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ABSTRACT

Neural net models and their analogs present a new approcach to signal
prccessing 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 prcblems like those encountered for example in optimization,
nearest neighbor search, inverse scattering in a matter of a few time-
constants of the processing elements. 1In 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 (erronecus 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
pericds.

In this report we describe progress during the past year in our study
~f optical computing based on the Hopfield model of neural networks and
2ther similar models., Optical implementations are of interest because they
furnish the parallelism and massive jinterconnectivity required in

implementing neuril rnet models., At the same time neural net mcdels provide
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optics with robustness, fault tolerance, and the power of nonlinear
feedback.

To gain insight in the ultimate utility of analsg neural net processing
as opposed to conventicnal analog or digital processing we have also
addressed the question of applications by chocsing 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 Imnaging
Facility and (b) the optimization of radiation patterns of phased array
antennas.

The work described encompasses a general survey ~f assessment of the
field, study of methods for further simplification of optical
implementations <f content addressable associative memory without sacrifice
in perfeormance, 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 »f neural net
m~dels and their »2ptical analoags 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, [1]1-[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 recogniticn, artificial
intelligence and autonomeous systems. An interesting aspect of its ability
in processing sensory data is the ease with which it sclves computationally
ccmplex problems associated for example with visiosn that are basically
inverse problems [10]. These are computationally vexing because of their
ill-pesecness [11], The brain's associative memory capabilities where
nearest neighbor searches are performed successfully even when the
informatizn it is presented with is sketchy are evidence cf its remarkable
robustness where high levels of missing or erroneous data in the input can
be taolerated. The 3bility »f the brain to supplement missing information
has exciting implicati~ns for super-resolution and other similar problems of
signal reccvery from incomplete and noisy data [(11],{12]. The capabilities
~f the brain in rapid solution of optimizatiosn preblems [13] are also well

appreciated. Add to the above that the brain is amazingly fault tolerant as
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its (cells or neurons), unlike cells in cther parts »f the body, are not .
renewable., Yet, despite loss of a ncn-negligible number of cells by the

time one ~f us reaches the age of 50 we continue to function normally. We
know s2mething about how the brain preocesses information, We knew that it o
dces that in parallel or more precisely collectively by means of massively

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

3 4

neursns in the brain, each making about 10°- 10 synaptic interconnections

. . . 1 1 . . -
Wwith neighboring neurons faor a total of 10 3 to 10 E interconnections., Even .
when we assume the neuron to take only two states: firing or not firing
i.e., binary neurcn, the tctal number of degrees of freedom of the the brain

15
. . 1 .
is truly astronomical reaching 2 0 . Each neuron independently evaluates

its state and decides to change it or ncot depending on whether the sum of
its synaptic (exitatory and inhibitory) inputs exceeds a given threshold or
nct performing thus a highly nonlinear (logic) operation.

Massive connectivity and parallelism are the two main attributes of
optics. Optics can therefcre play an impertant role in the implementation
~f models »f neural nets for computing and signal processing. Besides
develcpments in prcogrammable nonvolatile spatial light modulators (147,
2 ical light amplifiers [15]), and optical bistability devices T16] promise
t2 play a useful role In the implementations of programmable connectivity
matrices, and optical decisi~n making elements leading ultimately to
cowerful neural net type processars.,

The above ~bservatizns have served 1s meotlvatizsn for several workers

T175-031]1 t~2 investigate the feasi®ility and capabilities <f optical
implementaticns ~f neural nets., Optical implementations =f 1-D and Z-D
dlstributions =f neursns (neural nets) have been considered and/or studied s
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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 ccmplete and correct
recall of the nearest neighbor stored entity. Furthermore, accidental
failure of about 10% of the neurons hardly caused noticable degradation in
perfecrmance. 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 neighbcr search performed in the above systems can be carried out by
mcre 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 observatinns: (a) Neural nets and their mcdels provide us with a
new way »f viewing signal processing and computing problems that may lead to
snliuti~sns and applications not thought of otherwise in a manner very much
reminiscent t2 what happened with the advent of holography several decades
ag”. {5} The brain and its neural 2rganization are the results of a
pr2olzsnged evzlutionary process in which only those permutations that
enhanced trne survivability, and by implication the function, »f the organism
have been retained and all sther permutations have been discarded through
"survival ~2f the fittest" process. The result is a biolnogical "computer"

that has, as p2inted out earlier, no equal at present among artificial




systems when 1t comes to tasks of recognitiosn, classification,
categorization, generalization, recognition, and o2ptimizatison., It is not
surprising therefore to see the current interest in brain mechanisms in the
artificial intelligence, cognitive science, and pattern recognitinsn
communities. Even early researchers in computer science were concerned witn
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 cemputation would have been technologically and economically nct
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 tc 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
functisns that would be worth incerpcrating in man made systems. Optical
anal»ogs of neural nets can be a useful tool in gaining such insights and as
a way ~f ultimately simulting neural nets consisting of thousands to
milli2ns ~f elements. (c) Information processing in the brain can be
~haracterized as collective, adaptive, highly nonlinear, and relying heavily
on feedback. We know that all these are attributes »f powerful signal
processing algorithms., What iIs amazing is that these capabilities are
achieved In networks that appear to be homogenescus in their general
structure i,e,, 2nly a few different types of neurcns (cells) are involved
and the process followed by most neuroans is macroscopically similar in the
sense that each neurcn receives inputs from nother neighb2ring neuron and

decides t2 change its state or not depending 2n the nature 2f the inputs and
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the synaptic weights they make with the neuron where memory is stcred. 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 extracticn
from senscry data [4],(36], in the formation of associative memory modules
tuned to respond to specific features of the sensory data, [37]-[41]) and for
recognition and perception "circuits" of the brain. This is a tremendous
flexibility that is achieved with little apparent specific design unlike
conventisnal 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 memcry based on neural net models the functinsn =f
mem2r . 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
micr<fabricaticn, and optical technologies promise to make it pessible to
fzoricaite large numbers of massively interconnected decision making
3wit2hing olements Wwith 12w power consumption., Neural net models and
iranite2tures 2an provide such structures {(possibly in the form of opto-
—lentronl o 2nlpgt With the robustness and the {ault-tolerance badly needed
LoV LID w alleviate the central problem of yield, Imperfect chips may 1o

Ionger Te regarded s rejects but o zan find use in oartificial neural net

croceanTrs oo 3, .= Architesctures and Jptizal implementatizns »f 2-
Torenral et oarangemsntso2an provide rontent addressable asscolitive memory
TooTaLen o otnat oares ourte i foroase with 2-D opictorial datis In opractize such
, TUriar Uit WTult e an o the fopm o 2f distortionlioss degoriptors, So3l,
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rotation, and size invariant classifiers or feature spaces) derived from
sensoary array data generated for example by electromagnetic or acoustic
{including seismic and sonar) receiver arrays. Associative memory medules
can tell us then rapidly, in a matter of a few time constants of the neuron-
like elements used, whizch member of an ensemble of input descripteors is
recognized by the memory even when the descriptor information it 1is
cresented with happens to be incomplete »r sketchy. Recognition of an input
is manifested by the neural net converging and settling into one »f its
nomiral states corresponding to that stored entity which most resembles the
input, It is clear that this cperaticn by itself may not be useful unless
some means for identifying or recognizing the outcome of the nearest

ieighbor search is incorporated. This suggests, in the absence 2f such

™

"recognizer" that autn-assccliative memcries may be useful as buildin
*

b

c2k53 of more c¢omplex processors in which higher order hierarchical
srocessing “iakes place, in a manner not yet fully understocd. Such
processing Wwould have the aim of first reducing the information content =f
“re signals flowing concurrently thrcough such a network of associative CAMs
ind then fusing thelr ocutcomes into 3 single meaningful z2oncept 2r
n bizinginal systems, such perceptizon is thought t2 be
steiited Wwitn 1 preseribved trace =f neural activity »r spatis-temporal
firing pattern Iin the 22rtex. Associative memory medules by themselves
.

