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Abstract

The DARE architectureis an emotion-basedagent
model. This modelis basedon a double-representation
of stimuli: a complex representationprientedtowards
recognitionandsimpleone,orientedtowardsfeatureex-
traction. Thesetwo representationare associatedand
storedin the agentmemory This paperdescribes for-
malizationof anindexing mechanismGivenanew stim-
ulus, the goal of this mechanisnconsistsof finding in
memory efficiently, usingthe simplerepresentatiorthe
bestmatchingitem accordingto thecomple representa-
tion. To assesshe efficiency gainof this mechanisman
implementatiorwasdevisedusingtheclassiaecognition
problemof handwrittendigits.

Key Words: Emotions Agents,Representation.

1 Introduction

The fundamentalidea of the DARE emotion-basear-
chitectureconsistf representingtimuli undertwo dif-
ferentperspecities: a cognitive one,which is rich, com-
plex, andorientedtowardsrecognition,anda perceptual
one,whichis simple,basic,andorientedtowardsfeature
extraction and rapid responsd1]. All further develop-
mentsand implementationof DARE follow this basic
idea. Someinitial experimentatior{2] followedthefirst
ideasof DARE [1]. MarciaMagasimproved the archi-
tectureandappliedit to a labyrinth[3], and PedroVale
hasbeenexploringthelearningcapabilitiesof DARE [4].
The DARE architecturewasalsoimplementedn areal
robot,with someinterestingresults[5]. A moresophisti-
catedmemorymechanisnwasproposedndappliedto a
controlproblem[6]. SandraGadanhdasbeenexploring
thecombinationof thearchitectureshepreviously devel-
oped,with DARE [7].
Thedouble-representatigraradignof DARE s in-
spiredon extensie work doneby Antonio Damasio[8,
9]. He hashypothesizedhe idea of somatic marler,
which consistsof associatingcertain stimuli with de-
sirable/undesirabléody states. Failure to createand
use theseassociationsnamely in the caseof lesions
in the pre-frontal cortex, often leadsto what Damasio
calls “future myopia” [9]. This term refersto insensi-
tivity to futureconsequences certaindecisionsmostly

whenthe subjectis facedwith common-sensdecision-
makingproblemg8]. Theideaof double-representation
of stimuli, in the context of emotions,is not origi-
nal. JosephLeDoux hasextensive work aboutdouble-
pathwaysfoundin thebrain[10].

On top of the double-representatioidea, three
mechanismsawvere hypothesized: the marking mecha-
nism,which correspond$o associatingfor agivenstim-
ulus, the cognitive with the perceptualrepresentations,
andstoringthemin memory;the matding mechanism,
which searcheshe memoryfor a pair which cognitive
and perceptuakepresentationbestmatchthe onesex-
tractedfrom a given stimulus; and the indexing mech-
anism which improves the efficiency of the matching
mechanisby the meansof exploiting the differencein
termsof compleity of thetwo representations.

Researclzoncerningemotionsjn thecontext of Al,
can be roughly divided in two domains: one concern-
ing externalmanifestation®f emotions(e.g.,believable
agentd[11], affective computing[12]), andanotherone
concerningits internal manifestationge.g., alarm sys-
tem[13], appraisatheory[14]). We positionthe present
work in the context of this latter domain. Our research
goal is to devise a formal model for a emotion-based
agent,which is ableto performcompetentlyin comple
and dynamic ernvironments. Thereis somerelatedre-
searchconcerningheformalizationof emotions.For in-
stanceZipporaArzi-Gonczaravskihasbeenusingmath-
ematicalcategyory theoryto modelperceptionandemo-
tions [15]. Piotr J. Gmytrasiavicz hasalso developed
someresearchtowardsformalization of emotions[16],
approachingt from a decisiontheoreticpoint of view.

The following sectiondescribesa formalizationof
the indexing mechanism. Sometheoreticalresultsare
shavn. In section3 an implementationillustratesthe
gainin termsof efficiency of sucha mechanism.

