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ABSTRACT

This paper presents the result of our research on a new associative memory, which unlike any existing neural network based
artificial associative memories (AAM), can dynamically localize (or focus) its search on any subset of the pattern space This
new ability now makes the power of asociative emputing available to a new class of pattern matching appli cations.
Application areas which will particularly benefit from this model include (i) detedion of small irregular patterns (medical
diagnostics), (ii) detedion of tiny targets, (iii) background varying target recaognition, (iv) visual example based content-
based image retrieval, (v) robust adaptive cntrol systems which needs to continue operating with small number of surviving
sensors, in the face of post learning lossof sensors.

Keywords: partial-pattern matching, associative computing, holographic memory, target recognition, adaptive wntral.

1.INTRODUCTION

Neural asoociative awmputing has a number of advantages attractive to high performance real time pattern matching
applications. They are adaptive. Patterns of arbitrary complexity can belearned through general purpose learning algorithms.
They are fast. Retrieval operations are generally constant time operation. As a result, once learned, massve amount of
patterns can be searched and retrieved in near real time. They are also highly parall €izable [HiAn85]. Despite their superb
characteristics, however, neural network based associative mmputing has found limited successin general pattern matching,
except as a full frame adaptivefilter, over thelast 50 years [Carp89 CGMR92].

Since inception, it has been predicted that artificial neural networks (ANN) will have following three major categories of
applications, (i) adaptive dassdfication or filtering (ii) fast approximate optimization, and (iii ) associative memory [Kulk94].
However, alodk at the success sories of neuro-computing reveals that most of them are limited in the first area [Carp89.
Hardly any real appli cation flourished over the assciative remll edion characteristics of neural models.

Since the invention of first artificial neuron by Mcaulloch and Pitts, main research emphasis continued in improving the
learning of artificial neuro-computing. During these period increasingly more intricate and complex properties of learning
phenomena have been pursued in great depth. Versatility (how arbitrary complex associations can be learned), efficiency
(how more patterns can be learned), learnability of causality and temporal relations (Grosserg 1967 Klopf 1987, self-
organizaion (Kohonen 1987 Oja 1982, autonomous unsupervised adaptation (Grosserg 1976 Carpenter & Grosserg,
1987 are just few examples of the intricacies through which research in artificial learning matured [Gros67, Klop87,
Koho89, Gros76, CGMR92]. Surprisingly, during this period of vigorous emphasis on the learning asped of ANNS, very few
attempts had been made to examine their recll edion asped, other than assuming a very simple moded of retrieval. Almost
al the proposed learning models snce McCulloch and Pitts have been constructed on the assumption of a smple and
restricted retrieval scenario, where the sample of the mntent that isused during query isa close repli caof thetarget. However
more mmplex and versatile retrieval formalism is not only conceivable but also seems to be an integral part of natural
associative memories.

One such phenomenon is the ability to focus dynamically on sub-patterns. A neural network based artificial asociative
memory (AAM) can learn enormous number of patternsinto its weight set. But, oncelearned, during retrieval, it requires all
the dements in the pattern space to be present. After the learning is over, neither it is posshle to confine the search
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dynamically during retrieval within a subset of the dements. Nor it is possbleto use atiny fragment of the pattern and ohtain
the match with resped to the spedfied fragment.

However, ability of dynamic search localization is central to many applications where the principal challenge is pattern
matching. For example, in visual perception, it is natural that when we match information, we always focus on some spedfic
objedsin the pattern. We never do an indiscriminate pixel to pixel matching on the entire scene. Without search locali zaion,
it is not possghble to focus on such any sub-pattern defining the visual objed of interest. Similar dynamic search localization is
needed when there are multiple ojeds in a scene and any of them can be a potential target of match. In adaptive control
applications which need to remain functional against sensor failures at unpredictable locations, the ability to locali ze the
control response generation processto the valid segments of input data (and shutting off the posshility of feeding dangerous
noise from the malfunctioning sensors) on the fly is critical in order to oliain the best posshle @ntrol response with resped
to the information avail able from the surviving sensors. Consequently, despite their formidable adaptation and self-learning
power, artificial neuro-computing gained very littl e ground in adaptive pattern matching appli cations.

