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Abstract

We considertheoreticalaspectsrom linguis-
tics andlogic for contributionsto the problem
of systemscalability

For the linguistic part, we claim that a

“pragmatics-first”view on rationalinteraction
providesanappropriatdramework for flexible

and scalabledialoguemodelling. In particu-
lar, theplan-base@pproactoffersthemeango

conducttask-or goal-orientedlialoguesvhich

aimataccomplishingoncretdasks.It enables
cooperatve responsdehaiour andthe ability

for negotiation.

Forthereasoningart,i.e. knowledgerepresen-
tationandinferencefor theinterpretatiorof di-
alogueas well asfor planningto satisfy user
goalsin theapplicationdomain,we arguefor a
computationalogic framework.

Thereis no doubtthat a minimal prerequisite
for scalablesystemds thatthey have a modu-
lar structure. We claim that a clearfunctional
separatiorbetweerthelanguagemodel,thedi-
aloguemodel,andthe domainmodelprovides
asufficientconditionto addresscalability

1 General Assumptions

Our generagoalis to build dialoguesystemdor rational
interaction.Whatwe wantto achieveis thesatisfictionof
usergoalsin agiven(ideallyopen)domainby conducting
spokendialoguesvhereit shouldbepossiblein principle
to augmenthemby otherforms of multi-modalinterac-
tion like gestureor the selectionof itemsfrom a menu
on a screen. Interactionsare called “rational” because
we wantto applyrationality principles(at the knowledge
representatiotevel) to optimally selectappropriatecom-
municative actions. We assumehat the satisfction of
usergoalswithin the thematicframework of a particu-
lar applicationdomainis to be achievedwith the help of

a dialoguesystemproperin cooperatiorwith a techni-
cal applicationwhich we alsocall the “domain problem
solver”. Suchatechnicalapplicationcanbe aninforma-
tion or resenation system,a systemfor controlling cer
tain devices,etc.

In suchsettings(Allen etal.,2001)characteriz&prac-
tical systems’astask-or goal-orientedlialoguesystems,
wherethe dialogueis focussedn accomplishinga con-
cretetask. They claim that the corversationalcompe-
tencerequiredfor practicaldialoguess significantlysim-
pler to achieve thangeneralhumancorversationakom-
petence.We arecorvincedthatthis distinctionis useful
becausét providesa realisticstartingpoint andbecause
the latter — generalhumancorversationacompetence-
is hardto define. Hence,we begin with a certainwell-
definedcorversationatompetencandwith increasingly
comple requirement$rom the applicationwe cantry to
augmentit, i.e., we attemptto proceedin anincremen-
tal fashion. But probablythis will not be easy;we can-
not expectthat this can be donein the way of a linear
progress:Theremay be fractionswherecompletelydif-
ferentrequirementzomein which cannotbe integrated
seamlessly

Anothergeneralunderlyingassumptioris that for the
interpretationof dialoguewe insist on a clear commit-
mentto a (computationaljogic framework. Of course,
humansact incoherentlyand even inconsistently and
commonsensereasoningcanonly to a certainextentbe
understoodn termsof logic, but we are corvincedthat
a coherentand consistentrational reconstructionis the
bestwe cando aboutit. Sucha constructve perspec-
tive hasthe advantageof enablingusto begin with awell
understoodramework for knowledgerepresentatioand
reasoninguponwhich we canattemptto build rule sys-
temsfor still idealized,but morerealistic patternsof ar-
gumentatiorin specificdomainsWe believe thatthereis
a potentialto succeedn a variety of prevailingly instru-
mentalizedcontets asit is the casewith technicalappli-
cations—thatwill bediscussedh moredetailbelow —or,
to take up anotherexample,in forensicargumentation.



2 Remarks on Scalability

The question of scalability of natural language and
speechdialogue systemshasbeenan issuefor quite a
long time. And it becomesnoreandmorepressingwith
therapidlyincreasingprocessingrowerandmemorysize
of modernhardware and the progressn software engi-
neeringtechniquesBeforewe addresshe dimensionof
scalabilityandtheproblemsconnectedvith it, let ushave
alook at historyto sharperour avareness.

2.1 In the Beginning: The Structural Approach

For severaldecadeshaturallanguageandspeectsystems
for informationdialogueshave beendevelopedontheba-
sisof anapproachwhich led from experimentalsystems
to a commerciallyavailable technology Although suc-
cessfulin mary domains,we will arguethatthosesys-
tems have severe limitations which are inherentto the
underlyingso-calledstructuralapproach.

The goal addressedby this first systemgenerationis
to accomplishaninformationtask. By conductingmore
or lessstrictly guided dialoguesthey aim at supplying
a userwith a specific information in a given domain,
e.g.train connectionstraffic jams,cinemaprogrammes,
stockexchangedata,weatherinformation, etc.in asfew
dialogueturnsaspossible.Thetechnicalapplicationthey
arecooperatingwith is usually a staticdatabaseystem;
in somecasesdt hasbeenextendedwith an application
sener that might be taking ordersor resenations. The
basictechniquehesesystemauseis the extractionof pa-
rametervaluesfor a given schemarom userutterances
(“slot filling”) underthe closedworld assumption. In
generalthey have averylimited anddomain-specifién-
ferencingcapability if atall. As for dialoguemodelling,
they rely on a state-basedpproachwhich is alsocalled
structural. Drivenby speeclhrecognitiontechnology di-
aloguesaremodelledby meansof stochastidinite-state
machines.To do so, the constructorof a structuraldia-
loguemodelis forcedto anticipatefuture admissibledi-
aloguestates. If large annotatedcorporaare available,
stochastidrainingtechniquesanhelpalot, but thegen-
eral problemof anticipationremains.In this framework,
the generalview of dialoguein speechcommunication
is understoodas controlling andrestrictinginteraction—
andthis is fundamentallydifferentfrom basinghuman-
computerinteractionon humancorversation(cf. (Allen
etal., 2001)). This “controlling andrestricting” view is
to a large extent dueto robustnesgequirementghat all
speechdialoguesystems— not only the structuralones
— arefacedwith: recognitionerrors,spealer adaptation,
and“out of vocahulary/domain”problems.