N, mep e 3o
ST mIre meaningl

U wnen used in a hetero-ass~ccoiative made where the

Learning set 2f desoriptors or classifiers is net stored by zutz-asscceiatizon

Tt Dy Megwrc-azonoiztion with reforence entitios what are more ozsy 599
reccgrioe LLe,, reforence entities that are compatible with the M"recoognizer”
sucn 13 wWord Libels Tropicteorial representaticns in the 2ase ~f 2 human
chgoryer oro 2ot analsg oor digitial cfutputs sultable foroactivating motar
-1 Q_
) 3 L A X A ey A iy e L .




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 s
‘% 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]. i

2. RESEARCH ACCOMPLISHMENTS
Neural net models and their optical analogs provide a new approach t» -
signal processing. The aim of our research activity during the peri~zd of
b this report was therefore to study and assess the capability »f neural net vh
processing in actual challenging applications where they are expected tc be
most useful such as automated recognition. To this aim we have alsc paid
attention to the question of optical implementation of large neural nets of '1
the type we expect is needed in smart sensing and autcmated recognitizn
applications. Therefore ou. -~esearch efforts during the preceeding perind 2;
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 »f

L

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

:: thresholding where the threshcld is propertional to the energy of -
:{ the initiating and iterated input, adaptive thresholding and .j
A -
b relaxation where the neuron is influenced by its previous state - V-

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

4
3-10 ) elements. The results 2f this

dense neural nets of ~(10
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 »f scale meodels of three
aern~space targets emplecying sincgram representatisns »r feature
spaces ~f these targets produced employing a unique micrswave
measurement faclility is described in some detail. GSuper-resclved f?
reccgnition employing partial information (>20%) of the sinogram

data <f the three test objects and making use of a hetern-

associative memory whose ocutput at the completisn 2f a successful
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(d)

search 1s a label of the corresponding recognized object 1is
demonstrated., The use <f realistic data in this work is impeortant
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 analoags. The results presented in
Appendix II exhibit also a certain degree of generalization when
the memory output is a componsite 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
t> conventional signal processing schemes and architectures based
on a highly organized modular apprcach.

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
Tijkl and nonlinear electronic feedback 1nops from an output
monitoring photodetector array paired with an LED array at the
input.

C2llective processing is recognized to be an effective tool in the
s2lutisn of combinatorial problems. Both neural net based
algeorithms and similar simulated annealing algorithms are
applicable. We have initiated a study of this important area by

ccnsidering the novel problem of synthesizing an optimal radiatizn
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pattern cf 31 phased array antenna by simulated annealing. The

ts »f this study are detailed in Appendix III. The results

[

resu
snow thit 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 (opte-digital or opto-electronic) schemes can

play 3 role here. Their applicability is being investigated.

3. ZONCLUDING REMARKS

At this stage <f their early devel2pment 2ne can only venture tc¢ say
that neural net models ~ffer 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 2n their part
pr-vide the robustness, fau%t tolerance, and the power of nonlinear
processing and feedback that are generally lacking in optical processing.
The combinatisn results in systems that can no longer be characterized by
the usual measures of convolution and impulse response (variant cr
invariant) because superpositinon no longer applies but may have to be
characterized instead by stable states or modes in the N-dimensi~nal phase-
space of an N-neuron network, Optical analoags =f even highly simplified
mndels ~f neural nets exhibit a high degree of robustness and fi3ult-
tolerance, and can be implemented as content addressable assnciative
memories for use in computers and in smart sensing and automated recognition
systems, 2r as networks for rapid collective solutisan of ccmputatisnally

complex tasks encountered in optimizatinon, visizon, and inverse problems,
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They may also provide a tool for the study of nonlinear dynamics, chaos, and

even prove tc 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
Implementation of 2-D Content Addressable Memories", Digest 0SA
Annual Meeting, Wash. D.C., p. 58, 1985.

2. K.S. Lee and N.H. Farhat, "Content Addressable Memory with Smoocth
Transiticn and Adaptive Thresholding", Digest O0SA 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,

u, 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)

7. N. Farhat and S. Miyahara, "Super-resoluticon and Signal Recovery
Using Models <f Neural Networks", Technical Digest, Spring 86 0SA .
T2pical 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 T

Conference, Snowbird, Utah, 1986,
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APPENDIX I

COMTEMT ADDRESSABLE MEMORY WITH SMOOTH TRASITION
AND RDEPTIVE THREESHOLDIMG

kbang =, Lee and Mabi1l H. Farhat
University of Fernnzvlwania

The Electro-Optics and Microwmave—-Optics Laborator:

200 5, 33rd ztrest
Frilasdelphia, P& 13104

ABSTR&CT @ The uze of  unipolar binarwe  rask gnd adaptive
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zmoath threshoelding 1n optical amplementztions  of  nesural

are to combine the better performance of rmulti-level
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masks and eacse of realization.
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HBSTRACT @ The use  of unipaol

ar
oprtical 1

Binarwy

mack = snd adsptyoe

oo th threszsholdinag 1n mplementatianz  of  negral
nets appesrs to combine the bettar performance of mulrtilessl
masksz and ease of realizatian, f
1. IWTRODUCTION -
F ODptical amplementsion of  the Hopfi1eld model of  neural
:{ nets may  offer advantages over micro-electyonic IMplemsntarions ';5
F becauze of the 1nherent parallelizm of opti1c3l processing "
5 and the relative e3ge wWith which massive 1nterconnectiovgtu e
&f can be realized, As the number of stored patterns or Sntities o
t; 1ncreases.,  the elements of  the memor: oY ZUNADTIC matry ..
will zzsume values e2xtending ouver 3 wider vanae. This means: '
3 w1der range of  gJrew lewvels 1n the aoptical mask 13 reauired,
For ease of optical amplementalon, quantization  1nts 3 bipolar
Zinare (BEY masgsk  or  even i1ntoe 3 wunipalar banz o UEY rmsw -
would  be  decirable. In  this papsr we examine  Tre yze oF
UE mazks with 3sdaptiwve thresholding and &  zmooth oy 3raced .
"asuyon'  responze 1n the feed-back loop. Fov  rme VB -ozz. '
3 rnon-zer: thresholding walue muzt be  3doprec. 21T Is TTe
A1 en tnfarmation 1N the ifnpuyt tectoar s 1S Ccontxlnel 17 D1t :
of feros 3and gnes., one half of fhe  1nput wectory enevy 3 DL IESzt:
1tzel® 3z 3 possible sharp thrzeholdina lecel.  w—: 23crk 1tev3tiocn :
proceeds, the wel1ghred prolection af the Turvyent 1 ter 3
1z 3pplied ro 3an adaptive zrarp thrvesholding unit. TRe vezolt _
rnedgative, Tero, oY poIit1ios naluesz  deperdirna arn me e .
the  prolection 13 =mmaller. equsl. oo Iregtey  than wre rnalr -
the 1nput  energu 13 rmsltiplied  bo rela ztror pavameter, AL
of walue less than  cone., then cCombinsd wlts the ores1oyz 1terats .t
and 13z faimalle limited to [0,07. Im otk z ze e vezlize
3 zmooth  trgnsitian of  states fary  the neuvsl net. The zmooth .
- |
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transition method 12 3lzo

uzed n solwing  sustems  of  linesr

h{
0
[
ut
-t
[N
3
V
n

di19qrtal  si1mulation are presented far 3 32 neuran Sz tem.,
Thezz are shown, 3T f3ar as Storsle Zapacity 3nd SrYroy covrsctiaon

are concerned.  fto  compare  faworable with perfoYmance of 3
rmolti-vwalued rmack Wwherese  merely shiarp thresholding 1S sed.