In this research we demonstrate a new asociative computing technique, based on a novel holographic representation which
can overcome the above dasdcal limitation of artificial asociative computing. It can adaptively train like any other neural
network based AAM and learn a massve number of patterns in its complex weight set. However, the differenceis that,
during retrieval any test pattern or any sub-pattern can be spedfied as objed of focus for retrieval. An advantage of the
ability of localize search is the ahbility to work with a small cue. A conventional AAM requires the dfedive ae to be
statistically significant compared to the overall pattern size. It is well known, that even the most robust of the cnventional
AAM ceases to retrieve arredly when the pattern simil arity between a stored pattern and the test pattern drops below 70%
[Taj090, Khan98].The proposed memory, with the ability of search localizaion can overcome this svere limitation of
current AAMs. It can retrieve crredly even when the window of focus drops as low as 20%. The result is particularly
important, because, multidimensional best-match partial pattern search degenerates to expensive exhaustive search even with
known procedural algorithms [Khan95].

At the heart of this new memory lies a novel bi-modal representation of pattern, and a hologram like mmplex spherical
weight state-space [PsFa95, Gabo69]. Besides the usual advantages of assciative amputing, this technique also has
excdlent potential for fast optical redlization, because the underlying hyperspherical computations can be naturaly
implemented on optical computations.

This paper first takes afresh lodk at the general problem of partial-pattern matching in the ontext of asociative omputing.
It takes an attempt to identify the types and forms of associative pattern matching. Then in sedion 3, 4, and 5it presents the
capabiliti es of current AAMs and MHAC. Finally, in sedion 6 it presents how the new capabiliti es of MHAC can expand the
application horizon of asciative cmmputing. It demonstrates how application areas sich as (i) detedion of small irregular
patterns (medical diagnostics), (ii) detedion of tiny targets, (iii) background varying target recognition, (iv) visual example
based content-based image retrieval, (v) robust adaptive @ntrol systems which needs to continue operating with small
number of surviving sensors, in the face of post learning lossof sensors, can take advantage of associative awmputing.

2.ASSOCIATIVE PATTERN MATCHING

2.1. ASSOCIATIVE MEMORY

Let, S"=[s"s,’ sy] isastimulus pattern vedor and R™ =[r," r,” 1, isany response pattern vedor. Here, the
superscript refersto index of the pattern vedor, and the subscript refers to the particular eement in the pattern vedor.

Definition (Assciative memory): Given a set of simulus pattern vedors S={Sm|1£ mE P} and aset of resporse

pattern vedors R ={Rm |1E mE P}, an asciative memory is capatle of learning the correspondence between a

stimulus member S™1° S andaresponse member R™ R insuch away that, given a query pattern SQ,it canretrievea
pattern R*®» R" suchtha R"1 R,and S? isclosestto S'1 S according to amatching criterion D .
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An asociative memory system (Fig-1) is comprised of (i) a learning algorithm Aern Which converts al the {Sm, Rm}
associationsinto someinternal representation, (i) aphysical storage medium and representation formalism AAM to storethe
asciations, (iii ) a matching criterion D to measure the dosenessof patterns.(iii ) a decoding algorithm A gtrieve to recll ed

stored information R” from agiven query stimulus pattern s,
AM
Aaseorcnlg(rly\e

- Storage
Data Set Procedure
{S,R} A \
Retrieval
Quen/ Pa(tern Procedure
Aciiere ’w
Response
rR
Fig-1 An AAM Modd

2.2. Search Types

Concept of pattern distance is central to the search operation of any memory. Equation (1) states a generalized dstance
between two vedors:

D(Sa,Sb) (1)

DD D~

M afaisis, s Jwhere.s (=1 0.6

e Y g

Where, dist(>) isthe element distance measure (EDM) function. It can be any arbitrary function with the mnstraint that it is

monotonic with resped to |Sﬁa - §b|, and symmetric for all (ﬁa,ﬁb) pairs. M is a set operator with scope G. It can be a
product or summation or anything else, which combines all or a subset G of the individual EDM functions. Generaly, a
summation is used such that M = é {>} The function d( is moduator function on individual EDMs. The combined
sdedion of M and d (>) , denoted by S (>) determines the nature of vedor distance mmpasition (VDC) rule. It can be any
function with the mnstraint that it too is monotonic with dist(>). The EDM and VDC together make the vedor distance

measure (VDM). Finally, VDM function is required to have the property, that D(Sm, Sm): C, where cis a constant
independent of spedfic pattern index m.

