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Abstract

We considertheoreticalaspectsfrom linguis-
tics andlogic for contributionsto the problem
of systemscalability.

For the linguistic part, we claim that a
“pragmatics-first”view on rational interaction
providesanappropriateframework for flexible
and scalabledialoguemodelling. In particu-
lar, theplan-basedapproachoffersthemeansto
conducttask-or goal-orienteddialogueswhich
aimataccomplishingconcretetasks.It enables
cooperative responsebehaviour andtheability
for negotiation.

For thereasoningpart,i.e.knowledgerepresen-
tationandinferencefor theinterpretationof di-
alogueas well as for planningto satisfy user
goalsin theapplicationdomain,wearguefor a
computationallogic framework.

Thereis no doubt that a minimal prerequisite
for scalablesystemsis that they have a modu-
lar structure.We claim that a clearfunctional
separationbetweenthelanguagemodel,thedi-
aloguemodel,andthedomainmodelprovides
a sufficientconditionto addressscalability.

1 GeneralAssumptions

Our generalgoalis to build dialoguesystemsfor rational
interaction.Whatwewantto achieveis thesatisfactionof
usergoalsin agiven(ideallyopen)domainby conducting
spokendialogueswhereit shouldbepossiblein principle
to augmentthemby otherformsof multi-modalinterac-
tion like gesturesor the selectionof itemsfrom a menu
on a screen. Interactionsare called “rational” because
wewantto applyrationalityprinciples(at theknowledge
representationlevel) to optimallyselectappropriatecom-
municative actions. We assumethat the satisfaction of
usergoalswithin the thematicframework of a particu-
lar applicationdomainis to beachievedwith thehelpof

a dialoguesystemproperin cooperationwith a techni-
cal applicationwhich we alsocall the “domainproblem
solver”. Sucha technicalapplicationcanbeaninforma-
tion or reservation system,a systemfor controlling cer-
taindevices,etc.

In suchsettings,(Allen etal.,2001)characterize“prac-
tical systems”astask-or goal-orienteddialoguesystems,
wherethe dialogueis focussedon accomplishinga con-
crete task. They claim that the conversationalcompe-
tencerequiredfor practicaldialoguesis significantlysim-
pler to achieve thangeneralhumanconversationalcom-
petence.We areconvincedthat this distinctionis useful
becauseit providesa realisticstartingpoint andbecause
the latter – generalhumanconversationalcompetence–
is hard to define. Hence,we begin with a certainwell-
definedconversationalcompetenceandwith increasingly
complex requirementsfrom theapplicationwe cantry to
augmentit, i.e., we attemptto proceedin an incremen-
tal fashion. But probablythis will not be easy;we can-
not expect that this can be donein the way of a linear
progress:Theremaybe fractionswherecompletelydif-
ferentrequirementscomein which cannotbe integrated
seamlessly.

Anothergeneralunderlyingassumptionis that for the
interpretationof dialoguewe insist on a clear commit-
ment to a (computational)logic framework. Of course,
humansact incoherentlyand even inconsistently, and
commonsensereasoningcanonly to a certainextentbe
understoodin termsof logic, but we areconvincedthat
a coherentand consistentrational reconstructionis the
bestwe can do about it. Sucha constructive perspec-
tivehastheadvantageof enablingusto begin with awell
understoodframework for knowledgerepresentationand
reasoninguponwhich we canattemptto build rule sys-
temsfor still idealized,but morerealisticpatternsof ar-
gumentationin specificdomains.Webelieve thatthereis
a potentialto succeedin a varietyof prevailingly instru-
mentalizedcontextsasit is thecasewith technicalappli-
cations– thatwill bediscussedin moredetailbelow – or,
to take upanotherexample,in forensicargumentation.



2 Remarks on Scalability

The question of scalability of natural languageand
speechdialoguesystemshasbeenan issuefor quite a
long time. And it becomesmoreandmorepressingwith
therapidly increasingprocessingpowerandmemorysize
of modernhardwareand the progressin softwareengi-
neeringtechniques.Beforeweaddressthedimensionsof
scalabilityandtheproblemsconnectedwith it, let ushave
a look at historyto sharpenour awareness.

2.1 In the Beginning: The Structural Approach

For severaldecades,naturallanguageandspeechsystems
for informationdialogueshavebeendevelopedontheba-
sisof anapproachwhich led from experimentalsystems
to a commerciallyavailable technology. Although suc-
cessfulin many domains,we will argue that thosesys-
temshave severe limitations which are inherentto the
underlyingso-calledstructuralapproach.

The goal addressedby this first systemgenerationis
to accomplishan informationtask. By conductingmore
or lessstrictly guideddialoguesthey aim at supplying
a user with a specific information in a given domain,
e.g.train connections,traffic jams,cinemaprogrammes,
stockexchangedata,weatherinformation,etc. in asfew
dialogueturnsaspossible.Thetechnicalapplicationthey
arecooperatingwith is usuallya staticdatabasesystem;
in somecasesit hasbeenextendedwith an application
server that might be taking ordersor reservations. The
basictechniquethesesystemsuseis theextractionof pa-
rametervaluesfor a given schemafrom userutterances
(“slot filling”) under the closedworld assumption. In
general,they havea very limited anddomain-specificin-
ferencingcapability, if at all. As for dialoguemodelling,
they rely on a state-basedapproach,which is alsocalled
structural. Drivenby speechrecognitiontechnology, di-
aloguesaremodelledby meansof stochasticfinite-state
machines.To do so, the constructorof a structuraldia-
loguemodelis forcedto anticipatefutureadmissibledi-
aloguestates. If large annotatedcorporaare available,
stochastictrainingtechniquescanhelpa lot, but thegen-
eralproblemof anticipationremains.In this framework,
the generalview of dialoguein speechcommunication
is understoodascontrolling andrestrictinginteraction–
andthis is fundamentallydifferent from basinghuman-
computerinteractionon humanconversation(cf. (Allen
et al., 2001)). This “controlling andrestricting” view is
to a large extent dueto robustnessrequirementsthat all
speechdialoguesystems– not only the structuralones
– arefacedwith: recognitionerrors,speaker adaptation,
and“out of vocabulary/domain”problems.