Freliminar expesriment 3l resylt: cbtzined NS o 3 modified

it

T2l an of 3 previogsly ropor ted =

i

g neuron optlcal nenacre

3lso gi1uven.

ue
~
4]

S, COPTICHL IMPLEMEMTWION OF COMTEMT «DDRESSSEBLE
MEMOR v (CEMy USIRG & BIPOLAR BIMARY MesSk

ag
u
1l
m
v

ceverzl scrames for opticsl 1mplementzion of ER A

L]
[Ny
()

il the Hopfisld model (13 and  other zimilar models 12

()

32 oeen deccribed earlievr [(4]1-[77. I one  aof the implement -
1onms Els arvan of li13ahrt emitting diodes P LED s 13 nsed o :i:;
reovezent the  logic slements oY nEurans af  the  roetaark ., ca
Trziry  ztate dom or  off) Zan represent unlpalar Einave cectors
trar o ave srtorved in the  memorwy matyil . le emploring the gszusl :
ztava3e vecipe  [1]. Global 1nter-connection of the slements e

132 rexirzsd 3¢ hon 1N Fi13. 1i 30 rhyougob Lt ygditian of Tl
nenlinear fecdback cthresholding, aAz1n, and  feedback o

] 1wk oh .. .

3 Zireerntionsl oprtical o vectov-matryr: multiplier (2 |
*re  3rvaze  of  LEDs  vepresents  the  inmput vectar snd 3n arr s
¢ cresadiodez o FOO 132 used to detect the  cutput o wector, .
The RPN grv3e  gutgut 1= threspmoldesd snd fed bsck oan pavallel

“x drice the Zorrvresponding elements of the LED arvaoe, Multi-

pitzation  of the 1nput cectov bo The T11 M3ty : 13 schieved )
o movizintal  amzging 3nd certical  smeavaing of  the  1nput -

R -1l S thar 13 displavead be  the LELs on the oplane of the e
-

LUEELES Thi s 1mplemented («3N NEELE ot 3r N Moo

"
—
"

iemnz =ostem omptted from Fia., lira for zimplicite.  HozECond
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amamovphlic lems  swstem (310 nat  s=howns 1s used  to collect
the liafkt emeraging from esch row of the qu mazk an 1mdioldusl
photo-si1tes of rthe PO oarrau, Im  this scheme = bipolsy T11
Mmarris 1= realized 1n incoherent  light by divicing each ro@
of the T matrix 1n tae subrowse, one  for  positive 3nd one
far nega;1ue vwslues and bringina  the  light  emevyainag from
£3ch subrow to focus  on twoe  3dilscent  phota-sites of tme S0
arrazv thart are 2lectricalle connected in oppozition 35 deploted

1t}

in Fi3., 1. In the term shown 1n Fi1g. 1, feedback 1= zchievsd

ey electronmic wiring., It 12 po=zsible and prefersble to dizpose
of electramic wiring altogether  and replsce 1t wath opticsl
fesdback ., This= can be achieved buv combining the PL and LED

arrave 1m0 3 s1nm3le huebrid  or  monolithic  structure that can

3lzo be made to contzanm 311 IO

or threshtolding, amplifizstion,

f
1 feedbsck becomes even move
i

and drivaing of  LEDs. dptics =

Irrracrive when e consider that grravs of nanlinear apticy
light  amplifiers wiith internsl feedbszck [21 or wopticsl ba-
tability devices (O0OBDs: [Ll0) ecan bBe wuszsa to rveplace  the

FO-LED 3rrawv. ThHi=z can 1=ad to simple  cCompact LA structure

that  mav be 1nterconnecred to  perfaorm move  sophisticated
CofmpuUtatlions than the nearect el anbor sesvch  pevfarmed Do
3 z1n3le CHtt,

The detszil snd opersticen of 3 simple ooticsl o fosteEm
zimulating 3 network  of  RM=3Z nmeuvans that 13T 03 oIriatlion
ofr trhe zcheme prezented 1m Fia. l hgsz bDeern reported in (T3,
Here we reore brisefly detsils of this cuwztam that are rvrelesuznt
ta the subiect matter of tmls paper,

The svetems, de2ftz1lz of which  are  3rven an Fiags, 3-3,
iz oconztruycted wthoan mvrse o of X2 LEDs snd v multicnannel
z=1licon P00 3rvaes, e23ch  consistin3 of 320 elements, Tince
2z many FO oelementsz than LEDs  3re nesded 1n ovder ta amplsment
3 bipcolary memore mask transmrttance 1N incoherent  li1ght an
sccavrdance to the  =chemes  of  Fig,  lobo, Ire thas szhems 3
Sipalar  bansre bk Tl mask w3z uwtilized, The razk wiss
prepsred  for M=Z bBingro ztate  vector:s, The three nectaors
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dnce an 1nput

on the  composing bBo
= s1nale switceh
aperation with  the

The final state o
g o 1terations di
box simultansouslye,

exsrcising of the <u
stimulus behavior.,

distance fram each

on the displav box,
slectronic feedback
of the amolifiers,
SPEYATION WaS  not
response time was oh
The abowve 1mp
model for neur sl
2f twy  neurons 1n
zcheme the opresen:
require the uze of

in Cv"n:ntt:vvjeft:u'Tv'lY'E

reszlize the bapols
ili1ant,

The rezults o
of the LCAM descra
shag thst the TS
SYrovy Corvection o

1

cbvlous that Il

vectar iz <cselected 1t ap

arz dizplaved

[ (]

% and on the 1nput  LED bBeoex zaimultsnecoslo,

then tHY Otan to Foleasze the svstem 1nNto

1

composzed  vector 3

. the 1ni1ti1sli1zimg vectar.

