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Abstract

The DARE architecture is an emotion-basedagent
model. This model is basedon a double-representation
of stimuli: a complex representation,orientedtowards
recognition,andsimpleone,orientedtowardsfeatureex-
traction. Thesetwo representationsare associatedand
storedin theagentmemory. This paperdescribesa for-
malizationof anindexing mechanism.Givenanew stim-
ulus, the goal of this mechanismconsistsof finding in
memory, efficiently, usingthesimplerepresentation,the
bestmatchingitemaccordingto thecomplex representa-
tion. To assesstheefficiency gainof this mechanism,an
implementationwasdevisedusingtheclassicrecognition
problemof handwrittendigits.
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1 Introduction

The fundamentalidea of the DARE emotion-basedar-
chitectureconsistsof representingstimuli undertwo dif-
ferentperspectives:a cognitiveone,which is rich, com-
plex, andorientedtowardsrecognition,anda perceptual
one,which is simple,basic,andorientedtowardsfeature
extractionandrapid response[1]. All further develop-
mentsand implementationsof DARE follow this basic
idea. Someinitial experimentation[2] followedthefirst
ideasof DARE [1]. MárciaMaçãs improved the archi-
tectureandappliedit to a labyrinth [3], andPedroVale
hasbeenexploringthelearningcapabilitiesof DARE[4].
The DARE architecturewasalsoimplementedin a real
robot,with someinterestingresults[5]. A moresophisti-
catedmemorymechanismwasproposedandappliedto a
controlproblem[6]. SandraGadanhohasbeenexploring
thecombinationof thearchitectureshepreviouslydevel-
oped,with DARE [7].

Thedouble-representationparadigmof DAREis in-
spiredon extensive work doneby Antonio Damásio[8,
9]. He has hypothesizedthe idea of somaticmarker,
which consistsof associatingcertain stimuli with de-
sirable/undesirablebody states. Failure to createand
use theseassociations,namely in the caseof lesions
in the pre-frontalcortex, often leadsto what Damásio
calls “future myopia” [9]. This term refersto insensi-
tivity to futureconsequencesof certaindecisions,mostly

whenthe subjectis facedwith common-sensedecision-
makingproblems[8]. 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-representationidea, three
mechanismswere hypothesized: the marking mecha-
nism,whichcorrespondsto associating,for agivenstim-
ulus, the cognitive with the perceptualrepresentations,
andstoringthemin memory;the matching mechanism,
which searchesthe memoryfor a pair which cognitive
and perceptualrepresentationsbestmatchthe onesex-
tractedfrom a given stimulus; and the indexing mech-
anism which improves the efficiency of the matching
mechanismby the meansof exploiting the differencein
termsof complexity of thetwo representations.

Researchconcerningemotions,in thecontext of AI,
can be roughly divided in two domains: one concern-
ing externalmanifestationsof emotions(e.g.,believable
agents[11], affective computing[12]), andanotherone
concerningits internal manifestations(e.g., alarm sys-
tem[13], appraisaltheory[14]). We positionthepresent
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 complex
and dynamicenvironments. There is somerelatedre-
searchconcerningtheformalizationof emotions.For in-
stance,ZipporaArzi-Gonczarowskihasbeenusingmath-
ematicalcategory theoryto modelperceptionsandemo-
tions [15]. Piotr J. Gmytrasiewicz hasalso developed
someresearchtowardsformalizationof emotions[16],
approachingit from a decisiontheoreticpointof view.

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

2 Proposed model

The agentmodel is basedon a doublerepresentationof
stimuli. Consider� to denotethesetof all possiblestim-
uli theagentcanreceivefrom theenvironment.At atime
instant � , the agentextractsa cognitive representation,
termedcognitive image, and a perceptualone, termed
perceptualimage. Consideringthe sets��� and ��� to be
the setof all possiblecognitive andperceptualimages,



given a stimulus 	�
������� , the extractionof the cogni-
tive and� perceptualimages����
��������� and ����
��������� are
formalizedby thefunctions� � and� � :� ���� !�#"�$%������&
���(')�*��
+	,
���� (1)� ���- !�#"�$%�������
���(')�.��
+	,
���� (2)

Unlessotherwisenoted,thetimedependency on � will be
dropped,for clarity sake.