So, what arethe inherentlimitations of the structural
approach?n spiteof variousimprovementgo structural
systemdik e the introductionof anchoringinto the dia-

loguehistory;, usingdialogueactpredictionsanddefaults,
andemploying sub-dialogugpatternsthey havtenomeans
to dealwith semanticandpragmaticproblemsin a flexi-
bleway, whichis themostdifficult partof theanticipation
problemwith guideddialogues.

This assertions corroboratedy theresultsof aneval-
uationof morethan1100recordedrain informationdia-
logueswith theEVAR systemastate-of-the-arstructural
systemdevelopedat our university (Eckert et al., 1994;
Boroset al., 1996): 68.5% of the dialogueswere com-
pletedsuccessfully Of the remaining31.5%incomplete
dialoguesno lessthan 83.1% failed becausehere was
no (proper)integrationinto the context; 14.7%werecan-
celledby the user and2.2%failed becausef a system
crash.

To resole semanti@andpragmatigroblemswhichre-
sult from a high degreeof dependeng on the dialogue
and applicationcontext, a systemmustbe ableto drav
inferencesasedon a dialoguemodelandan application
model. This requiremengoesfar beyondthe expressie
meangrovided by a structuralmodel,which usuallyin-
tegratesdialogueand applicationknowledgein a finite-
statemachine- for theoreticareasons.

At this place,anotheraspectof the closeintegration
of dialogueand applicationfeaturesmustbe addressed,
althoughit is not a fundamentatheoreticalimitation of
the structuralapproach:Becausehesesystemsusually
aretailoredto a specifictasktype, mostly staticdatabase
querying,they lack of a sufficient modularization. The
needto factorout properdialoguefeaturess hardly ad-
dressed.Therefore attemptsto build in extensionsor to
portto new domainswithin the sametasktype arefaced
with a considerabla@echnicaleffort, which constitutesa
bottleneckto scalability Portingto a new domainwith
differenttasktypeswill oftenresultin a completereim-
plementatiorof the structuraldialoguemodel.

Let uscomebackto the previousargument:Theneed
for reasoningpecomesven moreapparentf we have to
deal with meta-discoursea phenomenorwhich is fre-
guentin corpora,andwith dynamicdomains.

To give anexample we mayconsidetthescenariothe
EMBASSI systemhasto dealwith. EMBASSI s a joint
national project sponsoreddy the GermanMinistry for
ResearctandTechnologywith 19 partnerdrom industry,
researclinstitutesanduniversities. Its goalis to develop
a systemwhich is ableto control devices by meansof
multi-modaldialoguesg.g.anaudio-videatheatrein the
homeor aradioandnavigationdevice in cars.Particular
emphasiss putonflexible assistanceonceptsn thereal-
ization of the EMBASSI system.For thefirst application
areathereis theexplicit requirementhatthe application
systemis reconfigurablei.e., thatnew devicescanbein-
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tegratedin a plug-and-playfashionon thefly.
Thetechnicalanswerof the EMBASSI consortiumto
the questfor sucha high level of flexibility andscalabil-
ity wasto designa highly modularagent-basedystem
architecturewhere the modulescommunicaten a uni-
form agentcommunicationlanguage(KQML/ACL). In
thefollowing we will addresshe questionof thetheoret-
ical foundationsandbasaldecisiondo make it happen.

2.2 Dimensionsof Scalability

Oftentherequiremenfor scalabilityof dialoguesystems
is seenprimarily asanengineeringporoblem. At a closer
look, it becomespparenthatthereis moreto it: Scala-
bility mustbe consideredn the context of underlyingas-
sumptionsand specificationsyhich of courseconcerns
varioustechnicalaspectsput alsoincludesthe question
how we understandheinteractionbetweeruserandsys-
tem.

At least,for scalabilitythefollowing issueshave to be
addressedyut, of coursethelist is openfor extensions:

e vocahilarysize,

e linguistic coverageand utterancetypes,in particu-
lar varietiesof referencee.g. anaphorand ellipsis
resolution,

e multi-linguality,

e mixed-initiative dialogues,

e multi-modality;

e singleor multiple simultaneougoals,
e multi-partydialogue,

¢ size and fundamentalpropertiesof the application
domain(s)

o extensibility of applicationsby new subdomains,
e.g.train information plus ticket saleplus hotel in-
formationandresenation,

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

We arefar from beingableto provide operationakn-
swersto thesequestionsnotevento apartof it. Thebest
we cando at the moment,is to presentsometheoretical
considerationsvhich indicatethe directionsin which to
searchfor answers. Of course,mary authorshave ad-
dressedproblemsmentionedin this list. Interestingly
in most caseswe know of, if the authorsshareour as-
sumptionthatscalabilityis not only atechnicalproblem,
thereis no fundamentatlisagreemeniv.r.t. the theoreti-
cal premises.

For a practicalapproacho the solutionsof scalability
problems,we suggesthat for eachparticularissueone

shouldtry to identify the primitivesin 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

Ourdiscussiorof thestate-basedpproacho naturallan-
guageandspeecldialoguesystemsndicatedaneedo re-
considerbasaldesigndecisions.This meanswe have to
provide argumentsandreasonswvhich helpin the search
for solutions,in otherwords,we arelooking for theoret-
ical justificationsfor suchdecisions. For the following,
“theory” will adresghe sphere®f languageandreason-
ing. As for systemarchitecture this seemsstill to be
ratheran art and engineeringpractice,and we will be
happy if we wereableto derive at leastsomeconstraints
onarchitecturatlesigns.