ter

]
w
4

f the SUE e, the  outpdt, ICpestre
splaved on the 1nput LED arvyaze and displaw

The sbove procedure prowides faor convenlent

n

tem 1n arder to s tudy 1fs Yezspohce vz,

Aan 1nput vector 1s composed and 1te Hamming

of the nominal state wvectors stored in
ed., The wector 13z thern used to 1nitialize
abowe., The ocutput wectar, repyesenting

f the CAM which appears 3lmost 1mmediatsle
1= evamined, The respanze time of the
channels, 3z determined by the 3 4B roll-off

as  about w2 milliseconde, Zpesed of the
an 1s3ue  1n this study, and thus the =laow

csen ta faci1litate the experiment,

lementation of CAM based  on the Hopfield

nets indicate the opto-slectronic snzlaq
synaptic contact  shown 1n Fia. 7. In *r1cz
ot both excitatory and 1nhlbltor sonAapses

tal1ce the number of negrons 1mplementad

and Yol of the opticsl rmazbk 1n avdery o

s 1haterconne”tlion martri - L Voo obhEyen
f e:ercising and evaluszting the cerrtarmance
bed sboe  were prezentesd 1n 7). Treze
term 1S zapsble of ITSaC1 3t e regoali, hacs
apabilities Elks! 12 evtremsle  vrabuszt, I~

onzs1derable =implification ZEn o IChl e

T

1n the aboue implemerntatian 1 F 3 wunipolar Bimare  mask 1<
permittsd,. A immedlately obvwilouys  sduantage of thiz 12 that
the zame number of photodetectars used 10 the preceding swstem

can  be wuzed to imnplement a LCAMo owrth wd neurons 1nstead -2
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Wwith zomes  addirtionsl COMp O

snrts and 3 newt  unipolar brrriary

BN macsh ., Far thise reas

(=)

n We hawve Carried out oz ostudy of

methods for implementing CAaMs  emploving unmipolsary [N Tl
. - il

matrix which are described 1n the following section

3. COMTEMT ADDRESSSBLE MEMORY WITH UNIFPOLAR
BIMNAFEYT INTERCOMMECTION MaATRIS

The wuze of B InteYConnectlion MmMIatrix oY TUnaptlis mask

haz the 3desntaqes, pointed out esrlier, of further samplifueing

optical implementation ot negry sl retuorke and of cpening
the waw for the studey of  larger networksz. [t =zlso has the

aduantsge of facilitaring the wugyse of recwclzbls zpatial light
madulators t3LMsy such 3= the Littor nonm—volatile magneto-optic
LM o MO=3LM) [11] which 1= essi12est to use as 3 pragrammable
mask T 0 matrico o1n o3 UB transmizsion mode. The sz of

3 modifti1able

external rmemorwy driven, MO-SLM =33 3 TH mask

enablez the same CAM  to zearch  through 3 large file of T11

m3tryices res1d1ng 1n 3N 2 ternal store In 3 relativele short

tirne, With  such massks 3 non-zero threzhold lewvel must be
3o0pted  3s the nkibitory signalse to 3 nmeuron (oY ta the
pa1r  of  photo-dicdes in Fig. 7 by arising fraom neldatiue
vaxlues of the TH mask are now abzent. Two schemeses of sdaprtive

thresholding were examined. One 12 shown 10 Fig.e 2. In thisz

scheme, su3gested gv  the aobserwvation that dormant  neurons

figeve a3 non-zero fiving rate, we 3adopt one half  the snergu

E = LmEZvH o f the UB 1nput wector as 3 non-zern adaptioe
thresholdx&g level faor the comparator O, The comparator
autput  which can be positiwve, zZevo oY negatiuve  depending
on whether the welqhted projection Myo= Y le *ou of the
lnput  wector 13 greater., equal  or  le=e  than E -15 applied
to 3 zerao lewel threzholding element the output  of  which
1= wuse to drive the carvvesponding element 1n the 1mput LED
arrav,
-7
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The second scheme examined adds relaxation to the precediny

-n

scheme 3T shown 1N 13, 2. As esch 1terstion procesds in

Y]

this =cheme, the comparatory output, the difference  bLetueen

the welahted projection of  the current 1tersate and ane hkalf

of the ensrgue  of  the 1nput uvector, 1z 3ttenuated  throuah
rmultiplicstion by a3 positive rvelaxation parsmeter A of wsloe
lese than unitv. The outcome 135  added to the valuese of the
preuvlays  1terste, retained through the secondarwe fesdback

loop with time delaw T and the result 12 applied to 3 limiter,

)
Si1nce the intt1alizing input wectar fiase =3 walue of one aor
zerc, the negative wvalue and walue of Qreater  than one are
zlipped while the uwalues between zero snd one ares remalnsd
unchanged through  the limiter. The limiter aoutput 1s uszed

to  draive the cor esponding LED im the 1nput LED =zrraw. Inm

thi1s  fashion & smooth transition of states 1n the CAMo1e
rezlized. The technigue besrs recsemblance to the relsxstion
method used 1n solution of swustems of limear =sguaticns.,

—

e recsylts af numeri1cal simulsation  af the abouve tuo

ch

in

e

(I}

W

«  dssuming & wunipolar  binarwe wersion of the Tl MEtr

and thvee stored wectors are  shown 1n the 1=

w
-+

tao column s

of table I, These are compared with the result: f simulations

C

for: L+ 3 grewv level mask with zero thresholding, &) bipolar

birary rt=1,0,1 mask with zero thvesholding, and 2 unipaolar
binzr.e rd.lo mack Wl th the rme s of the projections,
cproy: = 1M z UJ. selected 3¢ threcholding walue. The results
are shown 1n 4he D they columns  of table 1. The numbers an

the table reprecsent the  maximum Hamming distance of 3n 1nout

wectoy choszen to exercize the  memorw  from  the storved cectar
that can be corrected. The exsrciz1ing 1nput wector 13 obtalned

from 3 =tored vector by zwitching digrte from 1t end. The

sumbol  « in the rable rmesns that particolar Inpyt  wectar

12 nat recoanized even  when  none  of itz digits differ from

the from the stored wector. The <simulationz were repeated

-8




for ten sets of vrandomle fovrmed thres wvectoars foar  ezch et
3 different UE T = matrix waz generated. The resultz of

[ox]
[m]
—+
-+
w
o
'...
d
-
g
n

thiz exevrcise are shown 1n rowe of =1
total zum  of srrars  correscted 1r each column, 1.2, for e3ach
'—

or ot different combinaticons of memary masks and thresholding

s

2
procedures, are  shaun in the bottorm row  of table 1. The

vwalues 1n this rvoaw are taken 32 3 performance measure of
the CAfts  simulated. The qrev lewvel caze with zeva threshold
15 taken to represent 3 relatiwve performance  of 100%, This=s

tupe of  CAM  was 3ble to covrrect 3 total of 248 ervrvors total

1n the 2xercise. Haowewver, the CaM with  the UB  mask and 1nput
enerqy thresholding with relaxation 18 =seen have slightly

r performance by cCcorvrecting 280 error: 1.2. & relative

m

D o
m
-
-+
B0

1]

rformance of 1095%. Adaptive  1nput  eneraqu  thresholding

Ll thaut relaxation) 1 seen o fare well at TR o relatiuve

performance., The pooarect in perfarmance was the CaM i th
B mask with mean of projections <proj.> as  threcshold where

the relative performance 1 zeen to be S1%.

4, BE<PERIMEMTAL VERIFICATION

T werifu experimentally the performance of the adaptive
threzsholding schemesz of Fl1g9s 3 and 92, a modified wersian

of the opticsl implementation described im section 2 13z utilized.