2.1 Marking

The markingmechanismsimply associates,for a setof
timeinstantsfor whichtheagentreceivesastimulusfrom
theenvironment,thecognitiveandperceptualimagesex-
tractedatthoseinstants.Let /.0 denotethesetof timein-
stantsfor which associationsareformedandstored.The
memoryis thena setof pairs 1 23���54-���16' � 
�� � 
���87�� � 
���9�:;�<�=/ 0 � (3)

2.2 Matching

In orderto beableto comparecognitiveor perceptualim-
ages,a metric functionwill beused.Thesets� � and � � ,
eachoneequippedwith a metric function, form metric
spaces.We will designatethesemetric functions > � and> � , respectively: >?�@ A���54-����"�$CBEDF (4)> �  A� � 4G� � "�$HBIDF (5)

both definedover the set B DF of non-negative real num-
bers.Both thesemetricssatisfytheusualmetricaxioms:

(i). >�
�JK7�J�<'#L
(ii). >�
�JK7�M.�NOL
(iii). >�
�JK7�M.P'�>�
�M�79J�
(iv). >�
�JQ79M.QRS>�
�M*7UT�<NO>�
�JQ7UT�
for > beingeither >�� or >!� , andfor any J , M , and T in the
respectivespace(��� or ��� ).

The idea behind the cognitive and the perceptual
imagesis for the former to be a complex representation
of a stimulus,while the latter is a simplerepresentation
of thesamestimulus.Thereforeit is reasonableto view
a perceptualimageasa lower dimensionprojectionof a
higherdimensionalcognitive image. In fact,we assume
that thereis a projection�V ?���-"*$W��� from the cogni-
tive to theperceptualspacessuchthat � � is thefunction
compositionof � � followedby � :� � 'S�YXK� � (6)

With this ideain mind,weassumein thispaperthat
the >?� and >Z� metricsaresuchthat:

> � 
[� � 
�	!\A]7�� � 
+	&^;�<NO> � 
_� � 
�	!\]]7�� � 
+	&^�� (7)

for all 	 \ 7`	 ^ �a� . Intuitively this meansthat theprojec-
tive natureof the perceptualspacetendsto keepcloser
two stimuli that arefartherapartin the cognitive space,
or in otherwords,thecognitivespacehasgreatresolution
power thantheperceptualspace.

The goal of the matchingmechanismis to find, in
thememory1 , apairwhichbestmatchesagivenstimu-
lusreceivedby theagent.Sinceweassumedthatthecog-
nitive imagecontainsa richer representationof a stimu-
lus,it makessenseto look for amatchusingthecognitive
metric >�� . A cognitive match,for a givencognitive im-
age �b� , is thendefinedasa minimizationof thecognitive
distance:
���c� 7���c� ('�d8efcg
����`(' hZiUjlkGm_no_prqsut prqvxwbygz >?�&
����A79� 0�  (8)

Using the perceptualrepresentation(andmetric) in this
task would lead to poorer results, since it provides a
coarsegrainedrepresentation.However, dueto its lower
dimensionality, it would be computationallymore effi-
cient. Theideaof the indexing mechanism,describedin
thenext section,is to combinetheefficiency of theper-
ceptualrepresentationwith the fine grainedaccuracy of
thecognitiveone.