2 Proposed model

The agentmodelis basedon a doublerepresentatiof
stimuli. ConsiderS to denotethe setof all possiblestim-
uli theagentcanreceve from theervironment.At atime
instant¢, the agentextractsa cognitive representation,
termedcognitive image, and a perceptualone, termed
perceptualimage. Consideringthe setsZ, andZ, to be
the setof all possiblecognitive and perceptuaimages,



givena stimuluss(t) € S, the extractionof the cogni-
tive andperceptuaimagesi.(t) € Z. andip(t) € Z, are
formalizedby thefunctionsp. andp,:

pe:S — 1,

{ ie(t) = pe (s(1)) @)
pp:S—1I,

{ in(t) = pp (5(1)) @

Unlessotherwisenoted thetime dependengont will be
droppedfor clarity sale.

21 Marking

The marking mechanisnsimply associatesfor a setof
timeinstantdor whichtheagentrecevesastimulusfrom
theernvironment,the cognitive andperceptualmagesex-
tractedatthoseinstants Let 7y, denotehesetof timein-
stantsfor which associationareformedandstored.The
memoryis thena setof pairsmM C Z. x 7,

M = {(ic(t),ip(t)) [ T € Tar} 3)

2.2 Matching

In orderto beableto comparecognitive or perceptuaim-
agesametricfunctionwill beused.ThesetsZ, andZ,,
eachone equippedwith a metric function, form metric
spacesWe will designatehesemetricfunctionsd, and
dp, respectiely:

dC:chIC—HR(')" 4

dy:T, x T, — RE (5)

both definedover the setR}™ of non-neyative real num-
bers.Both thesemetricssatisfythe usualmetricaxioms:

(). d(z,z) =0

(i). d(z,y) >0

(iii). d(z,y) = d(y,z)

(iv). d(z,y) + d(y,2) > d(z,2)

for d beingeitherd, or d,, andfor ary z, y, andz in the
respectre spacgZ. or Zp).

The idea behind the cognitive and the perceptual
imagesis for the formerto be a complec representation
of a stimulus,while the latteris a simplerepresentation
of the samestimulus. Thereforeit is reasonabléo view
a perceptualmageasa lower dimensionprojectionof a
higherdimensionakognitive image. In fact, we assume
thatthereis a projectionp : Z, — Z,, from the cogni-
tive to the perceptuabpacessuchthatp, is the function
compositionof p,. followedby p:

Pp =POD. (6)

With thisideain mind, we assumén this paperthat
thed. andd, metricsaresuchthat:

de (pe(51),Pe(52)) > dp (Pp(s1),0p(52)) (V)

for all s1,s2 € S. Intuitively this meanghatthe projec-
tive natureof the perceptuakpacetendsto keepcloser
two stimuli thatarefartherapartin the cognitive space,
orin otherwords,thecognitive spacehasgreatresolution
powerthanthe perceptuakpace.

The goal of the matchingmechanisnis to find, in
thememory M, apairwhich bestmatchesgivenstimu-
lusrecevvedby theagent.Sincewe assumedhatthecog-
nitive imagecontainsa richer representationf a stimu-
lus, it makessensdo look for amatchusingthecognitive
metricd.. A cognitive match,for a given cognitive im-
agei., is thendefinedasa minimizationof the cognitive
distance:

(i*,i*) = em*(i.) = argmin d.(ic,i™) (8)
(iM M) eM

Using the perceptuatepresentatioifand metric) in this
task would lead to poorerresults, sinceit provides a
coarsegrainedrepresentationHowever, dueto its lower
dimensionality it would be computationallymore effi-
cient. Theideaof theindexing mechanismgdescribedn
the next section,is to combinethe efficiency of the per
ceptualrepresentationvith the fine grainedaccurag of
thecognitive one.