What we will do in the following sections,is to set
up a generalperspectie on dialoguesystemswhich can
be characterizedsa “pragmatics-first"view on rational
interactior?.

For dialoguemodelling,wewill follow theplan-based
approactwhich hasits rootsin naturallanguageprocess-
ing and Artificial Intelligence. It providesthe meansto
conducttask- or goal-orienteddialogueswhich are fo-
cussedn accomplishingconcretetasksas mentionedn
the introduction. We claim thatonly a generalplanning
approachenablescooperatie responsdehaiour (prag-
matic adequatenesgveransweringland the ability for
negotiation.

For the reasoningpart, i.e. knowledgerepresentation
andinferencefor theinterpretatiorof dialogueaswell as
for planningto satisfy usergoalsin the applicationdo-
main, we will referto a computationalogic framework,
in particulardescriptionlogics.

Thereis no doubtthata minimal prerequisiteor scal-
able systemss that they have a modularstructure. We
will arguethata clearfunctionalseparatiorbetweerthe
languagemodel, the dialogue model and the domain
modelprovidesa sufficient conditionto addresscalabil-
ity.

Someremarkson our currentwork on dialogueman-
agemenwithin the EMBASSI projectwill illustratethe
practicalimplicationsof this theoreticaframenork®.

2From a theoreticalperspectie seethe pioneeringwork by
Cohenandothers cf. the contritutionsin thevolume(Cohenet
al., 1990). As anexamplefor a systemstrictly basedthereon
cf. Sadeks ARTIMIS, (Sadek1996;Sadeketal., 1997;Sadek,
1999)

3Furtherinformation aboutour approachcan be found in
(Ludwig etal., 2000;Gbrz etal., 2002).



3 Theoretical Considerations

The term “theory”, in particular linguistic theory and
logic, will beunderstoodn a very generalandexplicitly
non-formalisticsensewhich meanghatfoundationalis-
suesare partof our theoreticalreflection. For the latter,
the hardestpart lies in the beginnings: We have to be-
comeclear aboutthe basalassumptionsve are starting
with andwe have to make themexplicit in orderto avoid
argumentatye cyclesin the constructiorof our terminol-
ogy. Considerationsf theactual,developedevel of the-
ory shouldincludeanunderstandingf its genesis- how
did we getto wherewe are? —, andin particularwhere
opportunitiedor alternatve developmenipathshadbeen.

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,andin particularaboutits usein argumentation
and reasoning. A ratherlate developmentwere gram-
marbooksfor the practicalinstructionof languageasthe
Latin grammarsof Donatusand Priscianus- to which
contemporarngrammarbooksowe morethanthey know.
But Priscianuswork containsalsoa sectionon syntactic
structuresvhich hasbeenratherinfluentialfor morethan
amillenium.

The traditionaldivision of the theoryof languagento
the investigationof its structure,meaning,and use is
ratheruncontreversial. Thisway of modularizinglinguis-
tic knowledgehasbeentaken up by mostNLP system
constructorsas a basisfor systemmodularization. But,
of coursefor systenmbuilding thisis only onepart—what
canlinguistics say aboutprocessing?Chomsk’s claim
that linguistics considersonly competencenot perfor
mance(Chomsly, 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 “humanlanguageprocessing™hasbeentaken up
by cognitive scientistsandalthoughtheir researched to
a broadvariety of interestingresults,it is still debatable
whetherthereis yeta generaframavorkin cognitive sci-
encewhichreally deseresthisname.We will comeback
to this pointin the sectionon systemarchitecture.

Somary, if not most,systemgodaystill mapin their
architecturethe constructionof linguistic theoryin the
formalistic tradition as outlined by Chomsk/ and mary
othersworking within the sameparadigm: Signalsare
turnedinto symbolstringswhich first aresegmentedand
scannedexically and then analyzedinto phrasestruc-
tures,in somecaseslsodependengstructuresLateron,
thesegrammaticalstructuresare transformednto some
kind of logical form which is supposedo expresstheir

meaning.For corversationakystemsthepragmatidevel
is in mostcasegepresentedy theuseof speechactsand
the representatiomf intentionsas the last and subordi-
nateprocessingtepin analysis.Independentf the ade-
guatenesgquestiorfor sequentiaprocessingthis classof
systemganbeunderstoodsrealizationof atheoretical
conception. That they have deficits on the performance
side— althoughin mary practicalsystemsalot of strate-
gies have beenimplementedto copewith performance
issues- is in principle a clearconsequencef that con-
ception.

Of course-for whaterertheory—whatsystemnbuilders
canachieveatbestis aclearoperationalizatioof theoret-
ical constructandtheirimplementatiorunderthelimita-
tions of problemdecidabilityand compleity. And after
ashorteuphoriain NLP in the 1970s— which hadsort of
arevivalundertheheadlineof “computationapsycholin-
guistics”in the 1990s- hardlyanybodystill believesthat
softwarearchitecture®f NLP systemanapmoreor less
directly the humanlanguageprocessingsystem. What
they do maparein factstructureof theorizingor of the-
ories,respectiely.

With the previousremarksl tried to indicatethat cer
tain shortcoming®f NLP systemsn the performances
well asonthepragmatidevel arein away aconsequence
of a decisionon the meta-theoretidevel, i.e. the choice
of a certainlinguistic theorytype. So,whatis the alter
native? In our corviction, philosophyof languagehas
givenan answeralreadya while agowith whatis called
the“pragmaticturn”. So,whenwe pushtheintroduction
of a “pragmatics-first”perspectie in NLP, we consider
communicatiorasaction—whichin factmeansaradical
departurdrom theformalisticmainstreamTakingup the
“pragmaticturn” in NLP meango turn Chomsly upside
down. Methodologically pragmaticds put at the begin-
ning; on that basissemanticand syntacticcateoriesare
understoodspragmaticallyffoundeddistinctions.Thisis
differentform thetraditionalview wheremeaningcome
upasabstracbbjectswhicharelinkedto purelylinguistic
objectsin afunctionalway; in this way pragmaticss just
theinvestigatiorof dependencigsetweermmeaningfunc-
tionsandfunctionsof theuseof linguisticexpressionsin
otherwords, pragmatics- the useof languagerequire-
mentsof communicatie functionality — determinesse-
manticsandsyntax.