2.3 Indexing

The basic idea of the indexing mechanismconsistsof
narrowing the searchfor a cognitive matchfunction (8)
to asubsetof pairsin memory1 . We denotethissubset
as {��.
����g�2|1 , for agivenperceptualimage��� , defined
by { � 
�� � P'~}�
�� 0� 7�� 0� ��=1 :!> � 
�� � 7�� 0� @��� �.� (9)

where ��� is somethreshold.Having obtained{���
����g , a
cognitivematchis thenperformed,restrictedto thatsub-
setof pairs:
��bD� 7��bD� P'#d8e=D@
�� � (' hZiUj(kGm�no_p qs t p qv w�y,� v o_p v w > � 
�� � 79� 0�  (10)

The efficiency gain of restricting the cognitive
matchto the {��.
����g subsetis ashigh asfewer pairsare
containedin {��.
����g . Thepriceto payis theneedto eval-
uatethe perceptualdistance>Z��
����?79� 0�  for all memory
pairsin 1 . That is why theperceptualrepresentationis
supposedto besimple,andtheperceptualmetric >!� fast
to compute.

Usingtheassumption(7) madein theprevioussec-
tion, thefollowing lemmacanbetrivially proved:

Lemma 1 Given the >?� and >Z� metrics satisfying the
condition(7), and {���
����gx��1 asdefinedin (9), when-
ever >���
����&7�� 0� ������ , wehave 
�� 0� 79� 0� <�f{��.
����Z .



Proof. Observingthat >Z��
�����7�� 0� G��>���
��b�A7�� 0� G���� weimmediatelyhave 
�� 0� 7�� 0� @�={��.
����, by definition
of {��.
����g in (9).

An interestingconsequenceof this lemmais that
whenever the bestcognitive match 
�� c� 7�� c� f'�d]e c 
�� � 
(from (8)) satisfies>���
��b�&79� c� ������ , we have necessarily
that 
�� c� 79� c� x�){���
����Z andtherefore
�� D � 7�� D� @'�d8e D 
����`
obtainedfrom (10) is thesame,i.e., 
�� c� 7�� c� x'�
�� D� 79� D�  .
In other words, underthe above conditions,we get an
equallygoodcognitivematch,usingjusttherestrictedset{��.
����, , thuspreventingthe calculationof the cognitive
distance>�� for all memorypairsin 1 , asin (8).

Predefiningavaluefor thethreshold� � canbevery
problematic,sinceit dependson themetricpropertiesof
the domain,aswell ason the cognitive andperceptual
representations.Ononehand,for a too highvalueof ��� ,
the {���
����g degeneratesto {���
����Z5'�1 , if >Z�.
����?79� 0� u���� for all 
�� 0� 79� 0� ���1 . On the other, for a too low
valueof ��� , it mayhappenthatthedesired� c� is suchthat>?�&
����A79� c� ������ , not only preventingthe applicationof
lemma1, but alsopossiblyleadingto 
�� c� 79� c� x���{��.
����, .

We call this strategy of predefininga threshold� � ,
thresholding. To tackle the difficulty of pre-defining
such a thresholdvalue, an alternative strategy is pro-
posed,whichwecall N-best:insteadof obtaining{ � 
�� � 
from ��� , the idea is to include in {���
����Z the �u� mem-
ory pairswith thelowestperceptualdistance>!��
�����7�� 0�  .
Thismeansthat���Y�=B DF suchthat : {��.
����gA:�'#�u� (11)

assuming: 1�:�N�� � . This resultson anupperboundto
thenumberof cognitivedistances> � to becalculated1.

We canthenfind thebestcognitive match 
�� D � 7�� D� 
in {���
����g using(10). Supposenow thatthereis onemem-
ory pair 
�� �� 7�� �� <�f{���
����Z suchthat> � 
�� � 7�� �� <NV> � 
�� � 7�� D �  (12)