In this modified wver<eion anlw one channel of rhe o z=vrm
sustem  of  Fiag. 4 1= wtilized. The binarw bipolar maszk 1n
thiz  arm, which represzents one half  of the bipolsr bBinary
ij Mmatrlx, is replaced By 3 unipolar binsre wversion of the
complete le matyix cConsisting of 32 rows  and 32 columns,
The 32 colu$n5 exgctly  owverlas the elementz of the 32 slemen:
phicto detectar {FD arrav. Far the vrecults reporvrted here

the PD arrauv outputszs were resd bw an A0 conwertery wias o 3n
grnalog multiplerxery and ztared 1n a3 DEC 1122 Modular IMztrumen-—

tati1on  Computer as  1llustyated 1n Fig., 10, The enesragu of

-9
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rhe 1nput vectary iz entered 1n the cComputer manualle 3= cne T

Rhalf the number of elements 1M the 1nput LED arrav thiat are e

W 4 3 d t

The adaptive thresholding  zlgorithms of  Fias, 2 3and

leh
LI d

o

+

.

3 descraibed 1n the preceding section 3vYe  carvied out then -
B the computer which furnishes 322 woltage wslues for driving o

. the LED zrrav for subzequent 1teration., Faor the adaprive

thresholding  scheme of Fi13. =N thesze walues, which Zonsist

o sn  arvray of zeros and ohes  representing  the result of <

[n]
i1}
[{

the first 1tevation, ar

1

Y ezs1ly entered in the suvetem manusally
through the word composer. For the adaptive thresholding

and vrelaxartion scheme the computer cutput COnsl:

(U}
"
m
-
(1L

o |

n
1
w
n
g

arrIv of rnumbers ran3ing between zero and one

-,
[}
-~

driving e
the LED 3vrawv through an apprapriate DA conuerter. He o thil s

intertace was not campleted 3t the time of thi

WY1 ting,

results for the adsptive thresholding  (withourt relasxatiaond ﬁ
are 1ncluded here, = o photoqraph of the computer Jenerste
unmipalar bBinary mask emplowved 10 the atowe apto-Ji1grtsl experi-
ment 1< shown o1n Fig. 11, It 1= seen to contsln 32 raus

arnd 32 columnz a3z opposed To 32 rous snd  =wd columns af the

N
.

Ol NKd
I A
a

,

Tipolar binsry  mask af Fi13. E: that vrepresented the bipolar -

birmare =1 ,0,1) TI:| matrix« 1n the fir

: [ '1] . .

t apt1os implementation

- The recult af the abowe  opto-di1g91t3al YRSy IMen t for o

the sdap iy

iQ

r

ue
m
i

thresholding (w1 thout relssstyon SRS
presented 1n table I1. These show that the CaM arth UE mssh

and  adaprtive threcsholding functian: stisfactorile  =3nd 2

-

i

1 memar's =TT

10}
i

w

capable of recognizing partial inputs of t

.

are tolerszted

(g

4 errors far uwector £ oand & ervors far oe

+

1.2, of the three stored wectors, up tao S err
L.

¥ s

I for  both normsl  =nd complemsnt  of vecrars, The performance e

1]

ment W1 th the numerics zimulation results e

- 1% 1n 3enesyal 3qvre

prezented 1n table [ fa

Y othis Ccxyse, Dpto—di191t3l evpervimentatian
of the tupe Jdescribed above 12 found 10 GuY oYk to be o3

nern yszeful ztep 1n th

v
n

=tudy of models of rfeurzl netz falling o
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FIGURE CAPTIONS

Congept for optical implementaticon of 3 content

t
addressable memory based Wy the Hopfield rmodel.
(a) matrix wector nmultiplier 1nceoerpovrating nonlinear
electronizc  fesdbachk, (b zzheme far rexlizing 3
birnary bipolar rmemory mask transmittance 1n 1ncoherent

light.

Stored words, their Hamming distance, and  their
clipped Ti1 feraory matyix.

Twao halves af T1i rmemary mask .

Arrangement  for optical implementation of the Hopfield
model. 3y Opto—electronic circult diagram,
‘b)Y Pictorial wiew,

Viswe of (a) input LED  arrav and (b)) memory submask
PD array assemblies.

Word composer and displav box.,

Twa neurons 1n synaptic contact (&) s3nd their
cpto-electronic analag by,

CAM o with unipolar synapt1ic maszk and adaptiuve
threshelding scheme.

CAM with unipolar svnaptic mask and adaptive
thresholding with relaxation,
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CAM Behavior wowzing UB mask and adaptive threzholdinag

and feedback cchemes,

Unipolar Banary Ti' e Yy mask ,
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Comparison of different  tupe of memory mask and
thresholding procedures ifdigital samulationn.,
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—0

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,

h

R

NN

S i el vl aa bt aternte e AR iai Al St sl At



g

TeyRpypwLvow.

Xryrywngengugwywe

SRA o e 4 e S 'a Al S S S0 A% B4 S af

Hords to be stored:

g

0

0
09

11 00 9
{

1

Hord |

G

U]

{

1

Word 2

4
}

Word 3

Hamning distance from word t2 word:

-
-t

WORD 1
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their Hamming distance, and their clipped Bipolar

binary (BB) T memory matrix.
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Fig. 4. Arrangement for optical implementation of the Hopfield model. .
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L Memory Mask/Thresholding Value
Set |vector
Grey/zero| (1,0-1)/zero | (1,0)/<proj.>| (1,0)<Ej,> (1,0)/<E;,> &relaxation

1 1 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 38 0 1 1
i 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 ")

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 1
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 J

corrected 246 207 151 195 260

Relative

Performance 100 84 61 79 105

in percent

Table I. Comparison of different types of memory mask and thresholding pro-

P S P Iy ST S

cedures (Numerical simulation).
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APPENDIX TI

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 (Z-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 netst»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 (SLMs) 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.®

In this paper we will discuss content addressable memorv (CAM)
architectures based on partitioning of the four dimensional Tijkl

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

and facilitates the realization of larger networks ~(lO3—104 neuronsj).

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

IT-1
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Hamming distance between them. Here we show that coding in the form ro.
of a S4nogram classigien of the dilute object can remove this limita- PORRS
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. T

TWO-DIMENSIONAL NEURAL NETS O

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 s
(m) ~

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 L
a matrix a new NxN matrix is formed by multiplying the value of the o
element by all elements of the matrix including itself taking the o—
self product as zero. The outcome is a new set of N2 binary bipolar e
matrices each of rank N. A formal description of this operation 1is, T

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

(m) _(m) X
m V. v -
Ti'il = {"ij k2 e8] e
J 0 i=k, j=t P
which is a four dimensional matrix. An overall or composite svnaptic 'n;
or connectivity memory matrix is formed then by adding all 4%-D e
. m . .
matrices Tg.) i.e., L
leQt T
gt ET (2)
i ijke
IR m ]
This svmmetric 4-D matrix has elements that ars 1 “alae Setween =M i
to M also in steps of two as for the [-D neuri. et “a-c¢ ind which -

assume values of +1 and -1 (and zeros for the sel!f product elements)
when the matrix is clipped or binarized as is usuallv referable Yor o
optical implementations. Two dimensional unipo. r bYinarv entities

bi?)are frequently of practical importance. These can be transformed N
. (m)_ ,, ‘m) ;}5

in the usual way into bipolar binary matrices through vij =f_bij -1) S

which are then used to form the 4-D connectivity matrix or memorv as

described. Also, as in the 1-D neural net case, the prompting entity

(m)

ij ° which would simplify further optical

can be unipolar binary b
rr-2
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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 1is 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

bi?o) is done by forming the estimate,
~(mo) _ (mo) . -
bij = Tijkl bkl eees 1,3,k,8 = 1,2,...N (3)

k,2

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

to replace bi?o) in eq. (3) and the procedure is repeated until the
resulting matrix converges to the stored entity closest to the ini-
(mo)

tiating matrix bij The operation in eq. (3) can be interpreted
as first partitioning of the 4-D Tij

matrix into an array of 2-D

k2
submatrices of rank N: Tllkl’ Tlel""’TlNkl; T21k2’ T22k1’ N

TZNkl; ey Tlel’ TNZkl""’ TNNk2 as depicted schematically in Fig.