To be historically precise,this methodologicaktance
of looking at languageprimarily asa menasof commu-
nicationeven predate<Chomsly a lot, becausét hadal-
readybeenintroducedby the Pragueschoolof linguistics
in the 1920sunderthe term of “functionalism”. Their
starting point for analysisis the spealer’s intention as
expresseddy a linguistic utterancej.e. the analysisbe-
ginswith thefunctionof anutterancen orderto describe
its form. The “functional sentenceperspectie” thenes-



tablisheghethematic/rhematistructureof utterancese-
guencesor texts as the main structuralprinciple. This
approachs complementedby the theory of speechacts
accordingto Austin and Searlé who sharethe commu-
nicative view on semanticandsyntax.

Whereasatthefirst glanceit may seemabit strangef
we do not understandhe choiceof a particularlinguistic
theoryalongwith an appropriaterepresentatiofiormal-
ism asthe fundamentatheoreticalquestionfor NLP in
thefirst place we hopeit becamelearthatacomprehen-
sive theoreticalattitudeis the issue. It sumsup to rather
understandindanguagen its social context — language
asaction—thandepartingfrom a particulargrammatical
framework.

But, of course,one hasto ask— in the sameway as
for programmindanguages-how faracertainformalism
supportsnodularizationpnthelevel of grammaiitself as
well asbetweensyntaxproper semanticsand pragmat-
ics. And furthermorelinguistic processings constrained
by varioustechnicalfactorsamongwhich, in the caseof
speechjs the quality of recognition,i.e. of the transfor
mationof signalsinto a symbolicrepresentationlUp to
now, thereis no alternatve to the succesf stochastic
methodsfor speechrecognition. With considerablevo-
cahulary sizes,the bestthat speeclrecognitiontechnol-
ogy canoffer is not a “beststring”, but a lattice of com-
petingscoredword hypothesesFor parsing,this means
that in mostcaseswe will not be ableto find a single
spanningsyntacticdescriptionrangingover whole utter
ancesor dialogueturns (Gorz, 1988), but that we must
expectsetsof syntactidragmentsvhich canbecombined
into biggerunits by employing constraintdrom linguis-
tic semanticaswell asthe semanticof the application
domainandforemostfrom discourseragmatics.

3.1.2 Linguistic Processingn the Erlangen
Dialogue System

To give an example, let us briefly describethe tech-
nigue we chosefor linguistic processing. It is worth-
while to point out thatthe overall processingsontrol, of
which linguistic analysis— and generationas well — is
a part, is the duty of the dialoguemanaget. 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 wordsin fixed patterns. In the caseof speechwe
alsotake prosodicboundariednto consideration.Each
chunk hasan internal structureaccordingto the X-Bar
schema:head+ complement+ adjunct+ specifier For

“For its influencein the domain of dialogue systemscf.
Traum’s andAllen’s theory of conversationalacts(Traumand
Allen, 1994).

Sseebelow; the systemarchitecturds depictedn fig. 1

chunk parsing,we usea chartparserwhich operatesn
threephasesLexical scannings performedby employ-
ing a fairly traditional lexicon togetherwith a morpho-
logical analyzer Parsingphaseoneis the recognitionof
chunkson the basisof a unificationchunkgrammar In
the secondphase the syntacticfunctionsof chunksare
analyzedand usedfor the combinationof chunksinto
biggerunits, finally resultingin the constructiorof a de-
pendenyg tree. Of course,we have to copewith lexical
andgrammaticabhmbiguityandtheambiguityintroduced
by recognitionuncertainties We implementedan ambi-
guity selectionmechanisnthat shouldhelp to increase
robustnesgBiicheretal., 2002). The grammaticabtruc-
ture analysisis incrementallytied with the third pars-
ing phase,the semanticinterpretationof chunks. This
partin turn consistsof three phases:First, we identify
word and intra-chunksemanticinformation, which are
domain-independenthe secondphases the grammati-
cal determinatiorof inter-chunkrelations.Thethird part
is to perform semanticconstructionby meansof con-
structionoperationsassociatedvith the chunkgrammar
rulesinto DiscourseRepresentatiorstructures(DRSS).
For thelatterwe use\-DRT, a derivative of Kamp’s Dis-
courseRepresentatiomheory (DRT) (Kamp and Reyle,
1993).In correspondencgith thesyntaticamalgamation
of chunkstheir DRSsareincrementallycombinecdoy sub-
stitution, the evaluationof DRS operatorsanddiscourse
referentresolutionwhich allows to build up DRSswhich
transcendentencdimits. Theseprocesseareguidedby
asetof logical rulesfor the differenttasksmentioned.

Theultimategoalin this partof analysids totransform
the domain-independergemanticrepresentatiorinto a
descriptionof the discousesituationwhich is specialized
to therespectie applicationdomainof our dialoguesys-
tem. Thereforethe processementionedabove areincre-
mentallycombinedwith the executionof furtherrulesin
orderto achieve the applicationof domain-specificon-
straintsassoonaspossible.To do so,first of all we need
to accesghe domain-specificconceptawhich are avail-
ablethrougha link betweerthe generalexical semantic
informationandthe specificsemanticof the application
domainin thelexicon. Somemoredetailsaregivenbelow
in the sectionon modelling. We thenhave to instantiate
the respectire domainconceptawith discoursereferents
of the extensionalsemanticsby mapping chunk struc-
turesinto relationsbetweenconceptinstances.Finally,
somefurther domain-relatedule-basedransformations
have to be executedas, e.g., calendricalcalculationsto
provide thedomain-specifidiscoursesituationrepresen-
tationwith absoluteime specifications.