Since { � 
�� �  was defined in such a way that, for all
��b�� 7��b�� <��1���{ � 
�� �  ,>!��
�����7�� �� <NV>Z��
����?79� ��  (13)

it follows that,for all 
��b�� 79�b�� <�=1���{��.
����Z> � 
�� � 7��b�� �N > � 
�� � 79�b��  by (7)N > � 
�� � 79� ��  by (9)N >?��
����A7�� D �  by (12)
(14)

which meansthat > � 
�� � 7��b�� uN�> � 
�� � 7�� D �  . Thesetwo re-
lations obtainedby transitivity of the inequalitieshave
an interestingconsequence:the 
�� D � 79� D�  pair minimizes
thecognitivedistance> � 
�� � 7�� 0�  over thewholememory1 , in other words, 
�� D � 79� D� �'�d8e D 
�� � �'W
�� c� 79� c� �'d8e c 
�� �  . This resultprovesthefollowing lemma:

1Thisassertionfails if thereareseveralmemorypairswith thesame
perceptualdistancevalue. Choosing�;���_ _�;¡ with the ¢K� bestpercep-
tual matchesdoesnot yield a uniquesolutionin this case.And thereis
no £ � valuesuchthatexpression(9) resultsin thesame� � ��  � ¡ .

Lemma 2 For a subset {���
����Z��¤1 as definedin
(9), and the minimizationsin (8) and (10), whenever> � 
�� � 79� �� uN�> � 
�� � 79� D �  for somepair 
�� �� 7�� �� u�){ � 
�� �  ,
wehaved8e D 
�� � ('�d8e c 
�� �  .

Both the thresholdingandN-beststrategiescanbe
seenas stop criteria of the cognitive matchingmecha-
nism. Given a stimulus 	 , the agentcalculatesthe per-
ceptualdistancesof the extracted ��� to the onesstored
in memory 1 . Thegoalof thethresholdingandN-best
strategiesis to selecta subset{���
����Z , which will beused
to performthecalculationsof thecognitivedistancesand
theirminimization.

The lemma2 canbe usedasa third stopcriterion.
The {��.
����, subsetcanbeconstructedincrementally:first
the memorypair with the smallestperceptualdistance>Z��
����?79� 0�  , thenwith thesecondbest,andsoon. When-
ever the hypothesisof the lemma2 is met, we have the
guaranteethatthecognitivematchd8e D 
����` , in thesubset{��.
����, , is indeedthebestone.

Notethatthecondition(7) canbereplacedby¥ >���
��b� \ 7���� ^ �NV>!��
���� \ 7���� ^  (15)

for somepositive
¥
, whichis thesameasscalingthecog-

nitivemetricby ascalar
¥
. If condition(7) is notsatisfied

by somepairof metrics>�� and >!� , it mayhappenthatfor
somesufficiently largevalueof

¥
, condition(15) is satis-

fied. However, if we re-writethehypothesisof lemma2
usingthe

¥
scalingvalue:>Z��
����?79� �� <N ¥ >?��
����&7��bD�  (16)

we can observe that, as
¥

increases,this condition be-
comesmoredifficult to satisfy. By difficult wemeanthat
morememorypairsneedto beaccumulatedin {���
����g , in
orderto satisfy(16).

However, this argumentis reversiblein thefollow-
ing sense:assumingthata pair of metricsalreadysatisfy
condition(7), wemaybeableto chooseavalueof

¥
, be-

tween L and ¦ , suchthatnot only condition(15) is true,
but also the inequality (16) is moreeasily satisfied. In
otherwords,by scalingthecognitivemetric,astopcrite-
ria basedon lemma2 may improve theefficiency of the
indexing mechanism.Thedrawbackof scalingthecog-
nitivedistanceis thatit maybreakcondition(7).

Let ussummarizethe threestrategiesof construct-
ing {���
����Z thatwehaveproposedin this section:§ The thresholdingstrategy allows us to adjustup to

which cognitivedistancewe wantto obtainthebest
cognitive match. If we set � � to that distance,the
subset{ � 
�� �  is constructedby the meansof per-
ceptualdistances,and then,by lemma1, we have
the guaranteethat, if the bestcognitive matchdis-
tancedoesnot exceed � � , that matchis in { � 
�� �  .
However, thechoiceof a thresholdvalue ��� is very
sensitive to the domain,in termsof numericalval-
uesof the distances:too low or too high valuesof
thethresholdcanleadto degeneratedsubsets{��.
����,
(emptyor equalto 1 );



