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ABSTRACT

We introducemultidimensionalfeaturestructuresasa generaliza-
tion of standardslot/filler representationscommonlyemployedin
spokenlanguagedialoguesystems. Nodesin multidimensional
featurestructurescontainan � dimensionalvector of valuesin-
steadof onesinglefiller element.The additionalelementsserve
to represent,amongother information, confidencemeasuresof
speechrecognizersor thenumberof timesafiller hasbeenqueried.
Wedemonstratetheapplicationof multidimensionalfeaturestruc-
turesto spokendialoguesystems.We show thatunificationbased
dialogueprocessingcanberetainedaslongastheelementsof the
fillers aredrawn from partially orderedsets. The dialogueman-
ageremploysavariantof constraintlogic programmingfor repre-
sentingdialoguestrategiesandupdaterules. Theconstraintlogic
programpartitionsthespaceof possibledialoguestatesin setsof
statesthatareequivalentfor thedialoguestrategy.

1. INTR ODUCTION

The notionof dialoguestatesplaysan importantrole in dialogue
systems.Thefunctionalityof a dialoguestateis twofold. First, it
givesanappreciationof theamountof informationacquiredin the
dialoguethusfar, andsecond,it prescribesthe actionthesystem
shouldtakein that state. In finite stateautomatabaseddialogue
systems,statesarerepresentedexplicitly. Theamountof acquired
informationin thedialogueup to a giventime is equatedwith the
statesthedialoguemanageris in. Theacceptingstatesof theau-
tomatonareassignedthe taskstheuserintendsthesystemto ex-
ecute.Explicit confirmationquestionsarerepresentedby circular
statetransitions,while groundingis representedby forwardedges
in theautomaton.

While theassumptionthattheamountof acquiredinformation
equalsastatesimplifiestheimplementationof dialoguemanagers,
the restrictionthe FSA imposeson the dialoguestructureis not
negligeable. For this reason,otherapproachesfavor an implicit
representationof dialoguestates.In [4] the dialoguestateis im-
plicitly describedby a vectorof slotsthatcanbefilled incremen-
tally. In [3, 5] thedialoguestatesis describedimplicitly by typed
featurestructuresandpartiallyfilled forms.
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In this paper, we introducemultidimensionalfeature struc-
tures, a generalizationof typedfeaturestructuresthatstorein ad-
dition to semanticinformationinformationon the quality on the
input, the numberof timesa valuehasbeenqueried,andso on.
Furthermore,wedevelopanapproachto characterizetheinforma-
tional stateof the representationsin thediscourseby an attribute
vectorwhichweequatewith thedialoguestate.Theattributevec-
tor ”summarizes”theinformationin themultidimensionalfeature
structuresin amoreabstractform. It is determinedby aconstraint
logic programthat traversesthe representationsrecursively. The
differencebetweentheattributevectorandtherepresentationspre-
sentedin thework above is that theattribute vectorabstractsen-
tirely overtheapplicationdomain.Theinformationin theattribute
vectoris specificenoughto answerquestionslike “Is thereenough
informationavailablein thediscourseto determinetheusers’in-
tent uniquely?” or “Were there sufficiently manyconversational
breakdowns to warrant a transferto a humanoperator?” with-
out relying on domainspecific information. This approachhas
the following advantages.First, the fact that standardunification
generalizesto multidimensionalstructuresallowseachcomponent
to contributedifferentaspectsto the representations.Second,the
characterizationof thedialoguestatesyieldsasetof attributesthat
servesasabasisfor thedialoguemanagertodecideonanappropri-
atestrategy. And third, thecharacterizationof thedialoguestates
abstractsawaypeculiaritiesof thedomainunderconsideration.

2. MULTIDIMENSION AL REPRESENTATIONS

Frame-based[5, 6] or featurestructurebased[3] representations
in dialoguemanagersare appealingbecauseof the partiality of
information(see[1] for a theoreticalanalysis). We generalized
typedfeaturestructuresto representationswherenot only partial
semanticinformation,but also informationon the quality of the
inputor confidencemeasuresamongothersarerepresented.More
specifically,weemploymultidimensionalfeaturestructureswhere
typeinformationin thenodesis replacedwith avectorof elements
eachof whichis drawn from apartialorder. Themotivationbehind
multidimensionalrepresentationsis to representmultiple facetsof
theinputwhile beingableto retainunificationbasedprocessing.

2.1. Contents

Thefollowing informationis currentlyrepresentedin themultidi-
mensionalrepresentations.

Counting of Prompts. With eachnodeis associatedaninte-
ger indicatingthenumberof timesthevalueof thenodehasbeen
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Figure1: Differentpartialorders.

actively queriedby the dialoguemanager. High countsindicate
somesortof conversationalbreakdown.

ConfidenceScore. Confidencescoreor word scoreinforma-
tion is separatedin intervalswhichform apartialorder.

Relative Frequency. Therelative frequency is usedto repre-
sentthenumberof theoccurrencesof agivenwordin thehypothe-
seslists,normalizedby thelengthof thelist.