So, what arethe inherentlimitations of the structural
approach?In spiteof variousimprovementsto structural
systemslike the introductionof anchoringinto the dia-

loguehistory, usingdialogueactpredictionsanddefaults,
andemployingsub-dialoguepatterns,they havenomeans
to dealwith semanticandpragmaticproblemsin a flexi-
bleway, whichis themostdifficult partof theanticipation
problemwith guideddialogues.

Thisassertionis corroboratedby theresultsof aneval-
uationof morethan1100recordedtrain informationdia-
logueswith theEVAR system,astate-of-the-artstructural
systemdevelopedat our university (Eckert et al., 1994;
Boroset al., 1996): 68.5%of the dialogueswerecom-
pletedsuccessfully. Of the remaining31.5%incomplete
dialoguesno lessthan 83.1% failed becausetherewas
no(proper)integrationinto thecontext; 14.7%werecan-
celledby the user, and2.2%failed becauseof a system
crash.

To resolvesemanticandpragmaticproblemswhichre-
sult from a high degreeof dependency on the dialogue
andapplicationcontext, a systemmustbe able to draw
inferencesbasedon a dialoguemodelandanapplication
model. This requirementgoesfar beyondtheexpressive
meansprovidedby a structuralmodel,which usuallyin-
tegratesdialogueandapplicationknowledgein a finite-
statemachine– for theoreticalreasons.

At this place,anotheraspectof the closeintegration
of dialogueandapplicationfeaturesmustbe addressed,
althoughit is not a fundamentaltheoreticallimitation of
the structuralapproach:Becausethesesystemsusually
aretailoredto a specifictasktype,mostlystaticdatabase
querying,they lack of a sufficient modularization. The
needto factorout properdialoguefeaturesis hardly ad-
dressed.Therefore,attemptsto build in extensionsor to
port to new domainswithin thesametasktypearefaced
with a considerabletechnicaleffort, which constitutesa
bottleneckto scalability. Portingto a new domainwith
differenttasktypeswill often result in a completereim-
plementationof thestructuraldialoguemodel.

Let uscomebackto thepreviousargument:Theneed
for reasoningbecomesevenmoreapparentif we have to
deal with meta-discourse,a phenomenonwhich is fre-
quentin corpora,andwith dynamicdomains.

To giveanexample,wemayconsiderthescenariosthe
EMBASSI systemhasto dealwith. EMBASSI is a joint
nationalproject sponsoredby the GermanMinistry for
ResearchandTechnologywith 19partnersfrom industry,
researchinstitutesanduniversities1. Its goalis to develop
a systemwhich is able to control devices by meansof
multi-modaldialogues,e.g.anaudio-videotheatrein the
homeor a radioandnavigationdevice in cars.Particular
emphasisis putonflexible assistanceconceptsin thereal-
izationof theEMBASSI system.For thefirst application
area,thereis theexplicit requirementthattheapplication
systemis reconfigurable,i.e., thatnew devicescanbein-

1GrantNo. 01 IL 904F 8



tegratedin a plug-and-playfashionon thefly.
The technicalanswerof the EMBASSI consortiumto

thequestfor sucha high level of flexibility andscalabil-
ity was to designa highly modularagent-basedsystem
architecturewherethe modulescommunicatein a uni-
form agentcommunicationlanguage(KQML/A CL). In
thefollowing wewill addressthequestionof thetheoret-
ical foundationsandbasaldecisionsto make it happen.

2.2 Dimensionsof Scalability

Oftentherequirementfor scalabilityof dialoguesystems
is seenprimarily asanengineeringproblem.At a closer
look, it becomesapparentthat thereis moreto it: Scala-
bility mustbeconsideredin thecontext of underlyingas-
sumptionsandspecifications,which of courseconcerns
varioustechnicalaspects,but alsoincludesthe question
how weunderstandtheinteractionbetweenuserandsys-
tem.

At least,for scalabilitythefollowing issueshave to be
addressed,but, of course,thelist is openfor extensions:

� vocabularysize,
� linguistic coverageandutterancetypes,in particu-

lar varietiesof reference,e.g.anaphorand ellipsis
resolution,

� multi-linguality,
� mixed-initiativedialogues,
� multi-modality,
� singleor multiple simultaneousgoals,
� multi-partydialogue,
� size and fundamentalpropertiesof the application

domain(s)
� extensibility of applicationsby new subdomains,

e.g.train informationplus ticket saleplus hotel in-
formationandreservation,

� switchingto new (sub-)domains,
� reconfigurabilityof theapplication,
� systemportability to new domains.

We arefar from beingableto provide operationalan-
swersto thesequestions,notevento apartof it. Thebest
we cando at themoment,is to presentsometheoretical
considerationswhich indicatethe directionsin which to
searchfor answers. Of course,many authorshave ad-
dressedproblemsmentionedin this list. Interestingly,
in most caseswe know of, if the authorsshareour as-
sumptionthatscalabilityis not only a technicalproblem,
thereis no fundamentaldisagreementw.r.t. the theoreti-
cal premises.

For a practicalapproachto thesolutionsof scalability
problems,we suggestthat for eachparticularissueone

shouldtry to identify theprimitivesin orthogonaldimen-
sions– e.g.lexical entriesanddomainoperationconcepts
– and their mutual dependencies.We expect that pro-
ceedingin this way will immediatley revealwhich com-
ponentsareaffectedby a new requirement.

2.3 ReconsideringBasalDesignDecisions

Ourdiscussionof thestate-basedapproachto naturallan-
guageandspeechdialoguesystemsindicatedaneedto re-
considerbasaldesigndecisions.This means,we have to
provide argumentsandreasonswhich help in the search
for solutions,in otherwords,we arelooking for theoret-
ical justificationsfor suchdecisions.For the following,
“theory” will adressthespheresof languageandreason-
ing. As for systemarchitecture,this seemsstill to be
ratheran art and engineeringpractice,and we will be
happy if we wereableto deriveat leastsomeconstraints
on architecturaldesigns.