§ The N-beststrategy solvesthe domaindependency
problemof the thresholdingby constructing{��.
����,
basedon the � � best perceptualmatches,rather
thanon thresholdingmetric values. Moreover, de-
pendingonthecomputationalresourcesand/ortime
availableto processthestimulus,{ � 
�� �  cancontain
moreor lesspairsin { � 
�� �  to performthecognitive
match. The drawbackis that thereis no guarantee
of finding the bestcognitive match(lemma1 does
not apply);§ Thestrategy basedon lemma2 canbeusedin con-
junction with the previous one, in the sensethat
whentheconditionsof the lemmaaremet, thereis
nouseonaddingmorepairsto { � 
�� �  (assumingits
incrementalconstruction).However, dependingon
how larger thecognitive distancesare,with respect
to the perceptualones,theseconditionsmay never
bemet.Moreover, wecanscalethecognitivemetric
in orderto facilitatethesatisfactionof thehypothe-
sisof lemma2. Thedrawbackof this scalingis that
its valueis domaindependent.

In thefollowing section,theideasdevelopedabove
areput into practicein an implementation.The results
presentedbelow show someinterestingresultswhich il-
lustratethegains,in termsof efficiency, that canbeob-
tainedwith theindexing mechanism.

3 Illustrative Example

To experimentwith the indexing mechanismformulated
above,a simpleexamplewasdevised.Theproblemcon-
sistsof theclassicalhand-writtendigit recognitionprob-
lem. Eachdigit consistsof a binary image,andis clas-
sifiedwith the respective digit symbol: 0 to 9. Thetask
is to performrecognitionusingtheemotion-basedarchi-
tecture,comparingtheperformanceof thepurecognitive
match(exhaustive searchcomparingcognitive images)
with theguidanceprovidedby the indexing mechanism.
A stimulusis consideredsuccessfullyrecognizedwhen
its digit symbolis thesameastheoneof thebestmatch.

3.1 Implementation

The cognitive imageis the binary imageitself ( ���-'%	 ,
i.e., ��� is the identity function, and ����'�� ). Consid-
ering ¨ to be thewidth and © theheight(in pixels)of
theimages,thestimuli andthecognitiveimageshavethe
form: � � '�	x'«ª¬�® \U\ ¯&¯A¯ ® \U°...

. . .
...®8± \ ¯&¯A¯ ®8± °

²´³µ (17)

where ®]¶`· � � L�7A¦g� (for ¸¹' ¦g7Aº&ºAº]7U© and »¼'¦g7&ºAº&º]7U¨ ). The perceptualimageis a vectorof size ¨
(sameasthe imageswidth) constructedby countingthe
numberof “1” pixelsfor eachcolumn,having theform:����'¾½5¿ \À¯A¯&¯ ¿ °ÂÁ (18)

whereeach¿ ¶ ��Ã F (non-negativeintegers)is calculated
by thefollowing expression:¿ ¶ ' ±Ä ·_Å \ ® ·_¶ 7Æ¸�'�¦g7Aº&ºAº]7`¨ (19)

Theperceptualmetric > � is asimpleEuclideandis-
tancebetweentwo vectors(thesuperscriptsÇ and È dis-
tinguisheachvectorinvolved)> � 
��bÉ� 7��bÊ� (' ËÌÌÍ °Ä¶8Å \(Î ¿ É ¶ " ¿ Ê ¶PÏ ^ (20)

while the cognitive metriccorrespondsto the Hamming
distancebetweentwo binaryimages:> � 
��bÉ� 7��bÊ� (' °Ä¶8Å \ ±Ä ·_Å \5ÐÐ ® É·�¶ " ® Ê·_¶ ÐÐ (21)

Thesetwo metricssatisfythemetricaxioms:thepercep-
tual metric (20) is trivial, sinceit is anEuclideannorm;
it is fairly easyto checkthat thecognitive one(21) also
verifiesthem.

