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Abstract

This paperpresentsa controlstructurebasedon theprincipleof balance.This
principlemediatesbetweentheknowledgeof thecognitive agentCA andits cur-
rentsituation.CA’sknowledgeis representedin theform of concatenatedproposi-
tions. Theseareindividuatedinto recognition-action-recognition(rac)sequences.
Eachracsequenceis assigneda needvectorindicatingwhethertheassociatedac-
tion raised,lowered,or left unchangedassociatedphysiologicalor socialneedpa-
rameters. Recognizinga certaincombinationof concepts,CA activatesrac se-
quencesbeginningwith thoseconcepts,choosingtheracsequencemostlikely to
maintainor regainequilibriumasits modelof actionin thatsituation.Thisgeneral
mechanismfor keepingtheneedparameterswithin normalrangemaybeviewed
asa computationalimplementationof thenotionof purposeor intention.

Overview

Currentapproachesto semanticsmaybedivided into two basictypes:metalanguage-
basedandprocedural.Metalanguage-basedsemanticsarein turnof two kinds,namely
truth-conditional(as in model theory)anduse-conditional(as in speechact theory).
Becausemetalanguagedefinitionsarenot designedfor a viableproceduralimplemen-
tation, neither truth- nor use-conditionalsemanticsare suitablefor a computational
modelof naturallanguagecommunication.1

A proceduralsemantics,on the otherhand,usesconceptsbasedon the recognition
andactionproceduresof cognitiveagents’asits basicelements.ExamplesareLakoff
& Johnson1980,Sowa 1984,Lakoff 1987,Langacker 1987/1991,Fauconnier1997,
andGärdenfors2000. This methodof analyzingnatural– andmodelingartificial –
cognitiveagentsprovidesaviablealternative to truth-anduse-conditionalsemantics.

Theadvantagesof theproceduralapproachmaybeendangered,however, by a lack
of generalityandformal rigor. This mayresultin computationalsystemswhich work
only for specialcases(theproblemof upscaling)and/ordonothaveacleardeclarative
specification(asin hacks),or in vaguedescriptionsof ananecdotalnature.

A proceduralapproachaimingatasystematicmodelof cognitionis databaseseman-
tics. It usesaspecialdatastructure,calledawordbank,andaspecialmotoralgorithm,
calledLA-grammar. Thedatastructureandmotoralgorithminteractin awaythatmay
bedescribedmetaphoricallyasfollows: theword bankprovidesa railroadsystemand
time-linearLA-grammarthelocomotivefor navigatingthroughit.

1SeeHausser2001afor a detailedargumentwith specialattentionto truth-conditionalsemantics.A
critiqueof use-conditionalsemanticsmaybefoundin Hausser1999,p. 83–86.



Thetaskof modelingacognitiveagentCA mayin generalbedividedinto two parts.
One is to constructthe CA’s cognitive capabilities. The other is to designa control
mechanismfor activatingthesecapabilitiesselectively to optimizetheCA’s interaction
with its currentsituation.Thequestionis: how do thetwo partswork together?

In databasesemantics,the CA’s cognitive capabilitiesaremodeledby meansof a
word bankin combinationwith LA-grammarsfor readingpropositionalcontentinto
andoutof thewordbank,aswell asfor inferencing.Thereading-incomprisesexternal
andinternalrecognitionaswell astheinterpretationof naturallanguage.Thereading-
out is basedon navigating throughthe propositionalcontentandcomprisesexternal
andinternalactionaswell asnaturallanguageproduction.

The word bank managesthesediversefunctionsby coding a propositionas a set
of proplets.Thesearefeaturestructureswhich specifythefunctor-argumentstructure
andthe relationsto otherpropositionsby meansof attributes. Propletseliminatethe
restrictionsof graphically-basedrepresentations,allowing (i) a time-linearreading-in
of propositions(storage),(ii) an activation of propositionsby meansof time-linear
navigation,and(iii) anaccessingof propositionsusingconceptsasthekey (retrieval).

In addition,a word banksupportsa control mechanismbasedon relatingthe CA’s
currentrecognitionandactionto physiologicalandsocialneedparameters.CA’sexpe-
riencesarestoredin theword bankasconcatenatedpropositionsforming recognition-
action-recognition(rac)sequences.A racsequencedescribes(i) aninternalor external
recognition,(ii) thereactionto thisrecognition,and(iii) therecognitionof theresult.A
racsequenceis evaluatedin termsof needvectorswhich indicatewhetherit increased,
decreased,or left unchangedthevaluesof correspondingneedparameters.

Whenacertainpropositionis readinto thewordbankvia recognition,it activatesall
storedrac sequencesbeginning with this proposition. Of these,oneis chosenasthe
modelfor currentaction.Thechoiceis theracsequencewith aneedvectormostlikely
to return the correspondingneedparametervalue within normal range. The result
of this choiceis storedagainasa rac sequence.In this sense,the control structure
presentedhereis basedon thebalanceprinciple.

But whataboutfixedstrategiesandbehavior patternscorrespondingto innatebehav-
ior? Thesemaybeimplementedby meansof racsequencesaswell. Themaindiffer-
encebetweeninstinctiveandlearnedbehavior is thattheformeris basedonpredefined
racsequenceswhile thelatteris basedon racsequencesresultingfrom experience.

Becausethecontrolstructurepresentedin this paperis basedlargely on storingand
activatingpropositions,muchof this paperis concernedwith analyzingtheir build-up,
classifyingdifferenttypes,anddescribingtheir functions. This requiresanoutlineof
recognitionandaction(Sections1 and2) andlanguage-basedreference(Section3).

Then follows a descriptionof episodic,absolute,and languagepropositions,their
storagein the datastructureof a word bank, their activation in termsof navigation
(Sections4–7),andtheir interactionin termsof partialandcompletematching(Section
8). This complex systemof propositionalcontentcommunicateswith its environment
by meansof LA-grammarsfor recognition,action,andinference(Section9).

While the LA-grammarsfor recognitionareactivatedby events,thereremainsthe
questionof how to activate the LA-grammarsfor actionand inference. The answer
is LA-MOTOR. This LA-grammaris not a fixedcomponentof the CA, but a mobile
enginefor navigatingcontinuouslythroughtheconcatenatedpropositionsof theword
bank. LA-MOTOR’s choicesbetweenalternative continuationsandwhento provide
the LA-grammarsfor actionandinferencewith input areguidedin part by needpa-
rametervalueswhich causea highlighting of certainpropositions. This ensuresthe
selectionof racsequencessuitableto maintainoverall cognitivebalance(Section10).



1 Recognition and action

A cognitiveagentwithout languageinteractswith theworld in termsof recognitionand
action.Recognitionis theprocessof transportingstructuresof theexternalworld into
thecognitive agent.Action is theprocessof transportingstructuresoriginatinginside
thecognitiveagentinto theworld.

Theprocessesof recognitionandactionmaybe describedat differentlevelsof ab-
straction.Modelingvision,for example,is complicatedby suchproblemsasseparating
objectsfrom thebackground,completingoccludedportions,perceptionof depth,han-
dling reflection,changesin lighting, perceptionof motion,etc.2

For purposesof groundingasemanticsprocedurally, however, a relatively high level
of abstractionis appropriate.As an illustrationconsidera robotwithout languageob-
servingits environmentby meansof a video camera.The robot’s recognitionbegins
with anunanalyzedinternalimageof theobjectin question,e.g.a bluesquare.