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



would leadto a radicalnew approachdifferentfrom to-

day’s technicallysuccessfustochastianodels,in partic-

ular Heuristic Markov Models (HMMs, (Allen, 1994),

App. C). We cannotdo morethanjust point outthe need
for a large researcheffort to make theseresultspracti-

cal in new systems. Someexperimentswe carried out

within thefirst phaseof the Vermobil projecton control-

ling an incrementalword recognizerwith expectations
derived from linguistic processingverejust disappoint-
ing. We obsenedanimprovementin recognitionquality

only in very restricteddomainswith small vocatularies
wherestrongconstraintsare available— like in the case
of traininformation(Gorz etal., 1996).

Evidenceon time-linear processingand incremental-
ity have beenimplementedn a certain,but ratherindi-
rectway in the processingschemeoutlinedabove. But
the overwhelmingevidencefor deterministicprocessing
in thehuman'‘system”hasnotyetledto methodssuitable
for practicalapplication.

Someresultson specificphenomena@anbe — andare
in fact — applied as heuristic parsingstrat@ies, e.g. in
casedike PPattachmentnddiscoursereferentidentifi-
cation. But this doesnot desere to be countedas“cog-
nitive modelling”.

So, in general,this field is an importantareafor re-
searchput we would not expectpractical‘cognitive sys-
temarchitecturesfor NLP in the nearfuture.

3.1.3 On the Theoretical Basisfor Rational
Dialogues

Under the assumptionthat the “languageas action”
perspectie providesa flexible andextensibleframeawork
for rationaldialogueswhoseaim is to satisfyusergoals
in agivenapplicationcontect, we needmeango identify
suchgoalsandto representhemformally within an ex-
plicit representationf aninitial situation. We alsoneed
methodsto decompose goal into subgoalgo be satis-
fied by the applicationsystem,andto control the satis-
factionprocessinteractionsarecalled“rational” because
we wantto applyrationality principles(at the knowledge
representatiotevel) to optimally selectappropriatecom-
municative actions.In otherwords,we formulatea com-
plex planningproblemwhich comprisesat leasttwo lev-
els: planningon the dialoguelevel w.r.t. interactionsbe-
tweenthe dialoguesystemandthe user andplanningon
thelevel of theapplicationsystem.

For planning on the dialoguelevel, we needan ex-
plicit representationf dialoguesituationswhich on the
one handinclude statementsepresentingvhat the sys-
tem could extract from the interactionwith the userso
far and on the other handassumptiongboutthe users
knowledgeaboutthe actualsituationaswell ason goals,
their subgoalsand the actual stateof their satishction.
Fromthesystemengineeringointof view we aredealing

with the epistemidevel andthereis no needfor stronger
mentalisticclaims asfar asthe useris concerned.The
planningprocessconsistsin the applicationof dialogue
operationsvhich have preconditionglefiningtheir appli-
cability andassertiongbouttheir effect, i.e., how the di-
aloguesituationdevelopswhenthey areapplied.

A generallogic-basedapproachfor representingand
processinglialoguesituationson the epistemidevel has
beendevelopedby Cohen,Levesqueandother$. How
rationality principlescanbe integratedin sucha frame-
work hasbeenshowvn by Asheretal. (e.g.in (Asherand
Lascarides,1999)). Grice’s corversationalmaxims as
e.g.cooperatyity andsincerityarerepresentedxiomati-
cally in amodallogic formalization.

A comprehensie framework for discourseplanning
hasbeenestablishedby Groszand Sidnerin their pio-
neeringinvestigations(Grosz and Sidner 1986; Grosz
andSidner 1990),who in fact proposedhreelevels for
modellingtask-orientedliscoursestructuré. Theinten-
tional level recordsthe beliefsandintentionsof the dia-
loguepartnergegardingthetasksandsubtaskgo be per
formed. Theattentionallevel captureshechangingocus
of attentionin adialogueusinga stackof so-called'focus
spacesbrganizedaroundthedialoguetasks.Thelinguis-
tic level representésegments”,i.e. contiguousequences
of utterancesywhich contrituteto a particulartask.

Thesetheoreticaktudieshave beenvery influentialfor
alot of systemsalthoughwe arenotawareof comprehen-
siveimplementationyet. To quoteonly a few examples,
cf. Rich’s etal. COLLAGEN system(Rich et al., 2001),
Allen’s et al. TRIPS (Allen et al., 2001) or Sadeks 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 the costof losingcom-
pletenessBeyondtherecognitionof userintentionsRich
etal. shawv how planscanberecognizedy inferring in-
tentionsfrom actions.Needlesgo saythatthereis still a
hugeneedfor researchinto dialoguestratgiesasclarifi-
cation,negotiation,andothersubdialoguesandon meta-
dialogue.

Our own work builds up on the insight that planning
in dialoguess basedon partial knowledge.Eachcontri-
bution of a dialogueturn is differentialw.r.t. the present
dialoguesituation. Thereforewe usea monotonicpartial
logic (Nait Abdallah,1995)— which allows a certainkind
of defaults— for reasoningn dialoguesituations,jnclud-
ing the dialoguecontext, in orderto establishcommon
knowledge and conductdialogueaction(s). Insteadof
makingexplicit useof modallogic we insteadaccording

écf. (Cohenand Levesque 1990) and further contrikutions
in thevolume(Cohenetal., 1990);cf. also(PoesioandTraum,
1998;PoesicandTraum,1997)

“cf. (Richetal., 2001)



to a suggestiorby JohnMcCarthy referto a realization
of it asinterpretationin context. Rationality principles
sene asconstrainton the planningprocess.