Consideringtwo stimuli 	 É and 	 Ê , the cogni-
tive andperceptualimagesextractedaredenoted� É � '�*�&
+	 É  , � É� '����.
�	 É  , � Ê � '����&
�	 Ê  , and � Ê� '�����
+	 Ê  .
Let us expandthe following expression,which we callÑ

, Ñ '¾½´>���
�� É � 7�� Ê �  Á ^ "�½´>!�.
�� É� 7�� Ê�  Á ^ (22)

Usingthedefinitionsfor > � , > � , and ¿ ¶ above,weobtainÑ 'HÒ °Ä¶]Å \ ±Ä ·´Å \5ÐÐ ® É·_¶ " ® Ê·_¶ ÐÐ Ó
^ " °Ä¶8Å \ Ò ±Ä ·´Å \ Î ® É·_¶ " ® Ê·_¶ Ï Ó

^
(23)

Since : ÔGR ® :��Õ: ÔÖ:gR×: ® : , andby induction :9Ø p J p :(�Ø p : J p : , weobtainthefollowing inequalityÑ N Ò °Ä¶8Å \ ÐÐÐÐÐ ±Ä ·´Å \ÙÎ ® É·_¶ " ® Ê·_¶ Ï ÐÐÐÐÐ Ó
^ " °Ä¶8Å \ Ò ±Ä ·´Å \ÙÎ ® É·_¶ " ® Ê·_¶ Ï Ó

^ '�Ú
(24)

alsodefining Ú asthe right sideof the inequality. Now
consideringthatif Ô�7 ® NOL , then 
�ÔuR ®  ^ '�Ô ^ R|ÛZÔ ® R® ^ N�Ô ^ R ® ^ , andby induction 
+Ø p J p  ^ N×Ø p J ^p , we
canwriteÚÜN °Ä¶8Å \ Ò ±Ä ·´Å \ÙÎ ® É·_¶ " ® Ê·_¶ Ï Ó

^ " °Ä¶8Å \ Ò ±Ä ·´Å \ÙÎ ® É·_¶ " ® Ê·_¶ Ï Ó
^ '�L
(25)

Therefore
Ñ NOÚÜN|L , which is thesameto saythat½ >?�&
�� É � 79� Ê �  Á ^ N ½ >!��
�� É� 79� Ê�  Á ^ (26)

andsincethemetricssatisfythemetricaxiom(ii), wecan
concludethat >?��
�� É � 7�� Ê � <NO>Z��
�� É� 79� Ê�  (27)

which satisfiescondition(7). This meansthat the theo-
reticalresultsobtainedin section2 canbeapplied.



3.2 Results

In thefollowing experimentsa well-known test-set2 was
used.This test-setconsistsof 1934samplesof handwrit-
tendigits(0 to 9), scannedinto binaryimagesof 32by 32
pixels ( ¨Ý'Þ©«'Üß�Û ). Fromthesesamples,a training
andatestsetwererandomlypickedup,forming two dis-
joint sets.This correspondsto theusualcross-validation
procedure.

Thetrainingprocessconsistsof runningthroughall
elementsof the training set, and for eachoneof them,
storingin memorythe pair of the cognitive andpercep-
tual imagesextracted. In order to evaluaterecognition
successratio, the correspondingdigit symbol was also
attachedto eachpair.

Fourmatchingmechanismsweretested.Theresults
shown below wereobtainedaveraging10trials,eachone
usingdisjoint trainingandtestsets,containing1500and
200 digits respectively, randomlychosenfrom the pool
of 1934patterns.