What we will do in the following sections,is to set
up a generalperspective on dialoguesystemswhich can
becharacterizedasa “pragmatics-first”view on rational
interaction2.

For dialoguemodelling,wewill follow theplan-based
approachwhichhasits rootsin naturallanguageprocess-
ing andArtificial Intelligence. It providesthe meansto
conducttask- or goal-orienteddialogueswhich are fo-
cussedon accomplishingconcretetasksasmentionedin
the introduction. We claim thatonly a generalplanning
approachenablescooperative responsebehaviour (prag-
matic adequateness,overanswering)and the ability for
negotiation.

For the reasoningpart, i.e. knowledgerepresentation
andinferencefor theinterpretationof dialogueaswell as
for planningto satisfyusergoalsin the applicationdo-
main,we will refer to a computationallogic framework,
in particulardescriptionlogics.

Thereis no doubtthata minimal prerequisitefor scal-
ablesystemsis that they have a modularstructure. We
will arguethata clearfunctionalseparationbetweenthe
languagemodel, the dialogue model and the domain
modelprovidesasufficient conditionto addressscalabil-
ity.

Someremarkson our currentwork on dialogueman-
agementwithin the EMBASSI projectwill illustratethe
practicalimplicationsof this theoreticalframework3.

2Froma theoreticalperspective seethepioneeringwork by
Cohenandothers,cf. thecontributionsin thevolume(Cohenet
al., 1990). As an examplefor a systemstrictly basedthereon
cf. Sadek’sARTIMIS, (Sadek,1996;Sadeketal.,1997;Sadek,
1999)

3Further information aboutour approachcan be found in
(Ludwig et al., 2000;Görzetal., 2002).



3 Theoretical Considerations

The term “theory”, in particular linguistic theory and
logic, will beunderstoodin a very generalandexplicitly
non-formalisticsense,which meansthat foundationalis-
suesarepart of our theoreticalreflection. For the latter,
the hardestpart lies in the beginnings: We have to be-
comeclearaboutthe basalassumptionswe arestarting
with andwe haveto make themexplicit in orderto avoid
argumentativecyclesin theconstructionof our terminol-
ogy. Considerationsof theactual,developedlevel of the-
ory shouldincludeanunderstandingof its genesis– how
did we get to wherewe are? –, andin particularwhere
opportunitiesfor alternativedevelopmentpathshadbeen.

3.1 Linguistic Theory and Linguistic Processing

3.1.1 Linguistic Theory and the Pragmatic Turn

The beginning of theoreticalthinking in classicalan-
tiquity is also the beginning of theorizing about lan-
guage,and in particularabout its usein argumentation
and reasoning. A rather late developmentwere gram-
marbooksfor thepracticalinstructionof languageasthe
Latin grammarsof Donatusand Priscianus– to which
contemporarygrammarbooksowemorethanthey know.
But Priscianus’work containsalsoa sectionon syntactic
structureswhichhasbeenratherinfluentialfor morethan
a millenium.

Thetraditionaldivision of thetheoryof languageinto
the investigationof its structure,meaning,and use is
ratheruncontroversial.Thiswayof modularizinglinguis-
tic knowledgehasbeentaken up by most NLP system
constructorsasa basisfor systemmodularization.But,
of course,for systembuilding this is only onepart– what
canlinguisticssayaboutprocessing?Chomsky’s claim
that linguistics considersonly competence,not perfor-
mance(Chomsky, 1965), is of little help if we aim at
functional, practical systems. If we have to deal with
real users’ input the integration of performanceissues
is inevitable. The big questionwhetherthereis a the-
ory of “human languageprocessing”hasbeentaken up
by cognitivescientists,andalthoughtheir researchled to
a broadvarietyof interestingresults,it is still debatable
whetherthereis yetageneralframework in cognitivesci-
encewhichreallydeservesthisname.Wewill comeback
to this point in thesectionon systemarchitecture.

Somany, if not most,systemstodaystill mapin their
architecturethe constructionof linguistic theory in the
formalistic tradition asoutlinedby Chomsky andmany
othersworking within the sameparadigm: Signalsare
turnedinto symbolstringswhich first aresegmentedand
scannedlexically and then analyzedinto phrasestruc-
tures,in somecasesalsodependency structures.Lateron,
thesegrammaticalstructuresare transformedinto some
kind of logical form which is supposedto expresstheir

meaning.For conversationalsystems,thepragmaticlevel
is in mostcasesrepresentedby theuseof speechactsand
the representationof intentionsas the last andsubordi-
nateprocessingstepin analysis.Independentof theade-
quatenessquestionfor sequentialprocessing,thisclassof
systemscanbeunderstoodasrealizationsof a theoretical
conception.That they have deficitson the performance
side– althoughin many practicalsystemsa lot of strate-
gies have beenimplementedto copewith performance
issues– is in principle a clearconsequenceof that con-
ception.

Of course– for whatevertheory– whatsystembuilders
canachieveatbestis aclearoperationalizationof theoret-
ical constructsandtheir implementationunderthelimita-
tionsof problemdecidabilityandcomplexity. And after
a shorteuphoriain NLP in the1970s– which hadsortof
arevival undertheheadlineof “computationalpsycholin-
guistics”in the1990s– hardlyanybodystill believesthat
softwarearchitecturesof NLP systemsmapmoreor less
directly the humanlanguageprocessingsystem. What
they do maparein factstructuresof theorizingor of the-
ories,respectively.

With the previous remarksI tried to indicatethat cer-
tainshortcomingsof NLP systemson theperformanceas
well asonthepragmaticlevel arein awayaconsequence
of a decisionon the meta-theoreticlevel, i.e. the choice
of a certainlinguistic theorytype. So,what is the alter-
native? In our conviction, philosophyof languagehas
givenanansweralreadya while agowith what is called
the“pragmaticturn”. So,whenwe pushtheintroduction
of a “pragmatics-first”perspective in NLP, we consider
communicationasaction– which in factmeansa radical
departurefrom theformalisticmainstream:Takingupthe
“pragmaticturn” in NLP meansto turn Chomsky upside
down. Methodologically, pragmaticsis put at thebegin-
ning; on thatbasissemanticandsyntacticcategoriesare
understoodaspragmaticallyfoundeddistinctions.This is
differentform thetraditionalview wheremeaningscome
upasabstractobjectswhicharelinkedto purelylinguistic
objectsin a functionalway; in thiswaypragmaticsis just
theinvestigationof dependenciesbetweenmeaningfunc-
tionsandfunctionsof theuseof linguisticexpressions.In
otherwords,pragmatics– the useof language,require-
mentsof communicative functionality – determinesse-
manticsandsyntax.