1(a) where the partition submatrices are arranged in a 2-D arrav.

This first step is followed by multiplication of bézo) by each of the
partition submatrices, on an element by element basis, and summing
~ (mo)

the products for each submatrix to obtain the first estimate bij
The tensor multiplications and summation operations called for in
eq. (3) are carried out in Fig. 1(a) by placing a spatially inte-
grating photodetector (PD) behind each submatrix of the partitioned

zb(mg)
{= .
(O) u_ll "t [INLY] (b)
| NONUINER FEEDBACK

/ 'vuuuv - ml:su,m'
ol @ﬁﬁ 0
-

PD
ARRAY

FSYNaPTIC MaSK
(Tli‘ MATRIX
QVERLAYS PO ARRAY)

fsaaTINonED
NEMORY MASK

Toss Tring » Tigng o+ » Tyt
STIRL CTIML o--- o Taend

*Tamt * Tennt o-cco Tagnt

Fig. 1. Optical analog of 2-D neural net. (a) Architecture based
on partitioning of connectivity matrix, (b) Opto-elec-
tronic embodiment.
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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 bi?o) is
assumed to be displayed on a suitable LED array. The LED display of
(mo)
b,
13
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. 1(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 = N2/82nN, 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 Tijkl 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 studyS 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. 1(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 Tijkl memory mask are com-

is multiplied by the ideal transmittance of each of the parti-

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 foundd 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-
(mo)
ij
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

tializaing 2-D entity b is unipolar binary, the entities fed

IT-4
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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.

vt THE T
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SINOGRAM CLASSIFIERS AND HETEROASSOCIATIVE STORAGE

Sinograms are object representations encountered in tomography6’7
They are also useful as object classifiers specially when the objects
are point-like and dilute8. Civen 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 sinogramsa. 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

AMECHIDIC CIAMY R
VWAWWMAANAA
TARCEY
()

SN wrarQ
g e g aggo

TURN-TARYE -

9.9 sspect angle 2p1 9.0 aspect angle 2pi

(a) (b) (©) (d)

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 a 32x32
pixel grid. The sinogram of a radar target is produced by measuring
the differential range or range-profile of the target emploving 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 ¢ results in a sinogram classifier or feature space of the
target which characterizes it at any fixed elevaticn angle =. The
top row of Fig. 3 shows three digitized sinogram classifiers of
scale models of three aerospace targets plotted on a 32x32 pixel
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grid. These are treated as a learning set and stored hetero-associa-
. R m
tively rather than autoassociatively be replacing vél)

i?) k,2=1,2,..32; m=1,2,3 where riz) represents abbreviated word

in eq. (1) by
r

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

2 e 3‘ oy
852 ' - will SPACE SHUTTLE
{ SCALE 1/100' . ' t v §CALE 72

-4 3
0.6 aspact angla ¥

3.0 aipsct angle 3

ll!l

E: B “L:iaE'L 1
5 Z

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

LABEL 3

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 .l are presented
in Fig. 4. Reliable recognition was found to occur following one itera-
ticn for all entities stored down to n = .2. For n = .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 with as illustrated in the two

7= 1002 n = 602 n= 202  pe10t n= 102
data 3 data 3 data 3 1ata 1 data 3
. g g ! ; t S !
* - TS T Em
g = ER - 1 ¢
t Es tE - (-

‘o -1 -1
A 0.0 aspect angle N 0.9 aspect nqgie 30 0.9 aspect angla 30

>

P
E!

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. ST

CONCLUSIONS

Architectures for optical implementation of 2-D neural nets ': N
based on partitioning of the 4-D connectivity matrix are shown to be e P
suitable for use with 2-D object classifiers or feature spaces. An 9
example of their utility in super-resolved recognition (labeling) of ' i
: radar targets characterized by sinogram classifiers 1is presented. R
. The results show that neural net models and their opto-electronic
k analogs furnish a new viable approach to signal processing that is

both robust and fault tolerant.
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APPENDIX TII

Phased Arravy Antenna Pattern Svnthesis
By Simulated Annealins
N. Farhat and B. Bai
University of Pennsvleuania
The Moore School of Electrical Ensineeins
Electro—-0OPtics And Microwave Optics Laboratory
Philadelrhia, PA 19104
RESTRACT: A new Procedure 18 jescribed for OP T 1migin phase arrav
SYMthesis. The synthesis 15 opPtimized by a simuulated anrnealins
=~3cess 1N which the energy function 15 directly related to Tne rar

1ntensity 0¥ a Phased arrav. fMuamerical siwmuliatiaon resuits 3re

b
'
[
i

~esentad. A Possidle ortical-di131tal hori1a 1melementation tna-s can

o

perform the required compPutation at hisher sreed than a Pure Ji1gi1tal

imPlementation is discussed.

a

1. INTRAODUCTION

=ar tha synthesis o+ an antenna arrav wlth M 1Formloy sPaceas
I T A STorE o b2l l Mmown tmat, 1€ the curtert d13Tr19ution CTurat oo
s w2t r2stiricteds, @ Dolmh=-Chebvsheu distribution Function guer L2

antennd 81ves ri1se to an opPtimuim Pattern which has the lowest sidelo

(=]
[11]

U
U

Lesel +3° 34 seaclvied mainoeam wiadtnli]. Howeuver. 1¥ Faor the PLre

st

bl 3z 2 "3CTLC3: ImPiamertatiagn, tha DESERAE T RIS Ry Tamctlan i
"Testr1icted 10 some sPeciFic 3ety dther methods nave tg be 1nmuastiszgtaan
and used for oPtimum svnthesis, The simulated avnnealins method
presented here is, by our studv, one of the <choices for oPtimum
svrithesis of pPhased arravs with restricted distribution functions.
The svnthesis is oPtimal in the sense that the lowest sidelobe level
1s achieved while the specified mainbeam width 1s maintained. This

method can e wused for bYaoth microwaue Phased arravs and orPtical
L11-]
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arravs. In our studvy so far, we have been mainlv concerned with

. “ . . - ‘.-- ‘.
oPtical arrarvs, which appear to be technolosically feasible with the A
R

Present electronic and opPtical technologies. Hence, the pParameters s
oAt

. . . \ ~\.~.

assumed in the simulations below are relevant to the orptical case, but b

the method and conclusion arpPly to Phased arravs in gseneral.