ParseQuality. Thepercentageof wordsthatarecoveredby
theskippingparser.

Consistencywith the domain model. The ontologyrepre-
sentsIS-A andHAS-A relationsbetweenconcepts.Theparsetree
is convertedinto featurestructuresby conversionrules.Whenpar-
tial structuresof theconvertedparsetreesprovideinconsistenttype
information,thedegreeof theinconsistency is storedin thenode.
The degreeof inconsistency is the lengthsof the pathsfrom the
incompatibletypesto theirgreatestlower boundin theontology.

Figure1 shows how thedifferentaspectsarecastinto partial
orders.Eachpartialordercontainstheelementsusedin onepar-
ticulardimensionof themultidimensionalfeaturestructures.

2.2. Operations

Theunificationandsubsumptionoperationsontypedfeaturestruc-
tures requireonly the node information to be partially ordered.
Sincethenodeinformationin multidimensionalfeaturestructures
is drawn from a set EGFIHKJMLON-N-NPLQHSR whereeachof the HST is
endowedwith a partialorder U T , we candefinea partialorderonV

, whereWXUZY\[ ]_^`TKUaTPbcTedgfKh%ikjml . Consequently, unifi-
cationandsubsumptiongeneralizein astraightforwardmannerto
multidimensionalfeaturestructures.

2.3. Object-Oriented Approach

The fact that the attributesare representedtogetherwith the se-
mantic representationsrather than in detachedstaterepresenta-
tions in the dialoguemanagerenablesan object-orientedcombi-
nationof information in the discourse.From an object-oriented
point of view, forming the multidimensionalrepresentationscan
beconsideredasaninstanceof multiple inheritance,wherethefi-
nalizedrepresentationsinherit thedomainspecificsemanticsand
the domain independentattributes. This, togetherwith the fact
thatthestandardunificationprocedurecarriesover to multidimen-
sional representations,also implies that eachprocessingmodule
maycontributetoany aspectof therepresentation,asthecontribut-
ing informationis simplyunifiedwith thepresentrepresentation.

3. COMBINING INFORMA TION SOURCES

Theknowledgesourcesprovide theinterfaceof thedialogueman-
agerwith theback-endapplication.

3.1. Input fr om the SpeechRecognizer

Theinputisprovidedby aspeechrecognizerthroughtheMSSpeech
API. TheAPI providesalist of hypotheseseachof whichis parsed
andconvertedto typedfeaturestructurerepresentingthesemantics
of therequest.Only thenis therelative frequency of thenodesde-
termined.Thishastheadvantagethatslight variationsthatdo not
influencethesemanticrepresentations(suchas’a’ vs.’the’ or
’flight’ vs. ’flights’) areignoredandonly variationsin
thesemanticrepresentationsareconsidered.

Consistency with the domainmodelis not of muchusewith
grammarbasedrecognizerwearecurrentlyusing.This is truebe-
causeall possibleutterancesfromtherecognizerareentirelydeter-
minedby thegrammar, andconsistency canbe checkedoff-line.
However, oncea languagemodelbasedrecognizeris employed,
this featurecould be usedto determinethe quality of thecurrent
utterance.

As anexample,thehypothesislist for theutterance“ a flight
to Pittsburghon March first”

a flights to Pittsburgh on March first
the flights to Pittsburgh on the first
the flight to Pittsburgh on the fifth
the flights to Pittsburgh on the fifth

will causethe following two featurestructuresto be generated
(shown is only therelative frequency for clarity):noooop obj flight,high

DST “Pittsburgh”,high

DATE q obj date,high
MONTH march,high
DAY 1st,fair r

s;ttttunoooop obj flight,high
DST “Pittsburgh”,high

DATE q obj date,high
MONTH march,high
DAY 5th,fair r

s;ttttu
3.2. DialogueGoals

A dialoguegoal canbe seenasthe descriptionof a form that is
filled out throughthespokendialoguewith thesystem[3, 5]. The
goaldescriptionconsistsof a typedfeaturestructurewhosetypes
aredrawn from the domainmodel. It servesasan informational
lower bounddescribingtheamountof informationto beacquired
beforetheactionassociatedwith this goalcanbeexecuted.Note
thatthedialoguegoalspecificationdoesnotmakeany assumptions
asto how this informationis acquired,nor asto how theacquired
informationis to beprocessed.Thus,thedialoguegoalsform the
specificationof a task model that is orthogonalto any dialogue
strategy specificationandindependentfrom theimplementationof
theback-endsystem.

As long asa useris engagedwith thesystemin a dialogue,it
is thenthetaskof thedialoguesystem

1. to determineif theuserintendsto have thesystemperform
oneof thetasksknown to thesystem,andif so,

2. to interactively acquireall theinformationthatis neededfor
the systemto uniquelydeterminethe task to be executed
andall its parameters,and
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Figure2: Statetransitionsof thedialoguegoals

3. finally to notify andpasscontrolto thesubsystemresponsi-
ble for thetaskexecutiononcethisstatehasbeenreached.