To be historically precise,this methodologicalstance
of looking at languageprimarily asa menasof commu-
nicationevenpredatesChomsky a lot, becauseit hadal-
readybeenintroducedby thePragueschoolof linguistics
in the 1920sunderthe term of “functionalism”. Their
starting point for analysisis the speaker’s intention as
expressedby a linguistic utterance,i.e. the analysisbe-
ginswith thefunctionof anutterancein orderto describe
its form. The“functional sentenceperspective” thenes-



tablishesthethematic/rhematicstructureof utterancese-
quencesor texts as the main structuralprinciple. This
approachis complementedby the theoryof speechacts
accordingto Austin andSearle4 who sharethe commu-
nicativeview on semanticsandsyntax.

Whereasat thefirst glanceit mayseema bit strangeif
we do not understandthechoiceof a particularlinguistic
theoryalongwith an appropriaterepresentationformal-
ism as the fundamentaltheoreticalquestionfor NLP in
thefirst place,wehopeit becameclearthatacomprehen-
sive theoreticalattitudeis the issue.It sumsup to rather
understandinglanguagein its socialcontext – language
asaction– thandepartingfrom a particulargrammatical
framework.

But, of course,onehasto ask – in the sameway as
for programminglanguages– how faracertainformalism
supportsmodularization,onthelevelof grammaritself as
well asbetweensyntaxproper, semantics,andpragmat-
ics. And furthermore,linguisticprocessingis constrained
by varioustechnicalfactorsamongwhich, in thecaseof
speech,is the quality of recognition,i.e. of the transfor-
mationof signalsinto a symbolicrepresentation.Up to
now, thereis no alternative to the successof stochastic
methodsfor speechrecognition. With considerablevo-
cabulary sizes,the bestthat speechrecognitiontechnol-
ogy canoffer is not a “beststring”, but a latticeof com-
petingscoredword hypotheses.For parsing,this means
that in most caseswe will not be able to find a single
spanningsyntacticdescriptionrangingover wholeutter-
ancesor dialogueturns (Görz, 1988),but that we must
expectsetsof syntacticfragmentswhichcanbecombined
into biggerunits by employing constraintsfrom linguis-
tic semanticsaswell asthe semanticsof the application
domainandforemostfrom discoursepragmatics.

3.1.2 Linguistic Processingin the Erlangen
DialogueSystem

To give an example, let us briefly describethe tech-
nique we chosefor linguistic processing. It is worth-
while to point out that the overall processingcontrol,of
which linguistic analysis– and generationas well – is
a part, is the duty of the dialoguemanager5. For pars-
ing, we build upon“chunks” which provide a first gram-
matical segmentationof utterances.Following (Abney,
1986), a chunk consistsof a syntactichead,which is
a contentword, surroundedby a constellationof func-
tion words in fixed patterns. In the caseof speech,we
also take prosodicboundariesinto consideration.Each
chunk hasan internal structureaccordingto the X-Bar
schema:head+ complement+ adjunct+ specifier. For

4For its influencein the domain of dialoguesystemscf.
Traum’s andAllen’s theoryof conversationalacts(Traumand
Allen, 1994).

5seebelow; thesystemarchitectureis depictedin fig. 1

chunkparsing,we usea chart parserwhich operatesin
threephases.Lexical scanningis performedby employ-
ing a fairly traditional lexicon togetherwith a morpho-
logical analyzer. Parsingphaseoneis therecognitionof
chunkson the basisof a unificationchunkgrammar. In
the secondphase,the syntacticfunctionsof chunksare
analyzedand usedfor the combinationof chunksinto
biggerunits,finally resultingin theconstructionof a de-
pendency tree. Of course,we have to copewith lexical
andgrammaticalambiguityandtheambiguityintroduced
by recognitionuncertainties.We implementedan ambi-
guity selectionmechanismthat shouldhelp to increase
robustness(Bücheret al., 2002).Thegrammaticalstruc-
ture analysisis incrementallytied with the third pars-
ing phase,the semanticinterpretationof chunks. This
part in turn consistsof threephases:First, we identify
word and intra-chunksemanticinformation, which are
domain-independent.Thesecondphaseis thegrammati-
cal determinationof inter-chunkrelations.Thethird part
is to perform semanticconstructionby meansof con-
structionoperationsassociatedwith the chunkgrammar
rules into DiscourseRepresentationStructures(DRSs).
For thelatterwe use

�
-DRT, a derivativeof Kamp’sDis-

courseRepresentationTheory(DRT) (KampandReyle,
1993).In correspondencewith thesyntaticamalgamation
of chunkstheirDRSsareincrementallycombinedbysub-
stitution,theevaluationof DRSoperators,anddiscourse
referentresolutionwhich allows to build up DRSswhich
transcendsentencelimits. Theseprocessesareguidedby
a setof logical rulesfor thedifferenttasksmentioned.

Theultimategoalin thispartof analysisis to transform
the domain-independentsemanticrepresentationinto a
descriptionof thediscousesituationwhich is specialized
to therespectiveapplicationdomainof our dialoguesys-
tem.Therefore,theprocessesmentionedaboveareincre-
mentallycombinedwith theexecutionof furtherrulesin
orderto achieve the applicationof domain-specificcon-
straintsassoonaspossible.To do so,first of all we need
to accessthe domain-specificconceptswhich areavail-
ablethrougha link betweenthegenerallexical semantic
informationandthespecificsemanticsof theapplication
domainin thelexicon. Somemoredetailsaregivenbelow
in the sectionon modelling. We thenhave to instantiate
the respective domainconceptswith discoursereferents
of the extensionalsemanticsby mappingchunk struc-
turesinto relationsbetweenconceptinstances.Finally,
somefurther domain-relatedrule-basedtransformations
have to be executedas, e.g., calendricalcalculationsto
providethedomain-specificdiscoursesituationrepresen-
tationwith absolutetimespecifications.