2.3 Indexing

The basicidea of the indexing mechanismconsistsof
narroving the searchfor a cognitive matchfunction (8)
to asubsebf pairsin memory M. We denotethis subset
asS,(ip) C M, for agivenperceptualmagei,, defined
by

Sp(ip) = {(Zéw,zéw) eM | dp(ipaiM) < Tp} 9

whereT), is somethreshold. Having obtainedS), (i,), a
cognitive matchis thenperformedyestrictedo thatsub-
setof pairs:

de(ic,iy") (10)

arg min
(i¢,i)7)€Sp (ip)

The efficiency gain of restricting the cognitive
matchto the S,(i,) subsets ashigh asfewer pairsare
containedn S, (i,). Thepriceto payis theneedto eval-
uatethe perceptuablistancedp(z'p,z‘é”) for all memory
pairsin M. Thatis why the perceptuatepresentatiois
supposedo be simple,andthe perceptuametricd, fast
to compute.

Usingthe assumptior{7) madein the previoussec-
tion, thefollowing lemmacanbetrivially proved:

Lemmal Giventhe d. and d, metrics satisfyingthe
condition(7), and S, (ip) C M asdefinedin (9), when-
everd,(ic,i}") < T, wehave(i}',i}) € Sp(ip).



Proof. Observmgthatd (zp,z ) < de(ie, i) <
T, weimmediatelyhave (i, iM) € S, (i,) by definition
ofS p(ip) N (9).

An interestingconsequencef this lemmais that
wheneer the bestcognitive match (i7,iy) = cm* (i)
(from (8)) satisfiesd. (i.,i%) < Tp, we have necessarily
that (i, i5) € Sp(ip) andtherefore( if,it) = em™ (i)
obtainedfrom (10) is thesamejj.e., (i*,% ;) = (if,i}).
In otherwords, underthe above conditions,we getan
equallygoodcognitive match,usingjusttherestrictedset
Sp(ip), thus preventingthe calculationof the cognitive
distanced, for all memorypairsin M, asin (8).

Predefiningavaluefor thethresholdrl’, canbevery
problematic sinceit depend®n the metric propertiesof
the domain,aswell ason the cognitive and perceptual
representation®n onehand,for atoo high valueof T,
the Sy (i,,) degenerateso Sy (i,) = M, if dy(ip, i) <
T, for all (i é”,zf,”) € M. On the other for atoo low
valueof Ty, it mayhapperthatthedesired’ is suchthat
d.(ic,i%) > Ty, notonly preventingthe applicationof
lemmal, but alsopossiblyleadingto (i}, iy) & Sp(ip).-

We call this strat@yy of predefininga thresholdT,,
thresholding To tackle the difficulty of pre-defining
such a thresholdvalue, an alternatve stratey is pro-
posedwhichwe call N-best:insteadof obtainingS, (i,)
from T}, the ideais to includein S,(i,) the N, mem-
ory pairswith thelowestperceptuablistanced,, (i,, i;,” ).
This meanghat

c’p

T, € Rf suchthat [Sy(ip)| =N,  (11)

assumingM| > N,. This resultson anupperboundto
thenumberof cognitive distancesl,. to becalculated.

We canthenfind the bestcognitive match (i, 4.})
in Sp(ip) usmg(lO) Suppos@ow thatthereis onemem-
ory pair (i, i3 ) € Sp(ip) suchthat

(i iS) > delic,i}) (12)

Since S, (i) was definedin sucha way that, for all
(ic, i) € M\ Sp(ip),

dp(ipail) > d (Zpaz ) (13)
it follows that,for all (i, 4;,) € M \ Sy (ip)

de(icyie) > dp(ip,i,) by(7)
> dy(ip, 5) by (9) (14)
> dc(zc; j_) by (12)

which meanghatd, (i, i) > d.(i.,i}). Thesetwo re-
lations obtainedby transitvity of the inequalitieshave
aninterestingconsequencethe (i} ,z‘+) pair minimizes
the cognitivedistanced, (i., i) overthewholememory
M, in otherwords, (if,i}) = em™(i.) = (if,i;) =
em*(ic). Thlsresultprovesthefollowmg lemma:

1Thisassertiorfails if thereareseveralmemorypairswith thesame
perceptuatistancevalue. ChoosingS (i) with the NV, bestpercep-
tual matchesloesnotyield a uniquesolutionin this case.And thereis
no T} valuesuchthatexpression(9) resultsin thesameSy (i, ).