Discourseplanning, i.e. the determinationof a se-
guenceof dialoguesteps,hasto take into accountthat
the applicationsubsysteninfluenceshe sequencef di-
aloguestepsby reactingon preconditionsof operations,
andgeneratingeffectswhich changethe actualstate.So,
a descriptionof the dialoguestepsequenceequiresrep-
resentation®f time, the “actual state”, the terminology
of theapplication andthe operationstheir preconditions
andeffects.

3.2 A Remark onthe Role of Statistical Methods

In alucid andcomprehensiearticle, (Abney, 1986)gave
an overwiew on the role of statisticalmethodsin lin-
guistics. While statisticalmethodshave beenprevailing
in mostspeechsystems,n particularif they were built
underan engineeringperspectie, he elaboratesnethod-
ologicalreason®n“the properplace”of statisticaimeth-
odsin linguistic researctwhich areimmediatelyrelevant
for systemarchitectsjn particularw.r.t. performances-
sues.Sincewe agreewith him to a large extent, we can
justreferto this article.

Abney armguesthatthe mostcompelling,thoughleast-
developed,argumentsfor statisticalmethodsin linguis-
tics come from the areasof languageacquisition,lan-
guagevariation— dialectologyandtypology —, andlan-
guagechange.

As is well-known, stochasticmethods have clear
deficitsin areaswhich arevery importantfor uslike in-
tention recognitionand all kinds of inference,but they
canhelpwith disambiguationin dealingwith degreesof
grammaticalitywith the choiceof structuralpreferences
andwith errortolerancein general.Soit is not only ro-
bustnessvherethey cancontribute, but alsoscalability

In accordancewith our own experience,a good op-
portunity for a hybrid, i.e. stochastic/symboliapproach
is the constructionof weightedgrammars.In particular
probabilisticcontext-freegrammarsiave shavn thatthey
can contritute to systemperformance.But who usesa
contt-freegrammarin a practicalsystem?Well, if our
(unification)grammarallows to factorout a contet-free
backboneasis the casewith 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 PatHayeshasremarledawhile ago,it doesnotmake
sensdo spealof “non-logical” representationsf knowl-

edge. In oneway or anothey for ary knowledgerepre-
sentatiorschemahereis a correspondingpogic calculus,

evenif its authorsarenot awareof it. Thereforewe ar-
guefor a clearcommitmentto (computational)ogic for
the dialoguemanageri.e. for the interpretationof dia-
logue,aswell asfor theapplicationsystemit is connected
to, i.e. for domainknowledgerepresentatioandreason-
ing. As the applicationmay be ary software systemin
generalasa databassystemarobotcontrolling system,
etc.,we will needto introducea logical layer betweent
andthe dialoguemanagein which the domainmodelis
representedndin whichinferencese.g.in planning,are
drawn.

If we speakaboutlogic, we do thatin its traditional
understandingwhich is far more extensve than mod-
ernformallogic: In particular we addresshe traditional
branchesof conceptformation, proposition,and infer-
ence.Modernformallogic primarily dealswith thelatter
aspect,but in our field of interestthe other two are of
equalimportance.

All kinds of knowledgerepresentatiorran be under
stoodbestasrationalreconstructionAs we alreadymen-
tionedin the introduction,it is a commonplacehat hu-
mansact incoherentlyand even inconsistently and that
commonsensereasoningcanonly to a certainextentbe
understoodn termsof logic, but we are corvincedthat
a coherentand consistentrational reconstructionis the
bestwe cando aboutit. Sucha constructve perspec-
tive hasthe advantageof enablingusto begin with awell
understoodramework for knowledgerepresentatioand
reasoninguponwhich we canattemptto build rule sys-
temsfor still idealized,but morerealistic patternsof ar-
gumentatiorin specificdomains.So, we alwayshave to
strugglefor compromisesWe will not be ableto repre-
senteverythingin common-sensargumentation.There
is no formal theoryof commonsense- understandings
hermeneutics.

In the moderntheory of argumentationan important
impetuswas given by Toulmin’s investigationson the
usesof argument(Toulmin, 1964).Consideringhe prac-
tice of factualargumentation,Toulmin criticizes formal
logic usedasa critical tool for its insufficient adequate-
ness.Going backto the traditionsof topic andrhetorics
— which have beenpartsof traditionallogic — he devel-
opsa programof a practicalinformal logic whichis sup-
posedto be useful for variouskinds of argumentation.
An importantobsenationis thatall practicalargumenta-
tion is dependenbn the domainof discourse. Toulmin
tries to explain the function of expressiongelevant for
argumentationge.g. the logical operators by the elabo-
ration of argumentationschemata.In the genericcase,
the distinction betweendomain-dependertornventions,
which guaranteehe transitionfrom reasondo the con-
clusion(warrants) andthejustificationfor thosecorven-
tions (backing),is important. KeepingToulmin’s obser
vation of the domain-dependerycof argumentatiorand



the requirementof specific agumentationschematan
mind will help usin the searchfor a flexible, modular
decompositiorof dialoguesystemfunctionality.

3.4 Selectinga Suitable Representationand
ReasoningSystem

Referringto computationalogic hasthreeaspectsFirst
we have the formal logical languagej.e. its syntaxand
semanticavhich definea certainexpressie power, sec-
ondly thelevel of thereasoningproblem,wherewe have
to dealwith decidability and computationatomplexity,
andfinally theinferenceprocedurewith the propertieof
soundnessnd completeness.The latter issuealsoim-
posesa needfor compromises:Often we want to ex-
pressmore than a well-understooccompleteand sound
reasonecandealwith, but thenmustknow exactly what
we aredoingandwe have to keepin mindto stayalways
ascloseaspossibleto completenesandsoundness.

Thereforewe decidedo usedescriptioriogics(Donini
et al., 1996) as our representationdramenork. As we
will pointoutin the next sectionin more detail, we use
it for the representatiorof lexical concepts,as well as
for dialogueandapplicationmodelling. Using a uniform
representatioschemaon several systemlevels hasthe
adwantagethat we neednot translatebetweendifferent
level-specificschematabut theremaybe a tradeof.