To concludethis section,let us make a few remarks
on the influenceof cognitive scienceresearchon human
languageprocessing. What is known on humanword
recognitionfrom a variety of reactiontime experiments



would leadto a radicalnew approachdifferentfrom to-
day’s technicallysuccessfulstochasticmodels,in partic-
ular Heuristic Markov Models (HMMs, (Allen, 1994),
App. C). We cannotdo morethanjust point out theneed
for a large researcheffort to make theseresultspracti-
cal in new systems. Someexperimentswe carriedout
within thefirst phaseof theVermobilprojecton control-
ling an incrementalword recognizerwith expectations
derived from linguistic processingwerejust disappoint-
ing. We observedanimprovementin recognitionquality
only in very restricteddomainswith small vocabularies
wherestrongconstraintsareavailable– like in the case
of train information(Görzet al., 1996).

Evidenceon time-linearprocessingand incremental-
ity have beenimplementedin a certain,but ratherindi-
rect way in the processingschemeoutlinedabove. But
the overwhelmingevidencefor deterministicprocessing
in thehuman“system”hasnotyetledto methodssuitable
for practicalapplication.

Someresultson specificphenomenacanbe– andare
in fact – appliedas heuristicparsingstrategies, e.g. in
caseslike PPattachmentanddiscoursereferentidentifi-
cation. But this doesnot deserve to becountedas“cog-
nitivemodelling”.

So, in general,this field is an importantareafor re-
search,but wewould notexpectpractical“cognitivesys-
temarchitectures”for NLP in thenearfuture.

3.1.3 On the Theoretical Basisfor Rational
Dialogues

Under the assumptionthat the “languageas action”
perspectiveprovidesa flexible andextensibleframework
for rationaldialogues,whoseaim is to satisfyusergoals
in a givenapplicationcontext, weneedmeansto identify
suchgoalsandto representthemformally within anex-
plicit representationof an initial situation.We alsoneed
methodsto decomposea goal into subgoalsto be satis-
fied by the applicationsystem,and to control the satis-
factionprocess.Interactionsarecalled“rational” because
wewantto applyrationalityprinciples(at theknowledge
representationlevel) to optimallyselectappropriatecom-
municativeactions.In otherwords,we formulatea com-
plex planningproblemwhich comprisesat leasttwo lev-
els: planningon thedialoguelevel w.r.t. interactionsbe-
tweenthedialoguesystemandtheuser, andplanningon
thelevel of theapplicationsystem.

For planningon the dialoguelevel, we needan ex-
plicit representationof dialoguesituationswhich on the
onehandincludestatementsrepresentingwhat the sys-
tem could extract from the interactionwith the userso
far andon the otherhandassumptionsaboutthe user’s
knowledgeabouttheactualsituationaswell ason goals,
their subgoalsand the actualstateof their satisfaction.
Fromthesystemengineeringpointof view wearedealing

with theepistemiclevel andthereis no needfor stronger
mentalisticclaims as far as the useris concerned.The
planningprocessconsistsin the applicationof dialogue
operationswhichhavepreconditionsdefiningtheirappli-
cability andassertionsabouttheir effect, i.e.,how thedi-
aloguesituationdevelopswhenthey areapplied.

A generallogic-basedapproachfor representingand
processingdialoguesituationson theepistemiclevel has
beendevelopedby Cohen,Levesqueandothers6. How
rationality principlescanbe integratedin sucha frame-
work hasbeenshown by Asheret al. (e.g.in (Asherand
Lascarides,1999)). Grice’s conversationalmaxims as
e.g.cooperativity andsincerityarerepresentedaxiomati-
cally in a modallogic formalization.

A comprehensive framework for discourseplanning
hasbeenestablishedby Groszand Sidnerin their pio-
neeringinvestigations(Grosz and Sidner, 1986; Grosz
andSidner, 1990),who in factproposedthreelevels for
modellingtask-orienteddiscoursestructure7. The inten-
tional level recordsthebeliefsandintentionsof thedia-
loguepartnersregardingthetasksandsubtasksto beper-
formed.Theattentionallevelcapturesthechangingfocus
of attentionin adialogueusingastackof so-called“focus
spaces”organizedaroundthedialoguetasks.Thelinguis-
tic level represents“segments”,i.e.contiguoussequences
of utterances,which contributeto aparticulartask.

Thesetheoreticalstudieshavebeenvery influentialfor
a lot of systemsalthoughwearenotawareof comprehen-
sive implementationsyet. To quoteonly a few examples,
cf. Rich’s et al. COLLAGEN system(Rich et al., 2001),
Allen’s et al. TRIPS (Allen et al., 2001) or Sadek’s et
al. ARTIMIS (Sadek,1996; Sadeket al., 1997; Sadek,
1999). In ARTIMIS, Sadekusesa modallogic theorem
prover, which introducesa high degreeof flexibility and
extensibility, but – probably– for thecostof losingcom-
pleteness.Beyondtherecognitionof userintentionsRich
et al. show how planscanberecognizedby inferring in-
tentionsfrom actions.Needlessto saythatthereis still a
hugeneedfor researchinto dialoguestrategiesasclarifi-
cation,negotiation,andothersubdialogues,andonmeta-
dialogue.

Our own work builds up on the insight that planning
in dialoguesis basedon partialknowledge.Eachcontri-
bution of a dialogueturn is differentialw.r.t. thepresent
dialoguesituation.Thereforewe usea monotonicpartial
logic (Nait Abdallah,1995)– whichallowsacertainkind
of defaults– for reasoningin dialoguesituations,includ-
ing the dialoguecontext, in order to establishcommon
knowledgeand conductdialogueaction(s). Insteadof
makingexplicit useof modallogic we instead,according

6cf. (CohenandLevesque,1990)andfurther contributions
in thevolume(Cohenet al., 1990);cf. also(PoesioandTraum,
1998;PoesioandTraum,1997)

7cf. (Rich etal., 2001)



to a suggestionby JohnMcCarthy, refer to a realization
of it as interpretationin context. Rationalityprinciples
serveasconstraintson theplanningprocess.