Lemma?2 For a subsetS,(i,) C M as definedin
(9), and the minimizationsin (8) and (10), wheneer
dy(ip,i5) > de(ic,if) for somepair (i2,i5) € Sp(ip),
wehavecm+( ¢) = em*(i).

Both the thresholdingand N-beststratgiescanbe
seenas stop criteria of the cognitive matchingmecha-
nism. Given a stimuluss, the agentcalculateshe per
ceptualdistancesof the extractedi, to the onesstored
in memory M. Thegoal of the thresholdingand N-best
stratgiesis to selecta subsetS, (i), whichwill beused
to performthecalculationsof the cognitive distancesand
their minimization.

Thelemma2 canbe usedasa third stopcriterion.
TheS,(ip) subsetanbeconstructedncrementallyfirst
the memory pair with the smallestperceptualdistance
dy(ip,i)"), thenwith the seconcbest,andsoon. When-
ever the hypothesiof thelemma2 is met, we have the
guarante¢hatthecognitvematchem™ (i..), in thesubset
Sp(ip), is indeedthebestone.

Notethatthe condition(7) canbereplacedyy

)\dc(icla ic2) Z dp(iplain) (15)

for somepositive A, whichis thesameasscalingthecog-
nitivemetricby ascalarX. If condition(7) is notsatisfied
by somepair of metricsd. andd,, it mayhapperthatfor

somesufiiciently largevalueof A, condition(15)is satis-
fied. However, if we re-write the hypothesiof lemma2

usingthe A scalingvalue:

i i5) > Meic,i7) (16)

we canobsenre that, as A increasesthis condition be-
comesmoredifficult to satisfy By difficult we meanthat
morememorypairsneedto beaccumulatedn S, (ip), in
orderto satisfy(16).

However, this argumentis reversiblein the follow-
ing senseassuminghata pair of metricsalreadysatisfy
condition(7), we maybeableto chooseavalueof A, be-
tween0 and1, suchthatnot only condition(15) is true,
but alsothe inequality (16) is more easily satisfied. In
otherwords,by scalingthe cognitive metric,a stopcrite-
ria basedon lemma2 mayimprove the efficiency of the
indexing mechanism.The drawbackof scalingthe cog-
nitive distances thatit maybreakcondition(7).

Let us summarizehe threestratgiesof construct-
ing S, (ip) thatwe have proposedn this section:

e Thethresholdingstratey allows usto adjustup to
which cognitive distancewe wantto obtainthe best
cognitive match. If we setT}, to thatdistance the
subsetS,(i,) is constructecby the meansof per
ceptualdistancesandthen, by lemmal, we have
the guaranteehat, if the bestcognitive matchdis-
tancedoesnot exceedT), that matchis in S, (ip).
However, the choiceof athresholdvalueT), is very
sensitve to the domain,in termsof numericalval-
uesof the distancestoo low or too high valuesof
thethresholdcanleadto degeneratedubsetsS, (ip)
(emptyor equalto M);



e The N-beststratgy solvesthe domaindependeng
problemof the thresholdingby constructingSy, (i)
basedon the N, bestperceptualmatches,rather
thanon thresholdingmetric values. Moreover, de-
pendingonthecomputationatesourcesind/ortime
availableto processhestimulus,S),(i,) cancontain
moreor lesspairsin S, (i,) to performthecognitive
match. The drawbackis thatthereis no guarantee
of finding the bestcognitive match(lemmal does

notapply);

e Thestrat@y basedon lemma2 canbe usedin con-
junction with the previous one, in the sensethat
whenthe conditionsof the lemmaaremet, thereis
no useon addingmorepairsto S, (i,) (assumingts
incrementalconstruction).However, dependingon
how largerthe cognitive distancesare, with respect
to the perceptuabnes,theseconditionsmay never
bemet. Moreover, we canscalethe cognitive metric
in orderto facilitatethe satisfictionof the hypothe-
sisof lemma2. Thedrawbackof this scalingis that
its valueis domaindependent.

In thefollowing section theideasdevelopedabore
are put into practicein animplementation. The results
presentedelonv shav someinterestingresultswhichiil-
lustratethe gains,in termsof efficiency, thatcanbe ob-
tainedwith theindexing mechanism.