Given asamplepattern S® an associative memory triesto converge to the dosest learned pattern. Let L° :[/f /2 9]

be the modulator vedor. Consequently, based on the matching criterion of equation (1), we now define a generali zed
associative memory:

Definition (type-A AAM): Given the moduator vedor L , atype-A AAM canretrieveresponse pattern RR @RTa , Where
its associated stimulus pattern S™iscloseto the query pattern SR in the foll owi ng sense;

D(SQ'STa'LQ):mpingl\?l /?diSt(SQ,Sm) .2

ceNC

Modulator vedor can used to modify the significance or attention level of individual elementsin the pattern during distance
evaluation. They may be analog valued. For example, setting /iQ to 1.0 will mean that the particular lement is fully
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significant, to 0.0 will mean ignoreit, to 0.2 will mean consider it partially. Thevedor L° =[/2 /5[] will referred as
attention field in the subsequent discussons.

Two aher subclasses of this generalized memory with the definitions below are also o interest to us. For the spedal case,
where the modulator vedor elements ( / i © ) arerestricted to kinary enumeration, the modulator vedor can be substituted by a

scope restrictor function F@ T N, F € representing a subset of the total dement spaceN. F © ican be alled aswindow

of focus. Finally, a further spedal case with unary attention of the abowe two types can be defined where the scope is not
restrictable.

Definition (type-B AAM): Given a element subset F°T N, a type-B AAM can retrieveresporse pattern RY @R,
where its asociated stimulus pattern S™iscloseto the query pattern S? inthe following sense:

D(SQ,STa,FQ)zmpingl\F;I st <) e
et

m

O\

Definition (type-U AAM): A type-U AAM can retrieveresporse pattern RR @RTa , Where its asociated stimulus pattern
S™isclose to the query pattern S in the foll owing sense:

D(s?,S™ )= mpin gl\?l dist(sQ,Sm)g @

The abowve definiti ons refer to the abilit y to locali ze the search scope in the pattern spaceor ‘focus' in the pattern. Associative
pattern matching systems can be further classfied in terms of the timing of focus. It is also important to know the time at
which focus can be modulated. In any AAM, information is entered at two points, (i) during the encoding via Ajearn, and (ii)
during matching via A etrieve Mmatching.

Definition (Hard-Focus): If a memory all ows focus goedfication duing training, the focus is hard-encoded focus.

This will require (i) an external pattern representation scheme which can incorporate veaor L™ for each stimulus pattern
S"=[s"s s{] andan appropriate Ajexn.

Definiti on (Dynamical Focus): On the other hand if it allowsthe acceptanceof L° =[/2 /S IS] duingretreival, then
we will call it dynamical focus.

In the later, for a change of focus relearning will not be required. However, this will require, in addition to an appropriate
Aiearn @Nd external representation, an appropriate internal representation for its knowledge (weight set), and an appropriate
retreival algorithm A etrieve.

A third distinguishing factor for AAMs recll edion is the ahility to provide a feedback on the quality of match. An AAM, as
an output recll eds pattern RR

Definition (Qualyfying Remlledion): isonewhere an AAM can rovide an estimate of the pattern dstance D between the
query pattern S° andthe dosest matching patern ST T S based the matching criterion D .

In practical pattern matching engines, qualification is an important property. For example, if we present a new (previoudy
unseen) pattern during query, how an AAM can expressthat it isa previousy unseen pattern? A conventional AAM, always
computes an output pattern, but there is no way of knowing if that output pattern is a seen, unseen, or a combination of two



Publi shed in the proceedings of the of 27th Applied Imagery Pattern Recognition (AIPR),
Advancesin Computer Asgsted Reaogrition, SPIE, v. 3584 October 14-16, 1998 Washington, DC, pp.174-185.

seen patterns. A well trained AAM will always converge to the nearest seen pattern, however, will not provide a clue that
how far is‘nearest’.