Discourseplanning, i.e. the determinationof a se-
quenceof dialoguesteps,hasto take into accountthat
theapplicationsubsysteminfluencesthesequenceof di-
aloguestepsby reactingon preconditionsof operations,
andgeneratingeffectswhich changetheactualstate.So,
a descriptionof thedialoguestepsequencerequiresrep-
resentationsof time, the “actual state”, the terminology
of theapplication,andtheoperations,theirpreconditions
andeffects.

3.2 A Remark on the Roleof Statistical Methods

In a lucid andcomprehensivearticle,(Abney, 1986)gave
an overwiew on the role of statisticalmethodsin lin-
guistics. While statisticalmethodshave beenprevailing
in mostspeechsystems,in particularif they werebuilt
underanengineeringperspective,heelaboratesmethod-
ologicalreasonson“the properplace”of statisticalmeth-
odsin linguistic researchwhichareimmediatelyrelevant
for systemarchitects,in particularw.r.t. performanceis-
sues.Sincewe agreewith him to a largeextent,we can
just referto this article.

Abney arguesthat the mostcompelling,thoughleast-
developed,argumentsfor statisticalmethodsin linguis-
tics comefrom the areasof languageacquisition, lan-
guagevariation– dialectologyandtypology –, andlan-
guagechange.

As is well-known, stochasticmethods have clear
deficitsin areaswhich arevery importantfor us like in-
tention recognitionand all kinds of inference,but they
canhelpwith disambiguation,in dealingwith degreesof
grammaticality, with thechoiceof structuralpreferences
andwith error tolerancein general.So it is not only ro-
bustnesswherethey cancontribute,but alsoscalability.

In accordancewith our own experience,a good op-
portunity for a hybrid, i.e. stochastic/symbolic,approach
is the constructionof weightedgrammars.In particular,
probabilisticcontext-freegrammarshaveshown thatthey
cancontribute to systemperformance.But who usesa
context-freegrammarin a practicalsystem?Well, if our
(unification)grammarallows to factorout a context-free
backbone,asis thecasewith PATR – a variantof which
we usefor our chunk grammar– or LFG, we can put
weightson theserules. Although several attemptshave
beenmade,thereis still no real probabilisticunification
grammar.

3.3 Logic

As PatHayeshasremarkedawhile ago,it doesnotmake
senseto speakof “non-logical” representationsof knowl-
edge. In oneway or another, for any knowledgerepre-
sentationschemathereis a correspondinglogic calculus,

even if its authorsarenot awareof it. Therefore,we ar-
guefor a clearcommitmentto (computational)logic for
the dialoguemanager, i.e. for the interpretationof dia-
logue,aswell asfor theapplicationsystemit is connected
to, i.e. for domainknowledgerepresentationandreason-
ing. As the applicationmay be any softwaresystemin
generalasa databasesystem,a robotcontrollingsystem,
etc.,we will needto introducea logical layerbetweenit
andthedialoguemanagerin which thedomainmodelis
representedandin which inferences,e.g.in planning,are
drawn.

If we speakaboutlogic, we do that in its traditional
understanding,which is far more extensive than mod-
ernformal logic: In particular, we addressthetraditional
branchesof conceptformation, proposition,and infer-
ence.Modernformal logic primarily dealswith thelatter
aspect,but in our field of interestthe other two are of
equalimportance.

All kinds of knowledgerepresentationcan be under-
stoodbestasrationalreconstruction.As wealreadymen-
tionedin the introduction,it is a commonplacethat hu-
mansact incoherentlyandeven inconsistently, and that
commonsensereasoningcanonly to a certainextentbe
understoodin termsof logic, but we areconvincedthat
a coherentand consistentrational reconstructionis the
bestwe can do about it. Sucha constructive perspec-
tivehastheadvantageof enablingusto begin with awell
understoodframework for knowledgerepresentationand
reasoninguponwhich we canattemptto build rule sys-
temsfor still idealized,but morerealisticpatternsof ar-
gumentationin specificdomains.So,we alwayshave to
strugglefor compromises:We will not beableto repre-
senteverythingin common-senseargumentation.There
is no formal theoryof commonsense– understandingis
hermeneutics.

In the moderntheoryof argumentation,an important
impetuswas given by Toulmin’s investigationson the
usesof argument(Toulmin,1964).Consideringtheprac-
tice of factualargumentation,Toulmin criticizes formal
logic usedasa critical tool for its insufficient adequate-
ness.Goingbackto the traditionsof topic andrhetorics
– which have beenpartsof traditional logic – he devel-
opsa programof a practicalinformal logic which is sup-
posedto be useful for variouskinds of argumentation.
An importantobservationis thatall practicalargumenta-
tion is dependenton the domainof discourse.Toulmin
tries to explain the function of expressionsrelevant for
argumentation,e.g. the logical operators,by the elabo-
ration of argumentationschemata.In the genericcase,
the distinction betweendomain-dependentconventions,
which guaranteethe transitionfrom reasonsto the con-
clusion(warrants),andthejustificationfor thoseconven-
tions (backing),is important. KeepingToulmin’s obser-
vation of the domain-dependency of argumentationand



the requirementof specific argumentationschematain
mind will help us in the searchfor a flexible, modular
decompositionof dialoguesystemfunctionality.

3.4 Selectinga SuitableRepresentationand
ReasoningSystem

Referringto computationallogic hasthreeaspects:First
we have the formal logical language,i.e. its syntaxand
semanticswhich definea certainexpressive power, sec-
ondly thelevel of thereasoningproblem,wherewe have
to dealwith decidabilityandcomputationalcomplexity,
andfinally theinferenceprocedurewith thepropertiesof
soundnessand completeness.The latter issuealso im-
posesa needfor compromises:Often we want to ex-
pressmore thana well-understoodcompleteandsound
reasonercandealwith, but thenmustknow exactly what
we aredoingandwe haveto keepin mind to stayalways
ascloseaspossibleto completenessandsoundness.