3 Illustrative Example

To experimentwith the indexing mechanisnformulated
above,a simpleexamplewasdevised. The problemcon-
sistsof the classicahand-writtendigit recognitionprob-
lem. Eachdigit consistsof a binaryimage,andis clas-
sified with the respectie digit symbol: 0 to 9. Thetask
is to performrecognitionusingthe emotion-basedrchi-
tecture comparingthe performancef the purecognitive
match (exhaustve searchcomparingcognitive images)
with the guidanceprovided by the indexing mechanism.
A stimulusis consideredsuccessfullyrecognizedwvhen
its digit symbolis the sameasthe oneof thebestmatch.

3.1 Implementation

The cognitive imageis the binary imageitself (i, = s,
i.e., p. is the identity function,andZ, = §). Consid-
ering W to bethewidth and H the height(in pixels) of
theimagesthe stimuli andthe cognitiveimageshave the
form:

bll ot le

b1 -+ baw
where by; € {0,1} (for &k = L H and! =
., W). The perceptuaimageis a vectorof size W

(sameastheimageswidth) constructedy countingthe
numberof “1” pixelsfor eachcolumn,having theform:

ip=[m - nw] (18)

whereeachn;, € Ny (non-ngativeintegers)is calculated
by thefollowing expression:

H
=Y by, k=1,...,W (19)

Theperceptuametricd, is asimpleEuclideandis-
tancebetweenwo vectors(thesuperscriptsi and B dis-
tinguisheachvectorinvolved)

while the cognitive metric correspondso the Hamming
distancebetweerntwo binaryimages:

W H
=2 > Pi-vh| @D
k=1 1=1
Thesetwo metricssatisfythe metricaxioms:the percep-
tual metric (20) is trivial, sinceit is an Euclideannorm;
it is fairly easyto checkthatthe cognitive one(21) also
verifiesthem.

Consideringtwo stimuli s# and s?, the cogni-
tive and perceptuaimagesextractedare denotedi? =
pc(SA)v Z? = pp(SA)v ch = pc(sB)’ andif = pP(SB)'
Let us expandthe following expression,which we call
X,

A

X = [d, (zg‘,zB)] - [dp(z;‘,zB)] (22)

Usingthedefinitionsfor d., d,, andn; abose,we obtain

_ [ﬁiwg_bgr-ﬂi(%—bﬁ)r

k=11=1 k=1 Li=1
(23)

Sincela + b| < |a| + [b|, andby induction| )", z;| <
>~; lzi|, we obtainthefollowing inequality

H

v B

blk blk
k=1 1

= k=1 LI=1

)| -X ot bﬁ)(L) v

alsodefiningY astheright sideof the inequality Now
consideringhatif a,b > 0, then(a + b)? = a® + 2ab +
v > a® + b2, andby induction (Y, z;)* > 3, 2, we
canwrite

W [H 2 wrH 2
YZZ[Z (bik — ]—Z[ (bik — bzk] =0
k=1 LI=1 k=1
(25)
ThereforeX > Y > 0, whichis the sameto saythat

[de(i2,i8))" > [dp(igig)] (26)
andsincethemetricssatisfythemetricaxiom(ii), wecan

concludethat

do(if i) > dp(iy i) (27)
which satisfiescondition (7). This meansthatthe theo-
reticalresultsobtainedn section2 canbe applied.



3.2 Reaults

In thefollowing experimentsa well-known test-set was
used.Thistest-setonsistof 1934sampleof handwrit-
tendigits (0to 9), scannednto binaryimagesof 32 by 32
pixels(W = H = 32). Fromthesesamplesatraining
andatestsetwererandomlypickedup, forming two dis-
joint sets.This correspondso the usualcross-alidation
procedure.

Thetrainingprocessonsistof runningthroughall
elementsof the training set, and for eachone of them,
storingin memorythe pair of the cognitive and percep-
tual imagesextracted. In orderto evaluaterecognition
succesgatio, the correspondingligit symbol was also
attachedo eachpair.