1.1 INTERNAL BITMAP REPRESENTATION OF EXTERNAL OBJECT

robot

objectto berecognized

blue
389

Insidetherobot,thebluesquareis representedasa bitmapoutlineandits color asthe
electromagneticfrequency measured,i.e. 389nm. Justasan OCRsystem3 analyzes
bitmapstructuresto recognizeletters,the robot recognizesthe form of objectsin its
taskenvironmentby matchingtheir bitmapstructureswith correspondingpatterns.

The recognitionof geometricforms may be viewed asa threestepprocess.First,
a suitableprogramapproximatesthe bitmapoutline with movablebarsresultingin a
reconstructedpattern:

1.2 ANALYSIS OF AN INTERNAL BITMAP REPRESENTATION

movable‘bars’ of
recognitionprogram
for geometricpatterns

frequency
389

bitmapoutline

2For asummaryof naturalvision,seeNakayamaet al. 1995.A classictreatmentof artificial vision is D.
Marr 1982. For a summaryseeJ.R.Anderson19902, p. 36 ff. More recentadvancesaredescribedin the
specialissueof Cognition, Vol. 67,1998,editedby M.J.Tarr& H.H.Bülthoff .

3OCRor opticalcharacterrecognitionsystemsareusedwith scannersto recognizeprintedtext.



Second,thereconstructedpatternis logically analyzedin termsof thenumberof cor-
ners,their angles,the lengthof the edges,etc. In our example,the logical analysis
resultsin anareaenclosedby four linesof equallengthforming four right angles.

Third, thelogical analysisis classifiedin termsof abstractconcepts,to bediscussed
in the following section. The classificationresultsin the recognitionof the object in
question.4 Thebasicrecognitionprocedureillustratedabove with theexamplesquare
maybeextendedto othertypesof geometricobjects,to propertieslike colors,andto
relationslikeA beingcontainedin B.5

2 Concepts

Logical analyseslike 1.2 areclassifiedby conceptsdefinedasabstracttypes.6 A type
specifiesthenecessarypropertiesof thestructureto beclassifiedasa constellationof
parametersandconstants,treatingaccidentalpropertiesby meansof variables.When
a logical analysisis recognizedby meansof a certainconcepttype,theanalysisis (i)
classifiedby thattypeand(ii) instantiatedasacorrespondingconcepttoken.

A concepttype is calledan M-conceptbecauseit canbe matchedwith arbitrarily
many differentlogicalanalysesof thesamekind. Considerthefollowing example:

2.1 M-CONCEPT OF square (TYPE)������������
edge1: α cm
angle1/2: 900

edge2: α cm
angle2/3: 900

edge3: α cm
angle3/4: 900

edge4: α cm
angle4/1: 900

� �����������
Theaccidentalpropertyof this M-conceptis theedgelength,representedby thevari-
ableα.7 All otherproperties,suchasthe numberof edgesandanglesaswell as the
degreeof the angles,are necessaryproperties. The variablesmake this M-concept
applicableto squaresof any size.

2.2 DEFINITION: M-CONCEPT

An M-conceptis the structuralrepresentationof a characteristiclogical
analysiswherebyaccidentalpropertiesaredefinedasvariables.

WhentheM-concept2.1is matchedontothelogicalanalysisof 1.2,thevariablesare
boundto a particularedgelength,here2cm, resultingin the instantiationof a token,
calledanI-conceptloc.

4For thesake of conceptualsimplicity, thereconstructedpattern,thelogical analysis,andtheclassifica-
tion aredescribedhereasseparatephases.In practice,thesethreeaspectsmaybecloselyinterrelatedin an
incrementalprocedure.For example,theanalysissystemmaymeasureanangleassoonastwo edgesinter-
sect,thecounterfor cornersmaybeincrementedeachtime a new corneris found,a hypothesisregardinga
possiblematchingconceptmaybeformedearlysothattheremainderof thelogicalanalysisis usedto verify
this hypothesis,etc.

5SeealsoLangacker 1987,whoseanalysesof abovevs. below, p. 219,467before, p. 222enter, p. 245
arrive, p. 247 rise, p. 263disperse, p. 268under, p. 280,289go, p. 283poleclimber, p. 311,andhit, p.
317,mayberegardedaslogicalanalysesin oursense.



2.3 I -CONCEPTloc OF A square (TOKEN)������������
edge1: 2cm
angle1/2: 900

edge2: 2cm
angle2/3: 900

edge3: 2cm
angle3/4: 900

edge4: 2cm
angle4/1: 900

� �����������
loc

Thefeatureloc specifieswhenandwherethetokenwasrecognized.

2.4 DEFINITION: I -CONCEPTloc

An I-conceptloc resultsfrom successfullymatchingan M-conceptonto a
correspondinglogical analysisof a parameterconstellationat a certain
space-timelocation.

M-conceptsareusuallydefinedfor subsetsof theavailableparametersandtheirpos-
sible values. For example,the concept2.1 appliesonly to a certainconstellationof
visual parametervalues. Otherparameters,e.g. color values,aredisregardedby the
M-conceptsquare. It is possible,however, to defineelementaryconceptswhich apply
to a multitudeof differentparameters.For example,situationcouldbedefinedasthe
elementaryM-conceptwhich matchesthetotality of currentparametervalues.

ElementaryM-conceptsmaybedefinedonly for thosenotionsfor which thecorre-
spondingparametershavebeenimplemented.For example,theconceptsfor warmand
coldmaybedefinedonly after(i) therobothasbeenequippedwith suitablesensorsfor
temperatureand(ii) the resultingmeasurementshave beenintegratedinto the robot’s
conceptualstructure.

The constellationof parametervalues,M-concepts,andI-conceptsloc providesnot
only for anabstractcharacterizationof recognition,but alsoof action.Therebyrecog-
nition andactiondiffer in thedirectionof therespectiveprocedures.

2.5 ABSTRACT CHARACTERIZATION OF RECOGNITION AND ACTION

parametervalues

[M-concept]

[I-conceptloc]action:

��������������������������������
� � � � � � �� � � � � �� � �� � � � �� � � � � �� � � � �
� � � � � � �� � � � � �� � �� � � � �� � � � � �� � � � � ��������������������������������

recognition: parametervalues

[M-concept]

[I-conceptloc]

Recognition beginswith the incomingparametervalueswhich arelogically analyzed
andclassifiedby meansof a matchingM-concept. A successfulmatchingbindsthe

7The type-token distinction was introducedby the Americanphilosopherand logician C. S. PEIRCE

(1839–1914).An exampleof a token is the actualoccurrenceof a sign at a certaintime andplace, for
examplethenow following capitalletterA. Theassociatedtype,on theotherhand,is theabstractstructure
underlyingall actualand possibleoccurrencesof this letter. Realization-dependent differencesbetween
correspondingtokens,suchassize,font, placeof occurrence,etc.,arenotpartof theassociatedtype.