Thereforewedecidedto usedescriptionlogics(Donini
et al., 1996)asour representationalframework. As we
will point out in the next sectionin moredetail,we use
it for the representationof lexical concepts,as well as
for dialogueandapplicationmodelling.Usinga uniform
representationschemaon several systemlevels hasthe
advantagethat we neednot translatebetweendifferent
level-specificschemata,but theremaybea tradeoff.

But as long as we stay compatible with evolving
web standardsas XML/RDF(S) on the syntactic and
DAML+OIL onthesemanticlevel wehavetheadditional
advantagethat we can usepublicly available resources
(thesauri,formalontologies)andtools.

4 SystemAr chitecture

As indicatedin the introduction,thereis no doubt that
a minimal prerequisitefor scalablesystemsis that they
have a modularstructure. Our fundamentaldesignde-
cision consistsof a clear functional separationbetween
the languagemodel,thedialoguemodelandthedomain
model8, andwe claim that it providesa sufficient condi-
tion to addressscalability. Weagreewith Allen’sdomain-
independencehypothesis(Allen etal.,2001):“Within the
genreof practicaldialogue,thebulk of complexity in the
languageinterpretationanddialoguemanagementis in-
dependentof thetaskbeingperformed.”

In addition to the structuralaspectof modularization
which lays down which componentsa systemhasand
how they areconnectedwith oneanother, we have also
to considerthe temporalstructureof their mutual inter-
action.Althoughfor analysisthereis a cleardirectionof

8representedastwo boxeswith the“DialogueModule” box
in the centerof fig. 1. The “ProblemSolver” box is a place-
holder; in fact, of courseit is a technical application sys-
tem which is not a part of the dialoguesystem,but accessible
througha suitableinterface.

dataflow “bottomup”, from signalto action(andbackto
signalfor generation),wealreadyindicatedtheshortcom-
ings of a purely sequentialprocessingdirection. There-
fore we will have to introducefeedbackloopswhich al-
low to make useof predictionsfrom “higer-level” com-
ponentsby “lower-level” ones,henceproviding opportu-
nitiesfor incrementalprocessing.

4.1 Functional Separationof DialogueManagement
and Application

The decisionto introducea clear functional separation
betweendialoguemanagementand applicationimplies
thefollowing interactionsteps:

� thedialoguemanager“formulatesatask” for theap-
plication;

� theapplicationexecutesthetask;
� theapplicationdecideswhetherit is necessaryto in-

quiretheuser;
� the application sendstask results and further in-

quiriesto thedialoguemanagersuchthatit canexe-
cuteappropriatedialogueoperations.

The division of labour betweendialoguemanagerand
applicationin this way is quite radical, but it allows a
transparentseparationof applicationanddialoguefunc-
tions and control flows9. As far as the administration
of application-specificusergoals,and in particular the
conflict resolutionamongthemis concerned,this hasto
be provided by the application– as opposedto the ad-
ministrationof dialoguegoalscaredfor by the dialogue
manager. Applicationanddialoguemanagerareplanning
separately. Theexchangeof datamustguaranteeconsis-
tency betweentheapplicationandthedialoguesituation
which,of course,requiressemanticcompatibility. Thisin
turn presupposesthatboth,dialoguemanagerandappli-
cation,have accessto the samedomainmodel. Another
consequenceof theseparationis that it leadsto a classi-
fication of utterancesw.r.t. their functionality to change
thedialoguesituation.

Scalability is supportedbecausethe functionality of
the application can be augmentedwithout requiring
changesto the dialoguemanager. Furthermore,by sep-
aratingthe linguistic base(“languagemodel”), the dia-
loguemodel,andthe applicationmodelthe reuseof re-
sourcesis facilitated.

4.1.1 Application and DialogueKnowledge

Froma structuralpoint of view, theconceptualknowl-
edge(conceptsor classes,androles,i.e. binaryrelations,

9cf. ourfirst paperonfunctionalseparationandcoordination
(BrietzmannandGörz,1982)



Figure1: TheErlangenDialogueSystemArchitecture

for theirproperties)aboutapplicationanddialogueis rep-
resentedin two separate,but formally similar termino-
logical hierarchies. They must be insertedas parallel,
but disjoint branchesinto thesystem’s globalconceptual
model.

In particular, theapplicationknowledge,which is used
in applicationsituationdescriptions,consistsof

� conceptdescriptionsof domainobjects,and
� conceptdescriptionsof domainactions.

Theseconceptsare instantiatedin applicationsituation
descriptionsthat areusedto representwhich objectsof
which typescurrentlyexist andwhich actionsarepossi-
ble in thecurrentsituation.

So, the applicationconcepthierarchyrepresentsfor-
mally reconstructedtechnical or scientific knowledge,
combinedwith elementsof commonsenseundera tech-
nical perspective. In specificapplicationdomainsit may
be possible– as it is the casefor EMBASSI – that a
considerablepart of the applicationconcepthierarchy,
i.e. thedevice-specificconcepts,canbegainedautomati-
cally from asourceprovidedby theapplicationengineers,
which in this specialcasewasgivenasa Java classhier-
archyimplementingthedevicecontrolsystem.

Analogously, thedialogueknowledgeusedin dialogue
situationdescriptions,is built up from

� conceptdescriptionsof dialogueobjects(utterances,
enumerationof alternatives,dialoguegoals),and

� conceptdescriptionsof dialogue actions (speech
acts).

Dialoguesituationdescriptionscontaininstancesof those
objects;they areextractedfrom theDRT representation.

The commonroof for both hierarchiesconsistsof a
genericbasemodel,for whichwechosetheIEEESUMO
formalontology, into whichbotharepluggedin. Further-
more,a third branch,which containslexical concepts,is
insertedin this global model. The lexical conceptsare
derivedfrom astructuredlexicon, in ourcaseEuroWord-
Net10, andthey arelinked via a specializationrole with
conceptsof the applicationanddialoguesubhierarchies.
To establishthis mappingfrom lexical to domaincon-
ceptsis a rather labor-intensive processand has to be
taken up anew whenever the systemis configuredfor a
new application. So, (semi-) automaticknowledgeac-
quistionremainsasabigproblem.Futureresearchshould
aim at methodsfor controlledsemiautomaticacquisition
by supervisedlearning.