1. Pureperceptualmatching— thememorypairwhich
the perceptualimage is closerto the oneextracted
from thestimulus;
�� o \ w� 79� o \ w� (' hZiUjlk-m�no_p qsut p qvxw�ygz >!� Î ����7�� 0� Ï (28)

2. Purecognitivematching— thememorypair which
cognitive image is closerto the oneextractedfrom
thestimulus;
�� o ^ w� 79� o ^ w� P' hZiUjlk-m�no_p qs t p qv w�ygz > � Î � � 7�� 0� Ï (29)

3. Guidedcognitivematching(indexing),usingthresh-
olding — like in the pure cognitive matchingbut
wherethesetof memorypairsusedis restrictedby
apureperceptualmatching.Thisrestrictionis based
on thresholdingtheperceptualdistances;àá â 
�� o�ã w� 79� o�ã w� (' hgi9j(kGm�no_p qs t p qv w�y,� v o�p v w > � Î � � 79� 0� Ï{���
����g(' } 
�� 0� 79� 0� <��1 :Z>!�.
����.7�� 0� <�|��� �

(30)

4. Guidedcognitivematching(indexing),usingN-best
— like the one above, but the restriction corre-
spondsto choosingthe �u� bestperceptualmatches.àá â 
�� o´ä w� 7�� o´ä w� P' hZiUj(kGm_no�p qs t p qv w�y,� v o_p v w >�� Î �b�&79� 0� Ï���Y�=B DF suchthat : {��.
����Z&:g'��u� (31)

Theimplementationof thelasttwo matchingmech-
anismswas basedon the following algorithm: for a
����&7����g pair extractedfroma givenstimulus,

2Optical Recognitionof HandwrittenDigits, from E. Alpaydin,
C. Kayna, URL: ftp://ftp.ics.uci.edu/pub/machine-
learning-databases/optdigits/ .

1. Calculatetheperceptualdistance>Z��
����.79� 0�  for all
pairsin memory 
�� 0� 79� 0� <��1 ;

2. Sort thepairsin memory 1 in increasingorderof
its perceptualdistance>Z��
����?79� 0�  ;

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

Tohaveanideaontherelationshipbetweenthecog-
nitive andperceptualdistancesobtainedafterthesorting
operationin step2, figure1 plotsthesetwo distancesfor
a randomlychoseninputstimulus,from thetestset.
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Figure1. Cognitiveandperceptualdistancesof a typical
stimulus,with respectto thelist of memorypairs,sorted
by increasingperceptualdistances> � 
�� � 7�� 0�  . Thelower
tracecorrespondsto theperceptualdistances.

Table 1 shows the results for the first two tests.
Thereis acleartrade-off betweenanextremelyslow cog-
nitive matching,with a high successrate, and the fast
perceptualmatchleadingto poorresults.

mechanism min (%) avr (%) max(%) time

cognitive 94.0 96.45 100.0 130
perceptual 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 respectto theothertwo tests,which evaluate
the indexing mechanismin this domain,theplots in fig-
ure2 show how thesuccessratesdependson a parame-
ter. Using thresholding(figure 2a), the parameteris the
thresholdvalue ( � � ), and using N-best(figure 2b), the
parameteris the numberof closestperceptualmatches
consideredfor indexing ( ��� ).

The two plots shown in figure 2 expressbasically
thesameoutcome,sincethey bothresultfrom theindex-
ing mechanism.What makes them different is the de-
pendency on theparameter:in (a) thedependency on ���
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Figure2. Successratesobtainedusingtheindexing mechanism:(a) thresholding, asfunctionof thethresholdvalue;(b) N-
best, asfunctionof thenumberof perceptualmatchesused.Thevaluesfor executiontimeareexpressedasapercentageof
thetime takenby thepurecognitivematch(first line of table1). In bothplots,thetwo horizontallinesdenotetheaverage
successratefor thepurecognitive (higher)andpureperceptual(lower) matchingmechanisms.Note thedifferencescales
in therightmostaxis(time).

is explicit, while in (b) the relationshipis implicit. It is
easyto realizethat thereis a non-linearmonotonicrela-
tion betweenthehorizontalaxis,sinceeachvalueof � �
leadsto somenumberof pairsin { � 
�� �  . And this num-
berof pairsincreasesmonotonicallywith � � .