But as long as we stay compatible with evolving
web standardsas XML/RDF(S) on the syntactic and
DAML+OIL onthesemantidevel we have theadditional
adwantagethat we can use publicly available resources
(thesauriformal ontologies)ndtools.

4 SystemAr chitecture

As indicatedin the introduction, thereis no doubtthat
a minimal prerequisitefor scalablesystemss that they
have a modular structure. Our fundamentaldesignde-
cision consistsof a clearfunctional separatiorbetween
thelanguagemodel,the dialoguemodelandthe domain
modef, andwe claim thatit providesa sufficient condi-
tionto addresscalability We agreewith Allen’sdomain-
independenchypothesigAllen etal., 2001):“Within the
genreof practicaldialogue the bulk of complexity in the
languagenterpretationand dialoguemanagemenis in-
dependenof thetaskbeingperformed:.

In additionto the structuralaspectof modularization
which lays down which componentsa systemhasand
how they are connectedvith one another we have also
to considerthe temporalstructureof their mutualinter-
action. Althoughfor analysisthereis a cleardirectionof

8representedstwo boxeswith the“Dialogue Module” box
in the centerof fig. 1. The “Problem Solver” box is a place-
holder; in fact, of courseit is a technical application sys-
temwhich is not a part of the dialoguesystem but accessible
througha suitableinterface.

dataflow “bottom up”, from signalto action(andbackto

signalfor generation)we alreadyindicatedheshortcom-
ings of a purely sequentiaprocessinglirection. There-
fore we will have to introducefeedbackoopswhich al-

low to make useof predictionsfrom “higer-level” com-
ponentdby “lower-level” ones henceproviding opportu-
nitiesfor incrementaprocessing.

4.1 Functional Separationof Dialogue Management
and Application

The decisionto introducea clear functional separation
betweendialogue managemenand applicationimplies
thefollowing interactionsteps:

¢ thedialoguemanagefformulatesatask”for theap-
plication;

¢ theapplicationexecuteghetask;

¢ theapplicationdecidesvhetherit is necessaryo in-
quiretheuser;

¢ the application sendstask results and further in-
quiriesto thedialoguemanagesuchthatit canexe-
cuteappropriatadialogueoperations.

The division of labour betweendialogue managerand
applicationin this way is quite radical, but it allows a
transparenseparatiorof applicationanddialoguefunc-
tions and control flows’. As far as the administration
of application-specifiausergoals,andin particularthe
conflict resolutionamongthemis concernedthis hasto
be provided by the application— as opposedto the ad-
ministrationof dialoguegoalscaredfor by the dialogue
managerApplicationanddialoguemanageareplanning
separatelyThe exchangeof datamustguaranteeonsis-
teng/ betweenthe applicationandthe dialoguesituation
which, of courserequiressemanticompatibility. Thisin
turn presupposethat both, dialoguemanageiandappli-
cation, have accesgo the samedomainmodel. Another
consequencef the separatioris thatit leadsto a classi-
fication of utterancesw.r.t. their functionality to change
thedialoguesituation.

Scalability is supportedbecausethe functionality of
the application can be augmentedwithout requiring
changedo the dialoguemanager Furthermorepy sep-
aratingthe linguistic base(“languagemodel”), the dia-
logue model, andthe applicationmodelthe reuseof re-
sourcess facilitated.

4.1.1 Application and DialogueKnowledge
Froma structuralpoint of view, the conceptuaknowl-
edge(conceptor classesandroles,i.e. binaryrelations,

°cf. ourfirst papemn functionalseparatiomndcoordination
(BrietzmannandGorz, 1982)



(Recognizer)

Figurel: The ErlangenDialogueSystemArchitecture

for theirpropertiespboutapplicationanddialogues rep-
resentedn two separateput formally similar termino-
logical hierarchies. They must be insertedas parallel,
but disjoint branchesnto the systems global conceptual
model.

In particular the applicationknowledge whichis used
in applicationsituationdescriptionsgonsistof

e conceptdescription®f domainobjects,and
e conceptdescription®f domainactions.

Theseconceptsare instantiatedin applicationsituation
descriptiongthat are usedto representvhich objectsof
which typescurrently exist andwhich actionsare possi-
ble in thecurrentsituation.

So, the applicationconcepthierarchyrepresentdor-
mally reconstructedechnicalor scientific knowledge,
combinedwith elementsof commonsenseunderatech-
nical perspectie. In specificapplicationdomainsit may
be possible— asit is the casefor EMBASSI — that a
considerablepart of the applicationconcepthierarchy
i.e. thedevice-specificconceptscanbe gainedautomati-
cally from asourceprovidedby theapplicationengineers,
whichin this specialcasewasgivenasa Java classhier
archyimplementingthe device controlsystem.

Analogouslythedialogueknowledgeusedin dialogue
situationdescriptionsis built up from

e conceptescription®f dialogueobjects(utterances,
enumeratiorof alternatves,dialoguegoals),and

e conceptdescriptionsof dialogue actions (speech
acts).

Dialoguesituationdescriptiongontaininstance®f those
objectsithey areextractedfrom the DRT representation.

The commonroof for both hierarchiesconsistsof a
generichasemodel,for whichwe chosethe[EEE SUMO
formal ontology, into which botharepluggedin. Further
more, a third branch,which containsexical conceptsijs
insertedin this global model. The lexical conceptsare
derivedfrom a structuredexicon,in our caseEuro\Wbrd-
Net'®, andthey arelinked via a specializatiorrole with
conceptof the applicationanddialoguesubhierarchies.
To establishthis mappingfrom lexical to domaincon-
ceptsis a ratherlaborintensive processand hasto be
taken up anev whenever the systemis configuredfor a
new application. So, (semi-) automaticknowledgeac-
quistionremainsasabig problem.Futureresearcishould
aim at methodgor controlledsemiautomati@cquisition
by supervisedearning.