4.2 Challengesfor the DialogueManager

An importanttaskfor thedialoguemanageris to process
theinteractionbetweensemanticsandthedomainmodel.
Usually, semanticrepresentationsof naturallanguageut-
terancescannotdirectlybemappedintoextensionalterms
of theformal ontology:Themeaningof many utterances

10basedon WordNet,cf. (Fellbaum,1998).



is not definedby operationsof anapplication.Someut-
terancepartsarenot relevantwithin thedomainontology
ase.g.“I would like to.. . ” or “Shall I. . . ”. But they are
relevantfor thedialoguemanagerto determinetheutter-
ance’s intendedfunction. “I would like to.. . ” expresses
thattheuserpursuesanintention.Thedialoguemanager
mustbeableto recognizeandprocessthis fact. Indeed,it
representsa statewhich canbevalid in a givendialogue
situation. Hence,a cooperative systemmustsearchfor
circumstancesunderwhich theintentioncanbesatisfied.

To processdialoguesituationsin a flexible (andalso
extensible)way the dialoguemanagerhas accessto a
repositoryof dialogueoperations.They arecharacterized
by preconditionsandeffectsw.r.t. the dialoguesituation
– in analogyto the operationsof an application. Dia-
logueoperationsareassociatedto speechacts(or perfor-
matives)as “must”, “can”, “shall”, “may”, “want”, and
thoseexpressingconventions(thanking, greeting),etc.
The inventory of defineddialogueoperationsdefinesa
complexity limit for dialogues.

In goal-orienteddialogues,a cooperative systemaims
atasuccessfulexecutionof theuser’sdialoguegoals.So,
in a givendialoguesituationthedialoguemanagerhasto
determinethe executabilityconditionsof an actualdia-
loguegoal. If it is not ableto determinethe conditions
dueto missinginformation,it hasto askthe user– oth-
erwisesatisfactionof thedialoguegoalfails. This (miss-
ing) informationis a necessaryconditionfor thesatisfia-
bility of the usergoal. This meansthat coherenceof an
utterancew.r.t. a dialoguegoal is determinedvia thesat-
isfiability relation. Of course,the ability to initiate and
conductclarification subdialoguesis a generalrequire-
mentto the dialoguemanager, for examplein caseslike
misunderstandings,recognitionerrors,or ambiguitiesin
utteranceswhich mayoccuron all linguistic levels.

Performativescan be explainedin termsof dialogue
operationsand operationson the dialoguesystemdata
base,e.g.,questionsaim at checkingsatisfiability, state-
mentsaim at addingfactsto theactualsituationdescrip-
tion. Furthermore,we have to specify appropriatere-
sponsesto recognizeddialogueoperations;in theexam-
ple of questionsit hasto bedeterminedunderwhich cir-
cumstancesthequestionwill beanswered.

Regardingapplicationanddialoguestatesfrom atech-
nicalpointof view, in thedescriptionlogic framework the
currentstateof an applicationis representedasa setof
propositions,a so-called“A-Box” (“possibleworld”). It
containsassertionsaboutinstanceswhichreferto objects
of the application,and instancesfor all actionswhich
have beenexecutedby the applicationup to now. The
currentstateof thedialogueis alsorepresentedasanA-
Box containingassertionsfrom thedialogueandlinguis-
tic domain,i.e. linguistic objectsandactions(performa-
tives).Botharerelatedby therequirementthatassertions

in the dialogueA-Box mustbe satisfiablew.r.t. the ap-
plication A-Box. In otherwords, the dialoguemanager
“knows” only, what the dialog situationrepresents,and
the actionsit can perform are dialogueactions,but as
soonas domaincontentis referred,the applicationsit-
uationdescriptioncomesinto play. As outlinedabove,
in reasoningwe mustbe ableto dealwith partial infor-
mation. For this purpose,Nait Abdallah developedin
(Nait Abdallah,1995)a reasoningalgorithmbasedon a
tableaucalculus.Situationknowledgeis beingprocessed
in a tableau:Its contentscanbemodifiedby useror sys-
tem messages;leavesof openbranchesrepresentpossi-
ble informationstatesof thedialoguemanagerat a given
time. Inferenceson tableauconsistency aredrawn using
domainconceptdefinitions.

For our current system, we implementeda special
prover to handlepartial information. Although opera-
tional, a more elegant and better integratedsolution is
desirable.Sincemoderndescriptionlogic reasonersare
tableau-basedaswell, an extensionto implementhypo-
thetical reasoningin A-Boxescould provide a solution.
The fundamentaltechnicalrequirementis a facility to
deal with multiple A-Boxes – where in our caseeach
would representa differentextensionof the actualsitu-
ationdescription–, is alreadyavailable.

5 Conclusions

In thesearchfor answersto thequestionhow theorycan
contributeto theconstructionof scalablespeechdialogue
systems,we consideredtheoreticalaspectsfrom linguis-
ticsandlogic.

For the linguistic part, we claimedthat “pragmatics-
first” view onrationalinteractionprovidesanappropriate
framework for flexible andscalabledialoguemodelling.
In particular, the plan-basedapproachoffers the means
to conducttask-or goal-orienteddialogueswhich aim at
accomplishingconcretetasks.It enablescooperative re-
sponsebehaviour andtheability for negotiation.

For the reasoningpart, i.e. knowledgerepresentation
andinferencefor theinterpretationof dialogueaswell as
for planningto satisfyusergoalsin the applicationdo-
main,wearguedfor acomputationallogic framework.

Thereis no doubtthata minimal prerequisitefor scal-
ablesystemsis that they have a modularstructure. We
arguedthataclearfunctionalseparationbetweenthelan-
guagemodel,thedialoguemodel,andthedomainmodel
providesa sufficient conditionto addressscalability.
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