased array synthesis by simulated annealins.

t is understood that the far F1-ld is the Fourier transform of the

ar-a' distribution fur ction. An optical lens car be used for

co, 1.t in the Fourie r transform as the distribution Function is

irputed to the front Focal Plane of the lens via, for example, an

appropriate compuer driven spatial lisht modulator (SLM). The Fourier

transform in the bacK focal Plane can be recorded and fed to the

computer/controller to mahe the simualted annealins decision. The

outcome is fedbacK to the SLM to chanse the distribution functior, in

the -rort focal Plane. Thi1s 'rocess can .e repeated ;or eoer>. 5tep it,

si .u Iate,. a ;eal Is. The h v ri d opto-dalital scie')e a d )o t "e

o,.rier trar, s for,, instantly. In this fashion the comPutat1or, time

associated with the Fourier transform can be virtually eliminated

assuffine a hlsh sPeed SLM :rrd computer i n-te r-_ace are ut i 1 ize .

," 0 - '? C T,- 07 i' C o f: i r_ i ta c 11 1 n- e =-i Bc, e e a,' t I i7 e* T7 I'5 i I,I: '

has also been Proposed earlier in [9]. Also, a Cauch'/ probability

selection rule, instead of the Boltzman selection rule, can be used to

speed up the whole annealins Process further[8). As claimed in [8],

the computational savins of simulated annealins with Cauchy

Probability selection when comparied with the one with Boltzman

selection is similar to that FFT comparied with DFT.
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Simulated Annealing Synthesis

0(db)

I -13.3(db)

(a) mainbeam width: 4.58E-2(degree)
view range: 1-0.004, 0.004]

Simulated Annealing Synthesis

0(db)

-17.9(db) -17.9(db)

Ij
(b) mainbeam width:5.5E-2 (degree)

view range:[-0.004,0.OO 4I
'of elements: 2*20+1=41

Fig. 2. simulated annealing result (a) for the uniform distribution

(b) the simulated annealing result



rr , - - - r 7r'rrr4 r.. - -.. ~- .- ~.*.- -.- --- - -

4.

p

r- -

~o -~

C

- E

C

.7

-- 4 '4
0

o -
w

- -
I 00

~N - .7

C
0

-.7 -4 -

4'

'C - C
C

- I

.0

K: C

C

- 4'

.7
- .0

- I

-4 -4

04
-.7 - -4
- .0

p

E

.1



- - - - . - ~~w; u-. -: -

p...

.1

- i.

L

4.

p