3.RETRIEVAL IN CURRENT MODELS

The variety of architecdural configuration and learning techniques that can be interpreted as a distributed and parall el model
of artificial associative memory is gaggering. However, the cdl architedure of Fig-2 and the transfer function of equation
bel ow together spedfy the esential buil ding blocks of any ANN or AAM.

d ...(5
Yi =9(w;,8)=a w; s +b andz = f(y;)

Here, S representstheinputsto this cdl and generally they assume valuesin the range from 0to 1 or from -1 to 1. Thiscdl

has remained virtually unaltered sinceits invention by McCull och and Pitts. Current AAMs vary among themsel ves based on
(i) the pattern of interconnedion network that connedsthese cdlsin anetwork (ii) mode and scenario o learning and/or (iii )
the spedfic type of non-linearity function f(). Within the scope of this paper, we are interested in the underlying function that

is optimized by the ambined dynamics of the algorithm pair { Ajearn: Aretrieve} » OF the matching criteria D .

Y
N

fO

wn

Fig-2 Basic Neuron Cdll

The optimizaion criteria of existing neural models diredly belong to type-U category. Models those use Hebbian class of
learning maximize global dot-product of the patterns [Koho89, Gros69, Klop87, Sang89. On the other hand, the models
those use LMS class of learning maximize global mean square aror [WiHo60, RUHW86]. There are also aher distance
measures which have been used in matching criterion (such as likdihood-ratio, entropy, etc.). Hopfield has given a unified
perspedive and demonstrated that al the neural networks minimize some form of energy function [Hopf82]. The key features

to notein al of these functions are (i) the set operator is a summation process M = é {>} , and (ii) the scope G of the set

operator is all-element-inclusive and is based on entire dement space or G=N, and (iii) the modulator function is only a
function of distance d = dist(>). These properties of existing neural computation models together makes them a type-U
memory.

The reason that conventional AAMs have not succealed in supporting Type-A or Type-B search liesright at the heart- the
scalar product rule of synaptic dficacy. An associative memory constructed by interconneding cdls with the scalar product
rule of synaptic transmisson spedfied by (5) can not realize theretrieval of type-B, or type-A. Thelimitation, although never
explicitly identified, but can be found in the experimentation reported by a number of other publications, including [ Tajo90,
Hopf82]. Although the formal prodf is beyond the scope of this paper (can be found in [Khan95]), the foll owing comments
can be made about their behavior:

(i) What is generally referred to as the ©robustnessO of a ANN originates from the dfed of activation ndmearity. However,
the same non-linearity that helpsin correding error may also catastrophically amplify error.
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(i) The exact weight of a particular erroneous eement is dedded by fixed vedor W . Vedor W is pre-dedded duing
learning and can not be modified dynamically at query. This eliminates the posshility of multipli cative modification like
making of synaptic inputsin proportion to their attention.

(iii) During training an AAM can adaptively determine the relative importance of the pixelsin a pattern. Thisisrefleded in
the weight set. However, once trained, the focus cannot be changed. For every, input pattern, it non-deterministically
converges to a single attractor. Whereas, dynamical search locali zation requires, that an AAM should be able to converge to
separate attractors, based on the choice of focus.

(iv) What is generally known as robustnessof ANN, is more spedfically its robustnessagainst noisy input. MP-neurons and
the mll edive network built upon them, does not have dired medcanism to be robust against missng elements.

(v) An AAM retrieves a pattern, however, it has no representational or computational mechanism to generate rell edion
distance On the other hand, in a classfier mode, the output of an ANN can be mnfigured to convey the strength of
membership for a single dass However, in this mode, it has no medchanism to retrieve the dass pattern. In other words,
conventional AAM do not produce qualifying recll edion.