7Instancesof thesamevariablein a conceptmustall take thesamevalue. Strictly speaking,2.1 would
thusrequireanoperator– for exampleaquantifier– bindingthevariablesin its scope.



variablesto particularvaluesandresultsin a correspondingI-conceptloc. In this way
constellationsof perceptionparametersareindividuatedinto I-conceptsloc.

Action begins with a certainI-conceptloc which is to be realizedasa specificout-
goingparameterconstellationby meansof a correspondingM-concept.Considerfor
examplea robotequippedwith a grippingdevice wantingto pick up a glass.For this,
a certainI-conceptloc is realizedasa gripping action(token)with the help of the M-
concept(generalprocedure,type). Therebydistance,size,firmness,etc.,of theobject
aredeterminedvia therobot’s recognitionandintegratedinto theplannedaction.

Thenaturalevolutionof M-conceptscanbeanalyzedasanabstractionover logically
similar parameterconstellations,wherebythe accidentalaspectsof constellationsare
representedby variables.Thusthetypesoriginateastheformationof classesoversets
of similar raw dataof perceptionor unconsciousaction. Only after the formationof
typescanindividual tokensbeinstantiatedon thebasisof thesetypes.

3 Internal matching

In thecourseof evolution,8 theM-conceptsandI-conceptsloc of recognitionandaction
have acquiredadditionalfunctions: I-conceptsloc areusedfor storingcontentin the
cognitive agent’s memory, while M-conceptsserve aslanguagemeanings.Consider,
for example,arobotviewing ageometricobjectin its taskenvironmentandthewarden
sayingLook, a square. In this case,there is a relation of referencebetweenthe
externalword square andtheexternalgeometricobjectwhich mustbereconstructed
cognitively insidetherobot.

3.1 ANALYSIS OF REFERENCE

� � � � � � � � � � � � � � � �����������������
������ � � � � � � � � � � � � � � ����������������� matching

internal

robot

Look, a square!Look, a square! � � � � � � � � � � � � � � � �����������������

M-concept
(type)

I-conceptloc
(token)

M-concept
(type)

referent

8Our analysisof languageevolution, beginning with non-verbalcognitionbasedon M-conceptsandI-
conceptsl oc, is of a logical nature.Otherapproachesto humanlanguageevolution areconcernedwith quite
differentquestionssuchas� Why dohumanshave languagewhile chimpanzeesdonot?� Did languagearisein ‘male’ situationssuchasLook out, a tiger!, in ‘female’ situationsof trust-

building duringgrooming,or outof chanting?� Did languageevolve initially from handsignsor wasthedevelopmentof a larynx capableof articu-
lationa precondition?

For furtherdiscussionof thesequestions,whicharenotaddressedhere,seeJ.Hurfordet al. 1998.



Therobot’scognitivestructureconsistsof two levels,the(lower)context level andthe
(upper)languagelevel. At the context level, the referentis recognizedby applying
the appropriateM-conceptto the incomingparametervalues(herea bitmapoutline)
andinstantiatingthe referentinternally asan I-conceptloc. At the languagelevel, the
incomingsignis recognizedin asimilarway, i.e. anM-form is appliedto theparameter
valuesof theexternalsignandinstantiatesit asan I-formloc. Via lexical look-up, the
I-formloc (recognizedsurface)is assignedtheM-conceptsquareasits literal meaning.

Referencecomesaboutby matchingthe M-conceptof the languagelevel with the
I-conceptloc of thecontext level. A languagemeaningdefinedasanM-concept(type)
maybematchedwith any numberof correspondingI-conceptsloc (tokens)atthecontext
level. Thus,theprincipleof internalmatchingmodelstheflexibility of referencewhich
distinguishesthenaturallanguagesfrom thelogical andprogramminglanguages.

For storingcontentin memory, I-conceptsloc arecombinedinto propositions.The
combinatorialpropertiesof I-conceptsloc are characterizedby embeddingthem into
featurestructures.Similarly, the M-conceptsservingas languagemeaningsareem-
beddedinto featurestructureswhich specify the associatedsurfaceandthe syntactic
category. Thesefeaturestructuresare generallycalled propletsand function as the
basicelementsof concatenatedpropositions.

Beforeweturnto theconcatenationof propletsinto propositionsconsiderthematch-
ing relationbetweena languageanda context proplet(depictingreferenceasin 3.1).

3.2 MATCHING BETWEEN THE LANGUAGE AND THE CONTEXT LEVEL	
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sur: square
syn:noun

sem:
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FUNC: look
id: 9
prn: 24

arg:
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edge1: α cm
angle1/2: 900

edge2: α cm
angle2/3: 900

edge3: α cm
angle3/4: 900

edge4: α cm
angle4/1: 900

� 









�

� 














�

� 


















�	


















�
arg:

	









�
edge1: 2cm
angle1/2: 900

edge2: 2cm
angle2/3: 900

edge3: 2cm
angle3/4: 900

edge4: 2cm
angle4/1: 900
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FUNC: contain
MODR: small
id: 9
prn: 214
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Dependingon thecognitive function, thematchingbetweenthepropletsof theupper
andthelower level mayapplyeitheronly to theconceptsinvolved(partialmatching),
or to thefeaturestructuresasa whole(completematching).



4 Building propositions by means of completion

PropletsusingI-conceptsloc arecalledepisodicproplets. PropletsusingM-concepts
are of two kinds: one are absolutepropletsfor expressinggeneralknowledgesuch
asA square hasfour corners in thoughtratherthanlanguage;the otherarelanguage
proplets.Thesekindsof propletsdiffer in their featurestructures,asillustratedbelow.
For simplicity, their respectiveconceptsarerepresentedby aname,herearg:square.

4.1 THREE KINDS OF PROPLETS

EPISODIC PROPLET ABSOLUTE PROPLET LANGUAGE PROPLET������
arg:square
FUNC: contain
MODR: small
id: 9
prn: 24

� �����
��������
arg: square
FUNC: have
MODR:
id: y
prn: abs-3
arg: square

� �������
����������
sur: Quadrat
syn: noun

sem:

������
FUNC:contain
MODR: small
id: 9
prn: 24
arg: square

� �����
� ���������

Forpurposesof matching,episodicpropletshavetheattributecontainingtheI-conceptloc

in first position.Absolutepropletshave theattributecontainingtheM-conceptin first
andlastposition.Languagepropletshavetheattributecontainingthelanguagesurface
(heresur: Quadrat, whereQuadrat is theGermansurfacefor square) in first position
andtheattributecontainingtheM-conceptin lastposition.Becausethethreekindsof
propletshavedifferentfeaturestructures,thedistinctionbetweenI-conceptsloc andcor-
respondingM-conceptsmaybeleft implicit in theattributescontainingtheconcepts.

Propositionsbuilt from episodicpropletsarecalledepisodicpropositions,andsimi-
larly for propositionsbuilt from absoluteandlanguageproplets.A propositionconsists
of afunctorwhichtakesacertainnumberof arguments.Modifiersareoptionalandcan
applyto bothargumentsandfunctors.Functors,arguments,andmodifiersaredefined
ascertainkindsof propletswhichoccurin theepisodic,absolute,andlanguagevariety.