Fourmatchingmechanismsveretested.Theresults
shavn below wereobtainedaveraginglOtrials, eachone
usingdisjoint training andtestsets,containingl 500and
200 digits respectrely, randomlychosenfrom the pool
of 1934patterns.

1. Pureperceptuamatching— thememorypairwhich
the perceptualimage is closerto the one extracted
from the stimulus;

(iM,iM) = argmin d, (ip,i)) (28)

(M, em

2. Purecognitive matching— the memorypair which
cognitive image is closerto the one extractedfrom
the stimulus;

(i?,i?) = argmin d. (ic,i}) (29)
(iM iM)eM

3. Guidedcognitve matching(indexing), usingthresh-
olding — like in the pure cognitive matchingbut
wherethe setof memorypairsusedis restrictedby
apureperceptuamatching.Thisrestrictionis based
onthresholdinghe perceptuatlistances;

(i®,i)) = argmin  d, (i, i)
1(\:’[5:‘/1,3\%/’)65?(1';,) v
Spip) = {(Zc yip ) € M| dp(ip, iy ) < Tp}
(30)

4. Guidedcognitive matching(indexing), usingN-best
— like the one above, but the restriction corre-

sponddgo choosingthe IV, bestperceptuamatches.

(iW,iY) = argmin d. (ic,i)")
(i4,iM0) €S, (i) (31)
T, € R suchthat |S,(i,)| = N,

Theimplementatiorof thelasttwo matchingmech-
anismswas basedon the following algorithm: for a
(ic,ip) pair extractedfroma givenstimulus,

20Optical Recognitionof Handwritten Digits, from E. Alpaydin,
C. Kayna, URL: ftp://ftp.ics.uci.edu/ pub/ machi ne-
| ear ni ng- dat abases/optdi gits/ .

1. Calculatethe perceptuablistanced, (ip, i}") for all

pairsin memory(i}, i) e M;

2. Sortthe pairsin memory M in increasingorderof
its perceptuatlistanced, (i, in’);

3. Scanthe obtainedlist until the correspondingstop
criterionis met: thresholdvalue,or numberof best
matchingpairs.

To haveanideaontherelationshipbetweerthecog-
nitive andperceptuatlistanceobtainedafterthe sorting
operationin step2, figure 1 plotsthesetwo distancegor
arandomlychoserinput stimulus,from the testset.
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Figurel. Cognitive andperceptuatlistance®f atypical
stimulus,with respecto thelist of memorypairs,sorted
by increasingperceptuatliistancesl, (i, z‘f,”). Thelower
tracecorresponds$o the perceptuatistances.

Table 1 shaws the resultsfor the first two tests.
Thereis acleartrade-of betweeranextremelyslow cog-
nitive matching,with a high succesgate, and the fast
perceptuamatchleadingto poorresults.

| mechanism| min (%) avr (%) max(%) | time |
cognitive 94.0 96.45 100.0 130
perceptuall 66.0 69.45 72.0 1

Table 1. Resultsfor the pure cognitive and perceptual
matching:theminimum, maximum,andaveragesuccess
ratesfor all trials,andthetime ratio (perceptual=1).

With respecto the othertwo tests,which evaluate
theindexing mechanisnin this domain,the plotsin fig-
ure 2 shawv how the successatesdepend®n a parame-
ter. Usingthresholding(figure 2a), the parameteis the
thresholdvalue (T},), and using N-best(figure 2b), the
parametelis the numberof closestperceptualmatches
consideredor indexing (IVp).

The two plots shavn in figure 2 expressbasically
thesameoutcome sincethey bothresultfrom theindex-
ing mechanism. What makes them differentis the de-
pendeng onthe parameterin (a) thedependengon T,
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Figure2. Successatesobtainedusingtheindexing mechanism(a) thresholdingasfunctionof thethresholdvalue;(b) N-
best asfunctionof the numberof perceptuamatchesised.Thevaluesfor executiontime areexpressedsa percentagef
thetime taken by the purecognitive match(first line of table1). In both plots,thetwo horizontallines denotethe average
successatefor the purecognitive (higher)and pureperceptuallower) matchingmechanismsNote the differencescales

in therightmostaxis (time).

is explicit, while in (b) the relationshipis implicit. It is
easyto realizethatthereis a non-linearmonotonicrela-
tion betweerthe horizontalaxis, sinceeachvalueof T,
leadsto somenumberof pairsin S, (i,). And this num-
berof pairsincreasesnonotonicallywith 7.