4. HOLOGRAPHIC ASSICIATIVE COMPUTING

4.1. Representation

MHAC representsinformation as a two tire quantity, the actual measurement and a meta-information “attention” (or focus) .
For example for an image the pixel value is the measurement. Each pixd may also take an asociated secnd meta-quantity
representing the “importance’ of the pixel. Computationally, this bi-modal information is represented as a multi dimensiond
complexnnumber (MCN) spanned in a hyperspherical space In this sheme an element of information is represented as:

A1, ...(6
(A, (6)

s=0wa)bP e’

Here, @, isthe measurement and is mapped onto a set of phase dements g, intherangeof p2 q3 -p. / isthe
meta-quantity focus. Foll owing are the representations of a complete stimulus pattern and a response pattern:

g g Sl om St m ...(7a
[a 19! [a ij9.] [a 1j9jn] ( )
my — m m m
[ST]=[I"Te 1%e U AT ]
d‘;lf m d°-lf m dt‘;lf m 7b
(a ijfjil [a ijfjzl [a ijfjml ( )
m — m m m
[R"=[gfe’ .,g%e’ ,...gne’ ]

4.2. Training and Retrieval

Both the training and retrieval algorithms of MHAC have been derived from a digital adaptation of the optical transformsin
holography [Gabo69,PsFad5]. Learning constitutes computation of individual complex associations, and superimposition of
the associations on the hol ographic substrate. Foll owing equation describes a reinforcement model of holographic learning:

[X™=[X"T+[SI[X]) .8
The substrate [X] is dored as a MCN matrix. h is the learning constant. The substrate acts as the memory. The retrieval

processis smilar to gptical convolution. During recal, an excitatory stimulus pattern [se] is obtained from the query
pattern:
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..(9)

do-lA do-lA do-lA
e e [a. i|q|e,1] e [a. i|q|e,2] e [a. ilqle,n]
[S°]1=[I e’ 1 5e el S ]

In the event, that this new stimulus resembles closely to a priory encoded stimulus, then the crresponding response pattern is
generated with high magnitude. The deaoding operation is performed by computing the inner product of the ecitatory
stimulus and the @rrelation matrix [X]:

[Re]=%[Se].[X],WhereC=én_| k ..(10

The model treats the measurement component of information in a fundamentally different way than any NN. The dements of
these vedors are mmplex numbers and measurement components are exponents. A complete theoretical and empirical
analysis of the dharacteristics of this model can be found in [Khan95] and has appeared in [Khan98].

st dist()=la-b| s
| ot |
“
@
[ L
d= a*b o
D

Fig-3 Distance Measure Function in MHAC

4.3. Capabilities of MHAC

This memory can accept focus mask bath during encoding and retrieval. The masks are represented as the magnitude of the
corresponding complex eements. The mask used during encoding is call ed the “assertion mask’, and the mask used during
reclledion is called “attention mask”. Also this memory generates a complex output during recll edion. The magnitude
values of these dements are related to the pattern distance A normalized average of the retrieved pattern strength can be
interpreted as a ‘confidence feedback from the AAM for each retrieved pattern. The distance measure function of this
memory is given by Fig-3. The pattern matching ability of thismodel is simmarized bel ow:

Lemma 3 (Asgertion Control): Given anencoded stimulus [ S™] with urequd andog dstribution o assertion o its element

field spedfied by L™ =[/,,/ ,,...,/ ,], andthe memory dynamics sedfied by eguations (8) and (10), the dements of the
target pattern will contribute in the reconstruction d the target pattern [RR] in monaonic propation based on the

weighted importance spedfied inA™ .

Lemma 4 (Attention Control): Given a query stimulus [S?], with urequa andog dstribution d attention dstribution o its
element field spedfied by L® =[/,/,,...,/ ], the memory dynamics spedfied by equations (8) and (10) retrieves the
pattern which best resembles [SQ] , Wwhere, individud query dements contributes in the matching in monaonic propartion

based onthe weighted importance spedfied in LC.
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By adjusting individual / « 'S the antribution of each encoded stimulus element can be ntrolled during learning. A high

/ « Will allow the kth term to contribute more in the phase average, and vice versa. At the extreme, setting I =0 will

completdly attenuate this term. But, such analog control will have no multi pli cative distortion effed on the phase plane. This
medhanism corresponds to the process of learning with changeable assertion or the ability to incorporate focus during

training. In a similar way, by adjusting individual / «'S the antribution of each query stimulus element can be ntrolled

during guery. This medhanism corresponds to the processof retrieval with changeable attention or dynmical focus. Within
the region of focus (either by assertion or attention) the match is gill "statistical” like mnventional AAMSs. Thus, it maintains
the usual error tolerance of AAMs.