The constructionof propositionsfrom propletsis basedon a new methodof com-
positionbasedon completingfeaturestructures.The result is a(n unordered)setof
propletswhicharerelatedto eachothersolelyin termsof attributes.This is in contrast
to the usualmethodof constructingpropositionsby graphicalmeans,e.g. treesasin
linguistics,symbolsequencesasin logic, or conceptualgraphsasin CGtheory.

Completionconsistsin copying attributevaluesbetweenpropletsin accordancewith
therelationsobserved.Assume,for example,thattherobot’srecognitionhasproduced
the I-conceptsloc contain,field, small,andsquare. TheseI-conceptsareinsertedinto
suitablepropletschemata,asin thefollowing example:

4.2 INSERTION OF I -CONCEPTSloc INTO PROPLET SCHEMATA������
func: contain
ARG:
MODR:
cnj:
prn:

� �����
������
arg: field
FUNC:
MODR:
id:
prn:

� �����
������
arg: square
FUNC:
MODR:
id:
prn:

� �����
���� modr:small
MODD:
id:
prn:

� ���
Suchpropletsin which only thefirst attributehasavaluearecalledisolatedproplets.

Isolatedpropletsarecombinedinto a propositionby copying the argumentnames
into theARG slotof thefunctor, thefunctornameinto theFUNCslotof thearguments,



themodifiernameinto theMODR slot of themodified,andthenameof themodified
into the MODD slot of the modifier. Also, the propletsareprovidedwith a common
propositionnumberprn, andextrapropositionalrelationsareestablishedby providing
thecnj andid slotswith suitablevalues.Considerthefollowing completionof 4.2:

4.3 EPISODIC PROPOSITION Field containssmallsquare������
func: contain
ARG:field square
MODR:
cnj: 23and24
prn: 24

� �����
������
arg: field
FUNC: contain
MODR:
id: 7
prn: 24

� �����
������
arg: square
FUNC: contain
MODR: small
id: 9
prn: 24

� �����
���� modr: small
MODD: square
id: 9
prn: 24

� ���
This setof propletsis held togetherby a commonpropositionnumberprn (here24).
Thefirst attributecharacterizesapropletasa functor(e.g.func: contain), anargument
(e.g.arg: field), or amodifier(e.g.modr: small).

Theuppercaseattributes,calledintra-propositionalcontinuationpredicates,specify
the functor-argumentstructureof the proposition. For example,the propletcontain
specifiesthe argumentsfield andsquare, the argumentsfield andsquare specifythe
functor contain, the argumentsquare specifiesthe modifier small, andthe modifier
small specifiesthe modifiedfield. This attribute structureconstitutesa bidirectional
pointeringbetweenthepropletsof aproposition.

Theintrapropositionalcontinuationpredicatesarefollowedby theextrapropositional
continuationpredicates,which areconjunctionsin functorsandidentity in arguments.
For example,thefunctorpropletcontainhastheextrapropositionalcontinuationpred-
icate[cnj: 23 and24], which meansthat theproposition24 representedin 4.3 is pre-
cededby aproposition23 andconnectedto thisprecedingpropositionby theconjunc-
tion and. Furthermore,theargumentpropletfield hastheextrapropositionalcontinua-
tion predicate[id: 7], characterizingit asidenticalto otherargumentsin thedatabase
with the sameidentity number. The modifier proplet small, finally, sharesthe ex-
trapropositionalcontinuationpredicatewith themodified.

The propositionrepresentedin 4.3 is activatedby meansof navigating from one
propletto thenext basedon therespectivecontinuationpredicates:

4.4 ACTIVATING AN EPISODIC PROPOSITION BY NAVIGATION

[epi: contain] � [epi: field] � [epi: square]� [epi: small]

For simplicity, the episodicpropletsof 4.3 are representedin 4.4 as [epi: contain],
etc., leaving the continuationpredicatesimplicit. Sucha navigation is driven by the
LA-grammardefinedin 9.2.

5 Why is Database Semantics different?

Thereareat leastthreereasonswhy thecodingof propositionalcontentin termsof pro-
pletsis not equivalentto formalismsbasedon graphicalrepresentations.First, graphi-
cal representationslike one-dimensionalformulasandtwo-dimensionaltreestructures
or conceptualgraphshave restrictionswhich do not hold for thenon-graphicalrepre-
sentationsof databasesemantics.Second,graphicalrepresentationsaremotivatedby
intuitionswhich databasesemanticshasno causeto replicate.Third, thebidirectional



pointeringbetweenthe distributed propletsof databasesemanticsoffers descriptive
possibilitiesnotopento graphicalmeans.

For example,mostlinguistic analysesarebasedon treeswhich aresupposedto cap-
ture the intuitions of constituentstructure. In the well-known caseof discontinuous
elements,however, theseintuitions cannotbe expressedby two-dimensionaltrees,
leadingto the constituentstructureparadox.9 The coding of concatenatedproposi-
tions in termsof propletsis basedon the morelimited intuitionsof characterizing(i)
the functor-argumentstructureof elementarypropositionsand(ii) the natureof their
concatenation.Thustheconstituentstructureparadoxis avoidedin databasesemantics.

Similarly, analysesof propositionsin predicatecalculususequantifiersbindingvari-
ablesto establishintrapropositionalidentity relations. Therebydifferent ordersof
quantifiersexpressdifferent meanings. This commitmentto one-dimensionalorder
producesproblemsof (i) creatingartificial scopeambiguitiesand(ii) failing to express
readingsintuitively required.As anexampleof thesecondkind considerthesentences

Every man who loves a woman is happy.
Every man who loves a woman loses her.

andthefollowing attemptto representtheir dominantreadingin predicatecalculus:�
x [[man(x) & � y [woman(y)& love(x, y)]] � [happy (x)]]�
x [[man(x) & � y [woman(y)& love(x, y)]] � [lose(x, y)]]

Theseparallelformulasareintendedto reproducethesubordinatestructureof therela-
tiveclause.Thesecondformula,however, hastheproblemthatthescopeof thequanti-
fier � y doesnot reachthey in lose(x,y). An alternative formulawith thequantifier � y
at thetop level would solve thescopeproblem,but cannotbederivedcompositionally
by translatingthewordsof thesentenceinto suitablelambdaexpressions– asrequired
in Montaguegrammar. This problemdoesnot arisewithin databasesemantics,which
assertsthe identity betweenpropletsboth intra- andextrapropositionallyby meansof
attributesratherthanby meansof quantifierswhich bindvariables.10

Thenew descriptivepossibilitiesofferedby databasesemanticsarebasedon a strict
separationbetweenthe representationof content,on the onehand,andits activation,
ontheother. Therepresentationof contentis basedoncodingall intra-andextrapropo-
sitional relationsbetweenpropletsin a distributed,bidirectionalmannerby meansof
attributes.This allows storageandretrieval of propletsin accordancewith theprinci-
plesof a suitabledatabase,usingtheconceptsastheprimarykey.

Theactivationof contentis basedon theprincipleof navigation. Therebythe con-
tent’s representationprovidesa railroadsystemfor navigating througha proposition
andfrom onepropositionto thenext.11 For example,giventhepropletfield in 4.3,the
systemmay usethe continuationpredicateFUNC: contain to proceedto the proplet
containwith thesamepropositionnumber. Fromtherethenavigationmaycontinueto
square, etc. This procedureis basedon the retrieval mechanismof the databaseand
doesnot dependin any wayon whereandhow thetwo propletsarestored.