2.SIMULATED ANNEALING METHQOD

Metrorpolis et al. introduced the simulated anmealins alsorithm for
caiculating the prorperties of anvy substance of 1i1nteractivng indiuvidual
moliecwiesiZl. The ailisorithm was Previounsl apeii1ad Lo some
oPtiImlzation Problems, 1ncluding Phvsical desian of computerTs, and the
travelina salesmn Problem[3]. The method can be extended for seneral
oPtimization Problesis. For the system to be oPtimized, an "enersvy"
function E is first established and a dvnamic wvariable T, the
"temprerature" of the svstem, is chosen to control the Process.
tart:rng at a 1ign "temper3dature’”, tne system 13 glowiy cooled BESENALIE
RENRABAY Tha svstem "Frseczes" Arnd TeACNES tre OPLLmMin T332 11 & manne?
similiar to annealing of a crvstail during Srowtn to Treach a near

sarfect structure., At each "temPerature", a chanae in the svystem 15

pl

mag2 accoeraing to a certain ruie, ana then the "ewergv'" chanse of the
vszan AN 15 calculateas. I7 AT G, the svsta2m aivaratioan 15 ~21a1724d
and the Process 1s cohtinued. The acceptance or reuection of the
alteration or chanse of arain of the system when AE>) is treated
probabilistically. Accordingly, the Boltzman factor f(AE)=exr(-AE/KT)
is calculated, where K is a8 constant whose dimension derends on the
dimensions of AE and T. Then a random number R uniformly distributed

in the intervial [0,1) is chosen. If RCF(OAE), the chanse of arain is

II1-2
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retained:; on the other hand. if R>F(QAE), the chanse is discarded.,
that 15, the svstem before chanse is used for the next step of the
PTOCEeSS. This Procedure is repeated for each "tempPerature" until the

system is oPtimized to reach a slobal eneray minimum. The choices of

4

K and the initial T are crucial for the success and speed of
cunverserce of simulated anneal:ins PTOCESS. Because of the
probabilistic Boltzman selection rule of the QAE>0O case: the Process
can alwavs set ot of a local minimum of the "energy" function 1n
whlch 1t could =et traeped and pProceed to the desired globval miviimitin,

Ths manes simulated annealing di1fferent from 1terazius 1mProuvement

proceduret33-[6&].

3.ANALYTICAL CONSIDERATIONS
For a 2-dimensional Phased arrav with (2M+1) (2N+1) identical

subarertiires(elements), the arravy function carn be exPressed asl(73.

M s
Y= TS T Wt B SR o)

n=-N

N
~

Lo\
r ~
)
Nt
X

me=-

where, A 1s the _pacins between elements in ‘é Jirection andg =) in

RN sirection; Nmpy 15 @& complex auantity 3and represents the amplitude
-

m2 20352 moduiation 2fF the (mr,ndtn  subarerture; t(ﬁyB) 13 a2
siovarertura  Function  and  1s the same for All the subarertures; the

symbol ‘#‘ stands for convolution,.

The scalarized far field pPattern G(fx.fv) of a Phased arrav is
PproporTtional to the Fourier transform (Fraunhofer pattern) of its
atrav function s(é:ﬂ)[?]. Therefore, if the Proportionalitry constant
is igsnored, the far field can be expressed as.
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(r\
m=-M N=-N 2)

~ . . z 3 .
where, ¥f-1 desianates Fourier transform and fx=5g » Aand Ffr=-7= 7

AY, N
A ls the wauvelensgsth;, Xr¥rangd RO are shown 1in the Jiffraction segmetrv
in Fis.1l. We assume a uniform subarerture function, that 15,
g b
le = ) Wiz .
M -——
t(s-N = 4 \ (3)
N othevicise

«where, & and b are the subarerture Jimensions 1n é an2 ' directions:
respectivelvy. The Fourier transform of t(ﬁyﬂ) (the subarerture

factor) 1isy

(fzfy) = = asine(mafz
wn S fa,
LK) = S
The double summation term 1in (2
¥4

D) =S i A gxP[ caz (el wr i (&)

‘ M ETNE-N - -
16 the wuswual arrav factor,

Since T(fx,fv) is fixed for the siven subarerture function anid it

varies much more slowlvy than the arravy factor, the effect of the

subarerture factor is

array factor A(Ffx,fv) will be studied by chansina the weiahtins factor
II1-4
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Wwmn for all Possible m and n to achieve the cPtimum radiation rPattern.
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The "enersv" function in simualted annealins can be established in

| DU

many dJdifferent wavs for pPhaseqd arrav svnthesis. Since our Primary
woTh 15 dJone for optical and infrared Phased arravs and this Kind of
arravs nhas a relatively large size compPared to the wavelenath XN used

(N on th order of 1076 m)r the beam width is verv small (ow the order

of 152 desrees). It 1s 1mPortant to achieve the lowest sideliobdbe
lauegl., For this pPurPose, one obuious wav to choose tne "energy!"
Samctliaon for Phnased arravy synthesis wowld be the enersy outside a

sPecified main lobe. When this energy function 1s minimized:s if the
total energay Temains constant, it could be expPected that the enersgvy
would become concentrated in the main beam. Conseauentelvy. the
relative sidelobe level could be minimized. But, from simulations
tnat we hauve r™un, it Lturns out that this eneravy function cannot
-
]

Alviimize the si1delobe leuvel. vis 1s understandabls, 1F one recails

ta2 PavtaTn given 3y thne Deleh-Chebvsheu adistributions, that 1nstea:z of

concentrating 11 the maln beam: the enersy has the t2ndency to . ?
Jistribute itself eauallv amona all the side lobes as the sidelobe !E]
2u2l i3 pPtimized. This Joes not mean that the enersy in the siie

3523 153 mlwvimizZaa, In the simulation 2resentad har2, tae 1ntansi

P

associated with the hishest sidelobe level is used as the "enersr"
function for simulated annealina. 0f <course, if necessarv, a
constraint about the beamwidth could be included in the "eneray"
function. MWhen the "enerar" is minimized, the relative sideloﬁe level
is now also minimized. The beamwidth at the final run will be taken
as the ‘"specified" beamwidth with the final MWmp weishts, The

III-5
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relationship of beamwidth and sidelobe leuvel is then optimum in the
sense of Dolph-Chebvshev, that is, the sidelobe level 15 the lowest

for the giuven beamwidth,

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

arravy as for a l1-dimensional array and considerina the limited
computation pPower of the MICRQ PDP-11 computer auailiable in  our
simulation. a 1-dimensional array 1s sed 10 our Studv. The
1-dimensional arrav 1s also assumed to be & conmtinuouws One  wlth many
desired pPixels, Each of the Pixels acts as a subarerture. The
simulation starts with a uniform distribution (all subarertures uith 1
or =1). The far field pattern is shown in Fis.2Z (a) ﬁor this uniform
distribution case. The distribution function is restricted tovthe set
2¢F 1, =1, which means real transmittance with binaryvy shase {(Phise=0 or
T, mogulation. Thavn, simuiated annealins 15 carris4a o OIS S5
cAa3rmgln3 the  sian 0Ff each subarerture PR VIR AR VI ca.ciianing tina

-

intensity of the hisnest sidelobe and arelving tne alsorithm for each

change. The final oPtimum Tesult 1§ siven in Fis.2 (b). This

-

simuidation 1s Jone fFor an arravy of 41 subarertures. “he susarertiure

a 18 Assumed o Ne eqitdl to tne SPICINS A Jatuy2en IpaAPATLHeTs AN

g
Ve
¥

is taken to be &1A (figure relevant for opPtical arravs). The element
distribution Ffunction that sives the final oPtimum result is shown in
table 1. This function gives oPtimum pPattern onlvy for broad side
Jirection (B =0, Like the Dolph-Chebvyshev oPtimum Function, the
optimum function 8siven by simulated annelina is different for