Finally, the above mmputational framework can also remnstruct a measure of match as a fundamental part of bi-modal
representation. This measure of match is named mean namali zed confidence (MNC).

Lemma 5 (Confidence Feeadback): Given a query stimulu [SQ] the memory dynamics gedfied by equaion (8) and (10)

generates a bi-modad output pattern [RR] , the phase of which corresponds to the retreived patern, and the magnitude of

which isinversely propartiona to the distance between [S?] and [RF]

4.4. A Scheme for Partial Pattern Matching

Now a scheme is described for associative partial pattern matching using MHAC. In its smplest form, a large number of
patterns are first "folded" into the crrelation memory substrate of MHAC using a generali zed multidimensional differential
version of the Hebhian learning algorithm. It is called the holograph. During the encoding, each input pattern is first
converted into an MCN stimulus pattern S. This pattern is associated with the MCN response pattern call ed Response Label
Pattern (RLP). To generate the pattern S, the encoder also accepts one assertion mask along with each of the patterns.
Assrtion mask spedfies the partial patterns inside each stored patterns which should take part in the match. The MCN
learning algorithm in addition to "enfolding" the individual measurements of the pattern elements (in the phase plane) also
learns the relative importance of the dements (in the magnitude plane) via these assrtion values. During the rell edion
process the memory receves a sample pattern and an attention mask. These two is used to oltain the MCN query pattern.
Oncethe query pattern is constrcuted, the associative search mecdhanism of MHAC performs asociative recll. It returns an
MCN pattern that corresponds to the RLP of the best match among the stored image. Therecall ed RLP pattern contains MCN
elements with phases and magnitudes. A vedor constructed out of the phase dements identifies the actual matching pattern.
The magnitude vedor corresponds to the MHAC's feadback confidence High magnitude of the retrieved index pattern
corresponds to potential match. Similarly, low magnitude rresponds to potential absence of the given objed in the

holograph.

A Dynamical Attention
|
|
|
|
|
|
|

>

Qualified Remlledion
/

3

Attention Ability

Fig-4 Pattern Matching Types
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5.CAPABILITY COMPARISON

Fig-4 and Table-1 present a comparative picture of the pattern matching abiliti es of various neural computing models. The
pattern matching abiliti es of asociative mmputing can be ategorized along threedimensions. First based on their attention
ability (ability to perform performing Type-U or Type-A/B search). Then, based on their ahility to perform Type-A or Type-
B search on test patterns (dynamical attention). Finally based on their ability to perform Qualifying Reclledion.
Conventional AAMs and ANNSs do not have the ahility to accept any spedfication of external significance during encoding
or during retrieval. AAMs can retrieve the patterns but cannot provide qualification. On the other hand ANNSs can provide
qualification but cannot generate patterns. In comparison MHAC encompasses the entire range of above search types.

Table-1 Pattern Matching Capabili ties

ANN AAM MHAC
Full Frame (Type-U) Y Y Y
Binary Attention (Type-B) Y
Analog Attention (Type-A) Y
Har d-Encoded Focus Y Y Y
Dynamical Focus Y
Pattern Realledion Y Y
Qualifying Relledion Y Y

6.APPLICATION MODELS

6.1. Small and Irregular Target Detection

MHAC technique, aong with the dynamical reclledion ability can be used to retrieve small targets, even if they are
irregular. Conventional ANN, although robugt, still requires about 50-70% of the sample pattern to match an encoded pattern.
As aresult, if the target is gnall, it can not deteaed conveniently. The dynamic focus and the MNC feedback ahiliti es of
MHAC can be ommbined to deted small targets. In this £heme a set of patterns can be encoded using usual MHAC encoding
algorithm. The recovery will require preparation of a set of template patterns. The templates are mnstructed in two steps,
first, by applying the attention mask on a sample image @ntaining the target. Since attention can be spedfied for every
pixd, therefore theirregularity of the target pattern does not effed the recogniti on capabilit y. Experiments have demonstrated
that the ‘attention mask’ can work with a window size as gnall as 10-20%, which far exceal the apability of any
conventional ANN. In the second step, a set of trandated search templates are generated by spatially diding the focus
window and objed pixes on the pattern space For example, for two dimensional image patterns, the template @n be
trandated on grid of size 4x4. Finally, for each grid location, a holographic deading is performed. Each deaoding returns a
distinct response pattern and corresponding MNC. A 3D plot of the MNCs at grid locations reveals the points of high
resonance. Points of high resonance indicate the eistence of matching images at those locations. Notably, such a search
cannot be performed on a non-qualifying engine.