As anotherexampleconsiderthetwo propositionsleavePeterhouseandcrossPeter
9Hausser1989,p.24f., 1999,p. 157f.

10For a detailedanalysisseeHausser2001c.
11In contrastto Fodor’s Mentales,e.g.Fodor1998,neithertherepresentationof contentnor its activation

constitutea language.Instead,the representationis like the wheelsof a mechanicalcalculator, while the
activation is like acalculationbasedon thesewheels.



street, concatenatedvia the conjunctionthenandthe identity betweenthe respective
names.Thecorrespondingpropletconnectionsmayberepresentedasfollows:

5.1 ‘ RAILROAD SYSTEM ’ PROVIDED BY TWO PROPOSITIONS

functor argument1 argument2

functor argument1 argument2

leave Peter house

cross Peter street

conjunction identity

Thecontentexpressedby this railroadsystemmaybeactivatedby a multitudeof dif-
ferentnavigationtypes.Themostbasicdistinctionsarebetweenintra-andextrapropo-
sitional forwardandbackwardnavigation,andbetweenparatactic(coordinating)and
hypotactic(subordinating)navigation,renderingsuchrealizationsasthefollowing:12

5.2 DIFFERENT REALIZATIONS BASED ON DIFFERENT NAVIGATIONS

extrapropositionalforwardnavigation:
Peter leaves the house. Then Peter crosses the street.

extrapropositionalbackwardnavigation:
Peter crosses the street. Before that Peter leaves the house.

intrapropositionalbackwardnavigation:
The street is crossed by Peter.

subordinatingidentity-basednavigation:
Peter who leaves the house crosses the street.

subordinatingconjunction-basedforwardnavigation:
Peter, after leaving the house, crosses the street.

subordinatingconjunction-basedbackwardnavigation:
Peter, before crossing the street, leaves the house.

Theserealizationsin English reflect different navigationsthroughthe propositional
content5.1.Thedescriptivetaskof databasesemanticsregarding5.1and5.2is twofold.
Oneis thecodinganddecodingtask: in thehearermode,thedifferentsurfacesof 5.2
mustbemappedinto the representation5.1,andin thespeaker mode,the representa-
tion 5.1mustbemappedinto oneof thesurfacesof 5.2. Theotheris thecontrol task:
thespeaker mustchoosethenavigationmostappropriateto therhetoricaltaskat hand
andthehearermustinterpretthis choiceby analyzingtheresultingsurface.

Thispaperconcentratesonthesecondtask.Thegoalis to find ageneralprinciplefor
modelinganagent’sactionsandreactionswhile interactingwith thetaskenvironment.
Thus, the above examplesrelating to languageinterpretationandproductionmerely

12Sowa 1984,2000seemsto comeclosewhenhepresentsa ‘linear form’ (LF) in additionto a graphical
‘displayform’ (DF). However, his linearform is justaconvenientASCII recodingof thegraphicalform, and
thereis nodistinctionbetweencontentrepresentationandactivation,nonavigation,andnomotoralgorithm.



serve to illustratewhy databasesemanticsis not equivalentto otherapproaches.The
main focushereis on controlling the navigation in general,including non-language-
basedrecognitionandaction.

6 Absolute propositions

Besidesepisodicpropositionsthereareabsolutepropositions,built from absolutepro-
plets(cf. 4.1)asin thefollowing example:

6.1 ABSOLUTE PROPOSITION A squarehasfour corners��������
func: have
ARG:square corners
MODR:
cnj: abs-3andabs-4
prn: abs-3
func: have

� �������
��������
arg: corner
FUNC:have
MODR: four
id: x
prn: abs-3
arg: corner

� �������
��������
arg: square
FUNC: has
MODR:
id: y
prn: abs-3
arg: square

� �������
������
modr: four
MODD: corner
id: x
prn: abs-3
modr: four

� �����
Absolutepropositionsare likewise representedas an unorderedset of propletsheld
togetherby a commonpropositionnumber(hereprn: abs-3). For input, this format
is suitablefor storingabsolutepropositionalcontentby distributing thepropletsin the
word bank,usingtheconceptsastheprimarykey. For output,thecontentis activated
by navigatingin accordancewith theintra- andextrapropositionalcontinuations.

6.2 ACTIVATING AN ABSOLUTE PROPOSITION BY NAVIGATION

[abs:have] � [abs:square]� [abs:corner] � [abs:four]

As in episodicpropositions,the navigation servesas the basis(i) of thought in the
basicsenseof reliving thepropositionalcontentin memory, (ii) of inference,and(iii)
of languageproduction(conceptualizationandserialization).

In databasesemantics,absolutepropositionsarenot limited to mathematicaltruth,
but representany kind of knowledgenot boundto a particularevent. For example,
if the robot recognizesthreeor four timesin sequencePostmancomesat 11am, then
theseepisodicpropositionsmaybereplacedby acorrespondingabsoluteproposition.

6.3 GENERALIZATION FROM EPISODIC PROPOSITIONS

absoluteproposition: Postman comes_at 11am� � �
episodicpropositions: 4. Postman� comes_at� 11am

3. Postman� comes_at� 11am
2. Postman� comes_at� 11am
1. Postman� comes_at� 11am

The generalizationis basedon matchingabsolutepropletswith episodicones. This
typeof matchingis calledcompletematchingbecausea wholeepisodicpropositionis
matchedby a correspondingabsoluteone.Thereby, not only theconceptsbut alsothe
featurestructuresof thepropletsinvolvedmustbecompatible.

Onefunctionof absolutepropositionsis episodicinferencing,i.e. inferencingover
episodicpropositionsusingabsolutepropositions.Considerthefollowing example:



6.4 EPISODIC INFERENCE

2. [abs:bread] � [abs:is] � [abs:food]� �
1. [epi: John] � [epi: has] � [epi: bread] 3. [epi: John] � [epi: has] � [epi: food]

Episodicproposition1 is the premise,absoluteproposition2 servesasa rule of in-
ference,13 and episodicproposition3 is the consequent.The inferenceis basedon
matchingthe M-conceptbreadof the absoluteproposition2 with the corresponding
I-conceptloc of theepisodicproposition1. Using theabsoluteproposition2 asa kind
of bridge,theepisodicproposition3 is derivedastheconclusion.

A secondfunctionof absolutepropositionsis absoluteinferencing,i.e. inferencing
overabsolutepropositions.Considerthefollowing example:

6.5 ABSOLUTE INFERENCE

2. [abs:drink] � [abs:is] � [abs: liquid]� �
1. [abs:milk] � [abs:is] � [abs:drink]

��
3. [abs:milk] � [abs:is] � [abs:liquid]

Thematchingin episodicaswell asabsoluteinferencingis calledpartialmatching
becauseonly part of the premiseis matchedby the inferencepropositionand only
partof inferencepropositionis matchedby theconsequent.Thereby, thecompatibility
betweenthepropletsinvolvedis limited to their respectiveconcepts.