4.2 Challengesfor the Dialogue Manager

An importanttaskfor the dialoguemanageis to process
theinteractionbetweersemanticandthedomainmodel.
Usually semantiaepresentationsf naturallanguageut-
terancegannotirectlybemappednto extensionaterms
of theformal ontology: The meaningof mary utterances

hasedon WordNet,cf. (Fellbaum,1998).



is not definedby operationsof an application. Someut-
terancepartsarenot relevantwithin the domainontology
ase.g.”l wouldliketo...” or“Shalll...”. Butthey are
relevantfor the dialoguemanageto determinethe utter
ancesintendedfunction. “I would liketo...” expresses
thatthe userpursuesanintention. The dialoguemanager
mustbeableto recognizeandprocesgshisfact. Indeed,t
represents statewhich canbevalid in a givendialogue
situation. Hence,a cooperatre systemmust searchfor
circumstancesnderwhich theintentioncanbe satisfied.

To procesddialoguesituationsin a flexible (and also
extensible)way the dialogue managerhas accessto a
repositoryof dialogueoperationsThey arecharacterized
by preconditionsand effectsw.r.t. the dialoguesituation
— in analogyto the operationsof an application. Dia-
logueoperationsareassociatedo speectacts(or perfor
matives)as “must”, “can”, “shall”, “may”, “want”, and
those expressingcorventions (thanking, greeting), etc.
The inventory of defineddialogueoperationsdefinesa
compleity limit for dialogues.

In goal-orienteddialoguesa cooperatie systemaims
atasuccessfuéxecutionof theusers dialoguegoals.So,
in agivendialoguesituationthe dialoguemanagehasto
determinethe executability conditionsof an actualdia-
loguegoal. If it is not ableto determinethe conditions
dueto missinginformation,it hasto askthe user— oth-
erwisesatisfctionof the dialoguegoalfails. This (miss-
ing) informationis a necessargonditionfor the satisfia-
bility of the usergoal. This meansthat coherencef an
utterancew.r.t. a dialoguegoalis determinedsia the sat-
isfiability relation. Of course,the ability to initiate and
conductclarification subdialoguess a generalrequire-
mentto the dialoguemanagerfor examplein casedike
misunderstandingsecognitionerrors,or ambiguitiesin
utterancesvhich mayoccuron all linguistic levels.

Performatves can be explainedin termsof dialogue
operationsand operationson the dialogue systemdata
basee.g.,questionsaim at checkingsatisfiability state-
mentsaim at addingfactsto the actualsituationdescrip-
tion. Furthermore,we have to specify appropriatere-
sponsego recognizeddialogueoperationsjn the exam-
ple of questionst hasto be determinedunderwhich cir-
cumstancethe questionwill beanswered.

Regardingapplicationanddialoguestatedrom atech-
nical pointof view, in thedescriptionogic framework the
currentstateof an applicationis representeas a set of
propositionsa so-called*A-Box” (“possibleworld”). It
containsassertiongboutinstancesvhichreferto objects
of the application,and instancesfor all actionswhich
have beenexecutedby the applicationup to now. The
currentstateof the dialogueis alsorepresentedsan A-
Box containingassertiongrom the dialogueandlinguis-
tic domain,i.e. linguistic objectsandactions(performa-
tives).Both arerelatedby therequirementhatassertions

in the dialogueA-Box mustbe satisfiablew.r.t. the ap-
plication A-Box. In otherwords, the dialoguemanager
“knows” only, what the dialog situationrepresentsand
the actionsit can perform are dialogueactions, but as
soonas domaincontentis referred,the applicationsit-
uation descriptioncomesinto play. As outlined above,
in reasoningwve mustbe ableto dealwith partial infor-
mation. For this purpose,Nait Abdallah developedin
(Nait Abdallah,1995)a reasoningalgorithmbasedon a
tableaucalculus.Situationknowledgeis beingprocessed
in atableau:lts contentscanbe modifiedby useror sys-
tem messagedeaves of openbranchegepresenpossi-
ble informationstatesof the dialoguemanageat a given
time. Inferencesn tableauconsisteng aredrawvn using
domainconceptdefinitions.

For our current system, we implementeda special
prover to handle partial information. Although opera-
tional, a more elegant and betterintegratedsolution is
desirable. Sincemoderndescriptionlogic reasonersre
tableau-basedswell, an extensionto implementhypo-
theticalreasoningn A-Boxes could provide a solution.
The fundamentaltechnicalrequirementis a facility to
deal with multiple A-Boxes — wherein our caseeach
would represent differentextensionof the actualsitu-
ationdescription-, is alreadyavailable.

5 Conclusions

In the searchfor answergo the questionhow theorycan
contributeto the constructiorof scalablespeechdialogue
systemsywe consideredheoreticalaspectgrom linguis-
ticsandlogic.

For the linguistic part, we claimedthat “pragmatics-
first” view onrationalinteractionprovidesanappropriate
framework for flexible andscalabledialoguemodelling.
In particular the plan-basedpproachoffers the means
to conducttask-or goal-orienteddialogueswhich aim at
accomplishingconcretetasks. It enablescooperatie re-
sponsébehaiour andthe ability for negotiation.

For the reasoningpart, i.e. knowledgerepresentation
andinferencefor theinterpretatiorof dialogueaswell as
for planningto satisfy usergoalsin the applicationdo-
main,we arguedfor acomputationalogic frameawork.

Thereis no doubtthata minimal prerequisitdor scal-
able systemss that they have a modularstructure. We
arguedthataclearfunctionalseparatiorbetweerthelan-
guagemodel,the dialoguemodel,andthe domainmodel
providesa sufficient conditionto addresscalability
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