Jdifferent steerina ansles, but an oPtimal weisht can be computed for

I1I-6
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From the simulation resul

aach steerina ansle.

far field rattern has

Dolrh-Chebvsheuv distribution function. In

pattern;, all the side lobes have the

heamwidth., A numerical example in {13 show

(element separation d=0,SA ) Wwith 25

40.8 beamwdth., The oPtlimum P3ttern siven bv

rvnearly egual level side lobes Wwhich are

peamidth,

=.DISCUSSICON
Simulated annealins 1s a modification of the
is

algsorithm(4], It

25.8-4d8

t, 1t

the

S an

sidelobe

our

iterative

Pphysically more meaninsful and can

is seen that

B-element

simulation

LSt ek aak et s el ied tol sl Aal Ak ol el A Anie i M “ade Jabe aheled

the

similar features to the pattern given brv the
Dolph-Chebrsheu

same leuvel]l for a specified

arrav
level and

shows

minimized for the giuen

imPprouement

be compPputed

more systematicallvy than the iterative improvement[4]. Phvsicallvy.,
simitlated annealins Process is analosous to the coolinsg of atoms 1in
ITUSLAL 3TOowtal car2+Fyl annealing Pro2uces a nafact-<-ee crvstal.
SaRI3  Ara2al1n3 2roauces a deractiv2 crvstal or a3lassildi. T2
Pro0a@blils3t1c treatment with the Probability function
P(AE)=exm(-AE/KT) prouvides a wav to accept the unfauvorable changes and
5 miiCh 23as.2m™ t0 CeomPute. From our™ simulation. it nas 5aay Found
RN It Lt FRER- R A X arneaslns FiS0r"itam 322ms 3I_GaVS 0 3Sie2 D2yt

performance than the 1terative

Since simulated annealins is a modified

Process, it takes a relatively long time to

Just as iterative improuement Joes in a

phased array svnthesis in our simulation runs

111-7

do an

compPuter

imProuement alsoritnm,

iterative

for

calculation.

one hour or so

imPTOUYEement

oPtimization Problem

The

for
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an arrav of 41 elements on 'a MICRO PDP-11 compPuter. Findins an
efficient scheme to reduce the excessive amounts of compPuter time on
most oPtimum Problems has alwayvys been of concernf[S1[8]. Otherwise, if
enoush comPutation Power 1is available iterative imProvement can be rTun
From random starts for manv times to approach the oPtimum state. Fast
orto-di1si1tal comPputing schemes similar to those described 1n(9] mav
also be considered for Phased arrarv svnthesis by simulated annealins.
It is wunderstood that the far f1-1d4 is the Fourier transform of the
ar~ay dJistribution fFunction. An orptical lens can be itsed for
com=2ntin3 the Fourier transform as the distridbutionn functioan 1s
inPuted to the front focal eplane of the lens wviar for exampPle., an
arProPriate compuer driven sepatial lisht modulator (SLM). The Fourier
transform in the back focal eplane can be recorded and fed to the
comPuter/controller to make the simualted annealing decision. The
outcome i1s fedback to the SLM to chanse the distribution Ffunctiown 1In
the Ffront focal elane. This orpcess can be rePeated +or euary staP 1IN
simigiatea armnealins. The hyorid oPro—-di13ital schneme  wlli 30 (AR
Fourier transform 1nstantlvy. In this fashion tne comPutation time
associated with the Fourier transform can be wirtuwally eliminated
Assumine A& nish sepe2d SLM and compPuter Intarface are uatiilzad. avy
oeto-e’actronic 2o0ltzman machine Fov 3ccereratial La2 selantian  rale
has aiso been ProrPosed earlier i1n [?]. Also, a Cauchv probability
selection rule, instead of the Boltzman selection rule, can be used to
speed up the whole annealins process further(8l. As claimed in [B1,
the computational saving of simulated annealins Wwith | Cauchyv
Pprobability selection when comparied with the one with Boltzman

selection is similar to that FFT comparied with DFT.

II1-8




S.ACKNOWLEDGEMENT

This work was suProrted by DARPA/NRL and with partial suprort from

the Air Force of Scientific Research and the Army Research Office.

REFERENCES

C. L. DolPh,"A current distribution for broadside Aarrarvs

wlch oPtimizes the relationship betuween beam Wwldth and
sije-lobe level", Proc. IRE. 34, pPP.335-348,June 1946.

2. N. Metrorolis, et al., "Eauation of state calculations by
fast compPputing machines", J. Chem. Phys. 21, pPp.1087-109Z,
Jurne 1953.

2. S ArpPRPatTriIcKy at aia.r "Optimization b v simitiaten
anneailins", Sience 220, eprP.&71=-6B0, Mar 1983.

3, NeZ . Smith, a8t &a..,"XYaconstruction of obuJ2cts From coded
1pASSS 2 v Slintiated annealins”, OrPtL., TR 1 A 2, P2.199-201-
ApTil 1983

S. B. Dunham. "Desian by natural selection", Svnthese 15,
PP.254-258, 1963.

III-9
PURE W WL | R P O ST IE JAl




L AR R S S R N At 0 e & frn s st Bt S o Saue s 2

e i

~,o_-."'_7'77\'v‘ll‘l)

6. S. Lin, "Heuristic Programming as an aid to netuwork desisn'.,

Network S5, PP.33-43, 197S

7. N. Farhat., “Radiation Pattern Analrvsis of an Infra-red
Optical Phased Arrarv", repPort submitted to RCA, Dept. of E.

E.» University of Pennsvluania, December 1985

e. H, Szu, "Fast Simulated Annealina with Cauchvy Probability

Densi1tv", Neural Networks for CompPuting Conference, Snowdird,

dtahy APTL1I] 1966

9. H. Barrett, et al.., "Optical Poltzman Machines",
Post-deadline Parer, 0SA Topical Meetina on Qptical

CompPuting, Incline Villase, NEV.(1985)

T e TN NN TN TNy

-‘ ™ “. » f, . . " PR ‘_. . '-\ : - -4 " .‘ ) .~‘ --‘ e ‘n- .. —-. .-.- - \A - ‘l TN, '.‘ C - *
M tintuinetion it ettt i et i it i i st ol it 2 A e

At SR PR et e




SRt SR
- AR A ... -- L ... .n
Lo s
+
! ;
! <
Y .
i
3 s
1 9
y . -
b

'

N

et TN,
P N
[ P WP e

*aanjaade ue Jjo uinjyind norleipea praty aeg "1 ,.:__i:_:_cv 404 Aainiumany I .m,.:—

CRREEAT IS Al

ANV J4N1LYIdV

P T T
AR R L A TR
2% et adataldal Yol a B g

WAL

N < - - ~
‘amtatlalatm?® alkmb n

S A
e et LY et
a_ s tme ek




-

T VW
e "'"’“tr‘rr--—,

.5‘.
.-
e

‘...q e,
. vl

N MR
‘e LS

T ALY

Simulated Annealing Synthesis

0{db)

} -13.3(db)

(a) mainbeam width: 4.58E~2(degree)

view range:

Simula

[-0.004, 0.004]

ted Annealing Synthesis

-17.9(db)

0(db)

-17.9(db)

(b) mainbeam width:5.5E-2 (degree)
view range:[~0.004,0.004]
# of elements: 2*20+1=41

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