7 Language propositions

Thethird typeof propositionis languagepropositions.They arealsodefinedasanun-
orderedsetof propletsrelatedby intra- andextrapropositionalcontinuationpredicates
andheldtogetherby a commonpropositionnumber.

7.1 LANGUAGE PROPOSITION Feld enthält kleines Quadrat	






� sur: enthalten
syn: verb

sem:

	


� ARG:field square
MODR:
cnj: 23and24
prn: 24
func: contain

� 


�
� 






�
	






� sur: Feld
syn:noun

sem:

	


� FUNC:contain
MODR:
id: 7
prn: 24
arg: field

� 


�
� 






�	






� sur: Quadrat

syn: noun

sem:

	


� FUNC:contain
MODR:
id: 9
prn: 24
arg: square

� 


�
� 






�
	




� sur: klein
syn:adn

sem:

	

� MODD: square
id: 9
prn: 24
modr:small

� 

�
� 




�

This languagepropositionexpressesthe contentof the episodicproposition4.3. The
sur-attributescontaintheGermanword surfaces{ enthalten Feld Quadrat klein }.

13A formalizedexampleof suchaninferencebasedonanLA-grammaris givenin Hausser1999,p. 494.



Naturallanguageproduction(speakermode)is basedonnavigatingthroughepisodic
or absolutepropositions.Thereby, the propletstraversedarematchedwith the corre-
spondingsem-attributesof languageproplets.

7.2 SCHEMA OF LANGUAGE PRODUCTION

language proposition: blue truck belongs_to milkman.� � � �
episodicor absoluteproposition: blue � truck � belongs_to� milkman.

For communicatingthepropositionalcontent,only the resultingsequenceof surfaces
is used. It must be adaptedto the word orderpropertiesof the naturallanguagein
question,equippedwith properinflection for tense,number, andagreement,provided
with functionwords,etc.

Naturallanguageinterpretation(hearermode)is basedonsupplyingthesequenceof
incomingsurfaceswith languagepropletschematavia lexical look up. The analysis
of their syntacticcompositionis interpretedsemanticallyby filling theattributesof the
propletschematawith appropriatevalues(analogousto thetransitionfrom 4.2to 4.3).

7.3 SCHEMA OF LANGUAGE INTERPRETATION

language proposition: blue � truck � belongs_to� milkman.� � � �
episodicor absoluteproposition: blue truck belongs_to milkman.

For communication,only the sem-attributesof the languagepropletsareused. They
arestoredin theword bankusingtheconceptsasthekeys.

8 Proplet matching

Matchingbetweenpropletsis alwaysbasedon anupperanda lower level (cf. 3.1,3.2,
6.3, 6.4, 6.5, 7.2, 7.3). The differenttypesof matchingmay be combined,however,
into thefollowing four level structure:

8.1 MATCHING RELATIONS IN DATABASE SEMANTICS
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level 1:

level 2:

episodicproposition
episodicproposition
episodicproposition

absoluteproposition

episodicproposition

absoluteproposition

episodicproposition

absolutepropositionlevel 3:

languageproposition languagepropositionlevel 4

(e)(d)

(b)
(a)

(c)

Episodicpropositionsappearat level 1, absolutepropositionsresultingfrom (a)gener-
alizationandusedfor (b) episodicinferenceat level 2, absolutepropositionsusedfor



(c) absoluteinferenceat level3,andlanguagepropositionsusedfor codingor decoding
(d) absoluteor (e)episodicpropositionsat level 4.

The five matchingrelationsarebasedon the four correlationsbetween(i) absolute
andepisodicproplets(a, b), (ii) absoluteandabsoluteproplets(c), (iii) languageand
absoluteproplets(d), and(iv) languageandepisodicproplets(e):

8.2 FOUR CORRELATION TYPES BETWEEN PROPLETS

(i) absoluteproplet/ (ii) absoluteproplet/ (iii) language proplet/ (iv) language proplet/
episodicproplet absoluteproplet episodicproplet absoluteproplet	




� arg: square

FUNC:have
MODR:
id: y
prn: abs-3
arg: square

� 




�
	




� arg: square
FUNC:have
MODR:
id: y
prn: abs-3
arg: square

� 




�
	






� sur: Quadrat
syn:noun

sem:

	


� FUNC:contain
MODR: small
id: 9
prn: 24
arg: square

� 


�
� 






�

	






� sur: Quadrat
syn: noun

sem:

	


� FUNC: contain
MODR: small
id: 9
prn: 24
arg: square
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�
� 






�

	


� arg: square
FUNC:contain
MODR: small
id: 9
prn: 24
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�
	




� arg: square
FUNC:contain
MODR:
id: y
prn: abs-3
arg: square

� 




�
	


� arg: square
FUNC:contain
MODR: small
id: 9
prn: 24

� 


�
	




� arg: square
FUNC:have
MODR:
id: y
prn: abs-3
arg: square

� 




�
Correlation(i) betweenan absoluteand an episodicproplet constitutesa complete
matchingin generalizationand a partial one in episodicinference. Correlation(ii)
betweentwo absolutepropletsis limited to absoluteinference,whereit constitutesa
partial matching. Correlations(iii) and(iv) betweenthe sem-attribute of a language
propletandanepisodicor absolutepropletconstitutea completematching.

Partial andcompletematchingequally requirethat the conceptsinvolved mustbe
compatible.Thereareonly two basicconstellations:

8.3 MATCHING BETWEEN M-CONCEPTS AND I -CONCEPTSloc

(1) M-CONCEPT/I -CONCEPTloc (2) M-CONCEPT/M-CONCEPT	
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edge1: α cm
angle1/2: 900

edge2: α cm
angle2/3: 900

edge3: α cm
angle3/4: 900

edge4: α cm
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edge1: α cm
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edge2: α cm
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edge3: α cm
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edge1: 2cm
angle1/2: 900

edge2: 2cm
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edge3: 2cm
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edge4: 2cm
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edge3: α cm
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Thematchingkinds(i) and(iii) in 8.2arebasedonconstellation1 betweenM-concepts
andI-conceptsloc. Thematchingkinds(ii) and(iv) arebasedonconstellation2 between
M-conceptsandM-concepts.



TheI-conceptsloc andM-conceptsin constellation1 havetheirorigin in basicrecog-
nition andaction(cf. 2.5). In cognitiveagentswithout language,constellation1 comes
aboutasgeneralization(e.g. 6.3), resultingin absolutepropositionsusedfor episodic
inference(e.g. 6.4). In cognitive agentswith language,constellation1 acquiresan
additionalfunctionin communicatingepisodicpropositionalcontent(e.g.7.2,7.3).

Constellation2 comesaboutas an abstractionover constellation1. In cognitive
agentswithout language,this constellationis usedfor absoluteinference(eg. 6.5). In
cognitive agentswith language,constellation2 acquiresan additionalfunction in the
communicationof absolutepropositionalcontent(eg. 7.2,7.3).

Thepower of thematchingrelationsin 8.3 is strengthenedby thefact that thecom-
patibility betweentheupperandthelowerlevel is not limited to correlatingconceptsof
thesamekind. For example,a familiar objectrecognizedasa tablemaybeclassified
spontaneouslyasa platform to betterreacha banana(constellation1). This insight
may be turnedinto a generalrule accordingto which the cognitive agentusestables
routinely asplatformsandeven stacksthemup on top of eachotherfor this purpose
(constellation2). In this way, databasesemanticsmirrors thewidely heldview14 that
metaphoris not limited to language,but pervadescognitionin general.