In the(b) plot, therelativeexecutiontime increases
linearly with the � � parameter, becauseit determines
how many cognitive distanceshave to be calculated.
However, it is interestingto note that the successrate
risesabove 90%whenjust about10 perceptualmatches
(in {��.
����, ) areused. At this point, the cognitive match
is usingabout2.5%of thetime takenby apurecognitive
match.

Up to now, the lemma2 wasnot used. Onepos-
sible useof it is as a stop criterion for an incremental
constructionof {���
����g . An initial direct usein this im-
plementationled to poorresults:thesubset{���
����g often
degeneratedto 1 , becausethehypothesisof thelemma
was rarely met. Therefore,we tried scalingthe cogni-
tive metricasin (16). Of course,in doingso,thecondi-
tion (27) maynot be true. Figure3 shows the resultsin
functionof

¥
, usingthis strategy.

This plot shows that the resultsarevery sensitive
to the

¥
parameter. For too low valuesof

¥
, (27) is eas-

ily satisfied,leadingto the samesuccessrateasa pure
perceptualmatch.For too high valuesof

¥
, thestopcri-

teriontendsto beneverused,degeneratingin aslow pure
cognitive match(the processingtime raisesat a signifi-
cantrate,in directionof 100%).However, for a rangeof¥

valuesit is possibleto obtainvery goodresults,keep-
ing theprocessingtime at low levels. Note that in these
results,thestopcriterionbasedon lemma2 replacesen-
tirely thethresholdingandtheN-beststrategies.
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Figure3. Resultsobtainedusinglemma2 asastopcrite-
ria (seefigure2 for furtherdetails).

4 Conclusions and future work

This paperpresentsthefirst stepstowardstheformaliza-
tion of the DARE architecture.The underlyingideaof
DARE consistsof manipulatingtwo distinct representa-
tionsof stimuli. A cognitive one,which is complex and
rich, but slow to process,anda perceptualone,which is
simple, but fast to process. This papercovers the for-
malizationof theindexing mechanism,whichconsistsof
usingtheperceptual(simple)representationto guidethe
searchfor a cognitive(rich) match.

Section2 hasshown sometheoreticalresultswhich
can be drawn from a few assumptionson the (metric)
structureof thecognitiveandperceptualrepresentations.
Then,section3 presentedanimplementation,alongwith
experimentalresults, that illustrate someof the ideas
raisedby the theoreticaldiscussion.Specifically, signif-



icant efficiency gainswereobtained:for instance,iden-
tical recognitionsuccessrates(about95%)wereattained
with just about5% of the time taken by an exhaustive
cognitivesearch.Thiscorrespondsto restrictingthecog-
nitivematchto afew tenthsof memorypairs,from apool
of 1500pairsin memory.

Let us stressthe fact that in this paper, the goal is
not to obtain a good recognitionrate. The recognition
ratesobtainedare sole merit of the Hammingdistance
usedin the cognitive metric3. The goal of the indexing
mechanismis ratherto approachthelevelof performance
of thecognitive metric,without thenecessityof evaluat-
ing the cognitive metric for all memorypairs. A good
indexing mechanismshouldobtainthesameresultsof a
purecognitivematch,with muchlesscalculationsof the
cognitivemetric.

Future research,in the context of this paper, in-
cludesseveral topics. We are interestedin extending
the formalization to other mechanismsreferedin sec-
tion 2. An importantresearchdirectionconsistsof clos-
ing the loop with the environment. With respectto the
indexing mechanism,therearesomepossibilitiesopen.
For instance,it may be interestingto explore the con-
sequencesof modifying the structureof the perceptual
image,namelyby addingor removing componentsto it.
Suchmodificationsmaybecombinedwith anincremen-
tal constructionof theagentmemory 1 . Anotherinter-
estingtopiccorrespondsto thepossibilityof categorizing
thecognitive image,by themeansof theperceptualrep-
resentation.
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