6.2. Background Varying Target Recognition

Background varying target reagnition is an important pattern matching application and poses me serious chall enge to
ANN. If the area of background is much larger than the target in the image pattern, then it becomes extremdy difficult for
neural networksto deted the target. In most cases, the automatic reaogniti on processis baffled by the background. In general,
an ANN can only learns only what is sgnificant statistically. If the background is gatistically large, it can be easily mislead
to learn the background as the significant part of the training set. Some limited improvements of performance @n be
achieved by spedally doctoring the training set, where statistical prominence of the target objead is establi shed by presenting
large number of training sample.  MHAC, with its ability to focus can efficiently handle background varying target
reagnition. Its training processis much simple. If the background is known, the assertion mask can be used to diredly
encode the significance of the target compared to the background. During recll edion, the background can be spedfied by its
dynamic attention mask. In this processfirst the background region in thetest pattern is externally ssgmented. The “attention

mask” is then used to differentiate the background regions by assgning / « = 0 (very low value) for the pixels. The pixles

within the focusis assgned / « = 1. Notably, MHAC does not need a pred se segmentation algorithm. In many natural scene
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it is not posshle to segment clearly the background from fore ground. For ambiguous regions a value between 0-1, can be
assgned.

6.3. Content-Based Image Retrieval

Content based image retrieval (CBIR) is another difficult application for conventional AAMs. Besides, the problem of small
and background varying pattern reagnition its also neeals to deal with multiple visual ohjeds. In content-based image
retrieval a pattern isretrieved from a part of it. However, generally these parts (or visual objeds), those are used asindex are
sdleded by the inquirer during query time. It is quite difficult to isolate what ohjedsin a particular picture will be important
for a later query during encoding. Also, the definitions of visual objeds are fuzzy. Also a single encoded picture may have
multiple objeds inside it. Thus, based on the objed of focus, a single test pattern can result in different answer. Also the
visual objeds used for similarity are wngnitivically significant, and gute often they are not statistically significant in the
encoded and target patterns. This posed a serious difficulty for AAMs. The focus ability of MHAC can be utili zed to
perform content-based image retrieval. The general pattern reagnition scheme presented earlier can be used. Although in
principle, associative memories can diredly recll the target image, however, an index RLP should be used. There are two
advantages of going through the indiredion of index patterns (RLPs). First, the recalled patterns may contain some noise.
Because of the indiredion reclled RLPs can be ‘ cleaned’ and images can be retrieved crisp. RLPs can be spedally designed
and spaced in phase spacefor symmetry to facilit ate noise reduction and removal. The second advantage is the volume of the
holograph. As is evident from the encoding equation (8) the volume of the holograph is the product of the sizes of the two
asciated patterns and the dimensionality of the mmplex elements. The number of elements in the index pattern can be of
logarithmic order with resped to the number of images. RLP is generally much small er than the image. For example, if we
want to store 1024 images in a holograph, then only 10 element index patterns will be needed even assuming most liberal
binary spacing. This means that just an extra 1% space will be needed to support content based search. The holographic
search can provide extremely fast retrieval ability for CBIR. It can be noted from the deaoding algorithm that the retrieval
processis asingle anvolution process The reall ection time does not depend on the number of patternsin the holograph.