9 Motor-algorithm for powering the navigation

CA’s word bankinteractswith theinternalandexternalenvironmentby meansof LA-
grammars.Theseareof threebasictypes:(a) recognition,(b) action,and(c) inference.

The LA-grammarsfor (1) external,(2) internal,and(3) languagerecognitionread
propositionalcontentinto theword bank.TheLA-grammarsfor actionrealizecertain
propositionsas(4) external,(5) internal,and(6) languageactions.TheinferenceLA-
grammarsarefor (7) generalizationaswell as(8) episodicand(9) absoluteinference.15

9.1 LA-GRAMMARS FOR RECOGNITION, ACTION, AND INFERENCE
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episodicpropositions

absolutepropositions

interalaction

languagesynthesis languagepropositions

word bank

cognitiveagent

internalrecognition

level
context

language
level

1

24

5

7,8,9,10

languagerecognition

3 languageinterpretation
6 languageproduction

externalaction

externalrecognition

14Expressedfor exampleby Lakoff & Johnson1980.For anoverview seeIndurkhya1992.
15Hausser1999presentsformally definedLA-grammarsfor the(3) interpretationand(6) productionof a

certainsentence,andthe(8) derivationof anepisodicinference.LA-Q1 andLA-Q2 for answeringquestion
(op. cit, p. 492f.) shouldbetreatedasextensionsof LA-MOTORdefinedbelow.



The recognition,action,and inferenceLA-grammarsarefixed componentsandstart
runningwhenthey receive input. In recognition,theinput is providedby eventsin the
externalandinternalenvironment.But whatprovidesinput for actionandinference?

Theansweris a tenthLA-grammar, calledLA-MOTOR(cf. 10 in 9.1). It is special
in thatis is mobile– likea locomotive. It movescontinuouslythroughthewordbank’s
propositionalcontent,choosingcontinuationseitherat random(freeassociation)or by
following a highlightingof continuationpropletsprovidedby a controlstructure.LA-
MOTORis likea greyhoundracingafteranartificial rabbitprovidedby highlighting.

LA-MOTOR’snavigationmaybeone-levelor two-level. In one-levelnavigation,the
propletsaresimply traversed.In two-level navigation the episodicpropletstraversed
arematchedby correspondingabsoluteor languageproplets.Dependingon their con-
tent, thesematchingpropletsarepassedon to the LA-grammars(4–6) for actionand
for (7-9) inference,activatingthemby providing themwith input.

9.2 DEFINITION OF LA-MOTOR

STS: {([func: α] {1 F+A=F, 2 F+A=A})}

F+A=F:

�� func: α
ARG: x β y
prn: m

�� �� arg: β
FUNC: α
prn: m

���� � � func: α � {3 F+A=F, 4 F+A=A, 5 F+cnj=F}

F+A=A:

�� func: α
ARG: x β y
prn: m

�� �� arg: β
FUNC: α
prn: m

�� � � � arg: β � {6 A+id=F}

A+id=F:

���� arg: α
FUNC: β
id: m
prn: k

� ��� ���� arg: α
FUNC: γ
id: m
prn: l

� ��� � � ���� func: γ
ARG: x a y
prn: l

� ��� {7 F+A=F, 8 F+A=A}

F+cnj=F:

���� func: α
ARG: x
cnj: m C n
prn: m

� ��� ���� func: β
ARG: y
cnj: m C n
prn: n

� ��� � � � func: β �
{9 F+A=F, 10 F+A=A}

STF : { ([func: x] rp F� A � F)}

The rulesof LA-Motor specifypatternswhich areappliedto episodicproplets. The
first propletprovidesthecontinuationpredicatefor moving to thenext.16

TheruleF+A=F is for intrapropositionalnavigation;it movesfrom afunctorproplet
to an argumentpropletandbackto the functor, usingthe intrapropositionalcontinu-
ationpredicateof the functor to find the argument.F+A=A initiatesanextraproposi-
tional navigationbasedon identity. A+id=F continuesthis extrapropositionalnaviga-
tion, asindicatedby thefollowing continuationstructure:

9.3 EXTRAPROPOSITIONAL id-NAVIGATION

F+A=A F+A=A

A+id = F A+id = F

ARG1 ARG2 ARG3 ARG1’ ARG2’ ARG3’

FUNC1 FUNC2

F+A = F F+A = F
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ThefourthruleF+cnj=Fcontinuesanintrapropositionalnavigationby moving to the
next propositionbasedon theconjunctionof thefunctor, asindicatedbelow:

9.4 EXTRAPROPOSITIONAL cnj-NAVIGATION

FUNC1 FUNC2

ARG1 ARG3ARG2 ARG1’ ARG3’ARG2’

F+cnj = F F+cnj = F

F+A = F F+A = FF+A = F F+A = F
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As analgorithm,LA-MOTORexecuteslegaltransitionsfrom oneepisodicpropletto

thenext. However, giventhateachpropletmayprovideseveralpossiblecontinuations,
thereis thequestionof how to providethehighlightingto guidethenavigation.

The first obvious stepis to connectLA-MOTOR to the cognitive agent’s recogni-
tion procedures.Whenan episodicpropositionis readinto the word bankby means
of LA-grammarsfor external, internal, or language17 recognition,the new proplets
arehighlighted,causingLA-MOTORto jump to thefirst propletandto follow thein-
comingpropositionsfrom there. LA-MOTOR’s tracingof incomingpropositionsis
importantbecauseit positionsthefocuspoint in preparationfor subsequentaction.

10 Autonomous control structure

In order to guideLA-MOTOR’s navigation from recognitionto action, the concate-
natedpropositionsin awordbankareindividuatedinto recognition-action-recognition
(rac)sequences.Thesestorepastexperiencesrelatingto, for example,feelinghungry.
WheninternalrecognitionreadsCA feelshungry into the word bankoncemore,this
propositionis usedto retrieveandhighlightall earlierracsequencesbeginningwith it:

10.1 RECOGNITION HIGHLIGHTING ASSOCIATED RAC SEQUENCES

CAfeelshungry�
CAfeelshungry–CAsearchesat placeX–CAfindsno food�
CAfeelshungry–CAsearchesat placeY–CAfindsa little food�
CAfeelshungry–CAsearchesat placeZ–CAfindslots of food

The retrieval of rac sequencesbeginning with CA feelshungry is basedon the word
bank’s datastructure,usingthe conceptsasthe key. LA-MOTOR navigatesthrough
theserac sequences,jumping throughoutthe word bank from proplet to proplet by
following theircontinuationpredicates,ignoringthosewhicharenot highlighted.18

16For simplicity, thetreatmentof modifiersis omittedin LA-MOTOR.
17While absolutepropositionsarenormallyprocessedby LA-grammarsfor inference,episodicproposi-

tionsarenormallyprocessedby LA-MOTOR.However, asa specialcaseof naturallanguageinterpretation
and production,absolutepropositionsmay also be readinto and out of the word bank. This requiresa
straightforwardextensionof LA-MOTOR.