In the (b) plot, therelative executiontime increases
linearly with the IV, parameterbecauset determines
how mary cognitive distanceshave to be calculated.
However, it is interestingto note that the succesgate
risesabove 90% whenjust about10 perceptuamatches
(in Sp(ip)) areused. At this point, the cognitive match
is usingabout2.5%of thetime takenby a purecognitive
match.

Up to now, the lemma2 was not used. One pos-
sible useof it is asa stop criterion for an incremental
constructionof S,(i,). An initial directusein this im-
plementatioried to poorresults:the subsetS, (i,) often
degeneratedo M, becausehe hypothesif thelemma
wasrarely met. Therefore,we tried scalingthe cogni-
tive metricasin (16). Of course,jn doingso,the condi-
tion (27) may not be true. Figure 3 shows the resultsin
functionof A, usingthis strateyy.

This plot shaws that the resultsare very sensitve
to the A parameterFor too low valuesof A, (27) is eas-
ily satisfied,leadingto the samesuccessateasa pure
perceptuamatch. For too high valuesof A, the stopcri-
teriontendsto beneveruseddegeneratingn aslow pure
cognitive match(the processingime raisesat a signifi-
cantrate,in directionof 100%). However, for a rangeof
A valuesit is possibleto obtainvery goodresults keep-
ing the processingime at low levels. Notethatin these
resultsthe stopcriterion basedon lemmaz2 replacesn-
tirely thethresholdingandthe N-beststrateyies.
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Figure3. Resultsobtainedusinglemma2 asa stopcrite-
ria (seefigure 2 for furtherdetails).

4 Conclusions and future work

This papempresentghefirst stepstowardsthe formaliza-
tion of the DARE architecture. The underlyingidea of
DARE consistsof manipulatingtwo distinctrepresenta-
tions of stimuli. A cognitive one,which is complex and
rich, but slow to processanda perceptuabne,which is
simple, but fastto process. This papercoversthe for-
malizationof theindexing mechanismwhich consistof
usingthe perceptua(simple)representatioto guidethe
searchfor a cognitive (rich) match.

Section2 hasshavn sometheoreticaresultswhich
can be drawvn from a few assumptionon the (metric)
structureof the cognitive andperceptuatepresentations.
Then,section3 presenteé@nimplementationalongwith
experimentalresults, that illustrate some of the ideas
raisedby the theoreticaldiscussion.Specifically signif-



icant efficiency gainswere obtained:for instancejden-
tical recognitionsuccessates(about95%)wereattained
with just about5% of the time taken by an exhaustve
cognitive search.This correspondso restrictingthe cog-
nitive matchto afew tenthsof memorypairs,from apool
of 1500pairsin memory

Let us stressthe factthatin this paper the goalis
not to obtaina good recognitionrate. The recognition
ratesobtainedare sole merit of the Hammingdistance
usedin the cognitive metric¢. The goal of the indexing
mechanisnis ratherto approactthelevel of performance
of the cognitive metric, withoutthe necessityof evaluat-
ing the cognitive metric for all memorypairs. A good
indexing mechanisishouldobtainthe sameresultsof a
purecognitive match,with muchlesscalculationsof the
cognitive metric.

Future research,n the context of this paper in-
cludesseveral topics. We are interestedin extending
the formalizationto other mechanismgeferedin sec-
tion 2. An importantresearchdirectionconsistsof clos-
ing the loop with the ervironment. With respectto the
indexing mechanismthereare somepossibilitiesopen.
For instance,it may be interestingto explore the con-
sequencesf modifying the structureof the perceptual
image,namelyby addingor removing componentso it.
Suchmaodificationamay be combinedwith anincremen-
tal constructiorof the agentmemory M. Anotherinter-
estingtopic correspondso thepossibilityof cateyorizing
the cognitive image,by the meansof the perceptuatep-
resentation.
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