6.4. Robust Adaptive Control

The advantages of MHAC in control applications are several-fold. First of al current ANS methods do not lend themselves
well particularly to analog control because of the nature by which most operatein abinary mode. They operate éther as non-
qualifying filter or as a classfier with no control pattern output. Whereas MHAC operates inherently in analog domain and
can generate smoath control output aswell as MNC for advanced feedback contral. In additi on, the dynamic focusing ability
alows the design of a spedally robust control system that will be able to work, if a subset of sensors are lost dynamically. In
such asituation it will find the best match with resped to the surviving sensor inputs. If at any moment, if a control dedsion
is due with resped to a subset of sensor inputs, the attention mask have to be activated dfferentiating the surviving sensors
from the lost ones. The design and training of the @ntrol systems with MHAC is smilar in most respeds to the neura
configuration for classfication applications. The principal differenceisin the manner in which the response fil ed should be
structured. Design of control application offers a different input/cdl ratio for neural systemsthan image applications. Firstly,
is control appli cations the number of input eements are generally much small er compared to the mntrol sequencesthat have
to be remembered. Seandly, control applications typically demand complex arbitrary non-linear function approximation
ability of the network. These requirements can be satisfied using higher order holographic encoding of the foll owing form
[Suth9(]. The sensor patterns can be mnverted into higher order terms by coll eding higher-order statistics terms generated
from the original sensor stimulus. The foll owing general equation can be used for generating higher order statistics.

) . (12
— -1 (k,m
X = O / r(k,m)e e
m=1

The actua encoding, and retrieval can be performed between the higher-order expanded <stimulus pattern

XM =[x"x"...x"] and the associatied sensor responseterm R™. Here (K, m) is some arbitrary function that sdleds

the input data elements as a function of k and the product term m. Each high order input term contains a set of base sensor
inputs anded togather. Thus, the represent the net focus value (assertion or attention) for the generated term. If a particular
sensor has to be ignored, its effed is propagated to the derivative terms via the product form. The number of distinct term
generated by the above is combinatorial in nature and is:
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With higher order encoding, the apacity (number of input/output mapping) that can be stored in a network can be increased
amost limitlesdy. Fig-5(a) provides a schematic of a control system which can learn an enormous number of time series of

stimulus and response pairs. During encoding the assertion mask is generally set to all 1.0. Fig-5(b) shows the decoder
arrangement. The assertion mask can be used to sded any working set of sensors.

High-Order Holographic
Expansion Encodina

Assertion Mask Desired Response Sensor Pattern
(state at t+1) (state at t)

(a) MHAC configuration for learning

High-Order Holographic
Expansion Decoding

> ]
Attention Mask Sensor Pattern Desired Response
101001001111 (state at t) (state at t+1)

Sensor Array T

L/\ i /\ /\ /\ /\ iiﬁ @ Survivina Sensor

(b) MHAC configuration for retrieval

Fiog-5 MHAC Configuration for Time Series Learning in Control Application

7.CONCLUSIONS

Neural associative wmputing has a number of advantages attractive to high performance real time pattern matching
applications. They are adaptive. Patterns of arbitrary complexity can belearned through general purpose learning algorithms.
They are fast. Retrieval operations are generally constant time operation. As a result, once learned, massve amount of
patterns can be searched and retrieved in near real time. They are also highly paralldizable Despite their superb
characteristics, however, neural network based associative cmputing has found limited successin general pattern matching,
except as a full frame adaptive filter, over the last 50 years. One of the limiti ng reason is their inability to perform dynamic
search localization. In this paper, an attempt have been made to formally identify the requirements for an advanced
associative memory modd which can perform search with locali zed attention within the paradigm of parallel and dstributed
asciative ommputing. Also an instance of an advanced memory MHAC, which satisfies much of the aiterion, including
dynamic search locali zation, has been demonstrated. It also retains the key attractive properties of asociative mmputing. In
addition this particular memory has excdl ent potential for fast optical realization [Khan95MiFa90]. This type of memory is
applicable in numerous pattern matching and memory retrieval probems. The above memory has been applied for content-
based image retrieval. Currently, we are experimenting two aher attentive learning models based on principal component
analysis[KhYu94,Sang89, and sdlf-organizing feature map [Koho89]. Diverse models of attentive memories are potentiall y
realizable (to suit spedfic applications) within the generalized representation and synaptic dficacy function family
demonstrated in this paper with appropriate transformation of many current learning models.
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