Thequestionraisedby thissimplifiedexampleis: within whichracsequence’saction
propositionshouldLA-MOTOR switch from one-level to two-level navigation, thus
activating a suitableLA-grammarfor action? The solution requiresthat the actions
initiatedby LA-MOTORhavea purposefor thecognitiveagent.

For theimplementationof purposeit is usefulto distinguishbetweenlong andshort
termpurposes.BecauseCA’s survival from onesituationto thenext is a primarycon-
cern,theremainderof this paperwill bedevotedto shorttermpurposes.

In databasesemantics,shorttermpurposesaredrivenby needparametersin combi-
nationwith thebalanceprinciple.Examplesof needparametersareenergy supplyand
temperature.Thecurrentvalueof theformermayleave normalrangebecauseof con-
sumption,of thelatterbecauseof externalchanges.Othershorttermneedparameters
arerest,sleep,fear, but alsoshelter, socialacceptance,intellectualstimulation,etc.

According to the balanceprinciple, CA strives to maintainthe valuesof the need
parameterswithin normalrange.For this,racsequencesoriginatingasarealactionare
evaluatedasto whetherthey resultin raisingor loweringany of theneedparameters,
or leaving themunchanged.The evaluationis expressedby meansof needvectors,
pointingupor down at variousdegrees,whereby� expresses‘no change.’

Whena storedrac sequenceis activatedlater by an incomingrecognition,its need
vector is relatedto the currentparametervalues. If oneof the parametersis out of
normal range,the rac sequencewith a needvectormost likely to regain balancefor
that parameteris highlightedmost. In this way, LA-motor is enticedto (i) choose
the rac sequencemost appropriateto regain balance,and (ii) to switch to two-level
navigationwhentraversingtheactionpropositionof thatracsequence.

For example,if CA’s needparameterfor energy supplyhasdroppeda little out of
range,thepropositionCAfeelshungryis readinto thewordbank.Becausethestateof
theenergy parametercorrespondsbestto thesecondracsequencein 10.1,it would be
highlightedmost,causingCA to searchat placeY. Thefirst andthethird racsequence
in 10.1would comeinto play only if CA’ssearchat placeY is unsuccessful.

Similarly, if CA’sneedparameterfor temperaturehasrisenoutof rangealot, CAfeels
hot is readinto the word bank. This resultsin highlighting rac sequencesbeginning
with that proposition,e.g. (1) CA feelshot–CAmovesinto shade–CAcoolsdowna
little, (2) CA feelshot–CAmovesinto thebasement–CAcoolsdowna lot, and(3) CA
feelshot–CAmovesinto thesun–CAfeelshotter. Heretheneedvectorof the second
racsequenceis suitedbestto regainbalance,resultingin thecorrespondingaction.

But what aboutsituationsin which thereareno rac sequencesin the word bankto
be activatedby the currentrecognition? In this case,predefined(‘innate’) openrac
sequencesprovideoptionsfor action.Considerthefollowing example:

10.2 OPEN RAC SEQUENCES FOR UNKNOWN SITUATIONS

CAmeetsunknownanimal�
unknownsituation–CAapproaches–?�
unknownsituation–CAwaits–?�
unknownsituation–CAflees–?

18In memory, thepropositionsof aracsequencearenaturallyconnectedby subsequentpropositionsnum-
bers,e.g.54,55,56,reflectingthetemporalorderof their occurrence(cf. Hausser2001b).This allows their
traversalby meansof LA-MOTORbasedon thecjn-valuesof therespective functor-proplets.



Theseracsequencesareopenbecausedueto lack of experiencetheresultproposition
is representedasunknown (‘?’). However, they have predefinedneedvectorsrelating
to thefearparameter, thefirst beinglow, thesecondmedium,andthethird high.

Appearanceof theunknown animalassmallandcuddlywill lower thefearparame-
ter, resultingin agreementwith thefirst racsequence.Appearanceasbig andferocious,
ontheotherhand,will increasethefearparameter, resultingin agreementwith thethird
racsequence.And accordinglyif theanimal’s appearanceis uncertain.Providedthat
CA survivesthe encounter, a new completerac sequenceevaluatingCA’s action to-
wardsthis particularanimalwill bestoredin CA’swordbank.

An indirectway to mediatebetweenknown (cf. 10.1)andunknown (cf. 10.2)situ-
ationsis inference.TheLA-grammarsfor generalization(cf. 6.3),episodicinference
(cf. 6.4),andabsoluteinference(cf. 6.5) areactivatedby incomingabsoluteproplets
resultingfrom two-level navigation of LA-MOTOR. Thereby, the propletsfor gener-
alizationarebasedon completematching,while thosefor episodicandabsoluteinfer-
encearebasedon partialmatching.Thecrucialquestionis whenLA-MOTORshould
switchto whichkind of two-level navigationto activateanLA-grammarfor inference.

Finally, thereis languageproduction(cf. 7.2). It is alsoactivatedby LA-MOTOR
switchingto two-level navigation,thoughthepropletsusedto matchthepathtraversed
arelanguageratherthanabsoluteproplets.As in non-verbalaction,thecontrolof lan-
guageproductionis basedonracsequencesandneedparameters.Themaindifference
to the nonverbalexamplesdescribedabove is that the needparametersfor language
interactionareof a socialratherthana physiologicalnature.

As an example,considerthe social rac sequences(1) CA meetscolleague in the
morning–CAgreetscolleague–ColleaguegreetsCA and (2) CA meetscolleague in
themorning–CAlookstheotherway–Colleaguedoesn’t greetCA. Theneedvectorsof
theseracsequencesrelateto theneedparameterof socialacceptance,wherebythefirst
needvectorincreasesthe currentvalueof that parameter, while the secondonedoes
theopposite.

Conclusion

Thecontrolstructurepresentedin thispaperis drivenby physiologicalandsocialneed
parameters.They areusedto evaluaterecognition-action-recognition (rac) sequences
in termsof needvectorsrelatedto thoseparameters.A detailedcomputationalmech-
anismfor selectingactionsto maintainthe cognitive agent’s needparameterswithin
normalrangeis described.

This treatmentof control resemblesthe treatmentof coherence(Hausser1999,p.
473f.) andspatio-temporalindexing (Hausser2001a)in databasesemantics:All three
aredrivenby thestructureof theexternalworld. However, while coherenceandspatio-
temporalindexing aremerely reflectedin the cognitive agent’s memory, the control
structureusessuchmemoriesasmodelsfor actionsto continuouslymaintainbalance.

The propermodelingof rac sequencesin relationto physiologicalandsocialneed
parametersis an empirical matterof considerableinterest. In combinationwith the
balanceprinciple,it providesa computationalimplementationof intentionor purpose.

WhetherCA’sautomaticassignmentof needvectorsto racsequenceshasbeenimple-
mentedcorrectlyor notmaybeverifiedobjectivelyby testingCA’sbehavior. Thesame
holdsfor the derivationof inferencesandthe implementationof long term purposes.
For this methodologyto becomereality, however, roboticsandproceduralsemantics
have to work togethermuchmorecloselythanis currentlythecase.
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