For that purpose,eachtask descriptionhasan internal state
thatcantakeoneof thefollowing values:NEUTRAL , SELECTED,
DESELECTED, DETERMINED andFINALIZED. The statetransi-
tionsareshown in figure2. Eachstatetransitionis passedonto the
implementationof thedialoguepackagein theback-endapplica-
tion whichmayor maynotchooseto makeuseof thisinformation.

The stateof a goal incompatiblewith the currentrepresen-
tation becomesDESELECTED. A goal in the stateSELECTED

becomesDETERMINED assoonas it is the only goal in the SE-
LECTED state.A DETERMINED goalbecomesFINALIZED assoon
astheinformationacquiredin thedialogueis at leastasspecificas
it is requiredby thegoal.

To continuetheabove example,asbothfeaturestructuresare
compatibleto thedialoguegoalsinquire priceandbookflight, the
stateof thesegoalstransitsto selectedwhile all other dialogue
goalsmove to adeselectedstate.

3.3. Databases

Referringexpressionsareresolvedby accessingthedatabasesas-
sociatedwith thedialoguemanager. A successfuldatabaseaccess
returnsan underspecifiedfeaturestructure[3]. The underspeci-
fiedstructuresareusedto determinethecontentof disambiguation
questions.

For eachof therepresentationscreatedby theparser,adatabase
requestis issued.Shouldthe resultsetfor oneof the requestsbe
empty, themultidimensionalfeaturestructuresrepresentthis fact.
Otherwise,a featurestructurererpesentingadescriptionof there-
trievedobjectsis generated.

Assumingthat in the above examplethe origin of the flight
becomesknown or canbeinferred,adatabaserequestis triggered
for theflights to Pittsburgh onMarch1standon March5th.

4. INFORMA TION AL CHARACTERIZA TION

The introductionof themultidimensionalfeaturestructuresleads
to an increasingsizeof thestatespace.This is aggravatedby the
fact that for eachinput from the speechrecognizera setof rep-
resentationsis generated.At thesametime, the informationpro-
vided by a multidimensionalfeaturestructureis too fine grained
to determinethedialoguestrategy directly. For example,in order
for thedialoguemanagerto determineif an explicit confirmation
questionneedsto be generated,it is necessaryto determineif a
filler haslow confidencescore,but notwhichfiller it is.

For thisreason,weuseaconstraintlogicprogramto determine
a five dimensionaldialoguestatevector vwF_x�y J h-N-N-N h3y-z { . The
logic programtraversesthe representationsin the discourseand
therepresentationsin thegoalmanagerrecursively andreturnsthe
characterizationof thecurrentdialoguesituation.Themotivation
behindthisapproachis to arriveatacompact,domainindependent
representationbasedonwhichthedialoguemanagercanderive its
decisionfor thedialoguestrategy. As such,thefunctionalityof the
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Figure3: ProcessingChain

constraintlogic programis to partitionthehighdimensionalspace
of all possibledialoguestatesinto setsof stateswhoseelements
areequivalentw.r.t. thedialoguestrategy to bepursued.

Thefiveelementsof thedialoguestatevectordescribethefol-
lowing abstractattributesof theongoingdialogue:(1) quality of
thecurrentinput,(2) qualityof theoveralldialogue,(3) speechact
of thecurrentinput, (4) intentionand(5) mannerof reference.

4.1. DialogueStateVectors

Thegoalof thecharacterizationis to abstractawaytheform of the
particularrepresentationof theutterancesandto arrive at a more
abstractclassificationof theongoingdialogue.Thedialoguestrat-
egy is thendeterminedbasedon the valuesof the featuresrather
thanon the representationsdirectly (seefigure3). Thecharacter-
ization of the dialoguestatetakesplaceafter the semanticcon-
tentof theutterancehasbeendeterminedandbeforeits semantic
representationis insertedin thediscourse.Thedialoguemanager
decidesits strategy basedon theinformationin thedialoguestate
vector.

It shouldbenotedthattheattributesdonotcontaininformation
relevantto aspecificdomain,but canbeappliedto any domain.

In the following, we describethe attributesthat partition the
statespace.

4.1.1. Overall Quality

Themotivationbehindthis featureis for thedialoguemanagerto
beawareof thequalityof theongoingdialogue.Dependingonthe
valueof thisfeature,thedialoguemanagercanswitchto astrategy
providingexplicit promptsor, in caseof entirebreakdown,transfer
to ahumanoperator. Thevalueof thisattributeis oneof good,fair
andbad. Thevalueis determinedin afashionsimilarto thequality
of thecurrentinput,exceptthattheall accumulatedrepresentations
aretraversed,notonly thecurrentrepresentations.

4.1.2. Quality of currentInput

Themotivationfor thisattributeis for thedialoguemanagerto de-
termineif andhow thecurrentutteranceshouldbeenteredinto the
commonground.As thedialoguemanagerneedsto decideif parts
of theutteranceneedto beintegratedin thediscourseandif parts
of the utteranceneedto be confirmedexplicitly, the threeadmis-
siblevaluesfor thecertaintyfeaturearecertain,partly uncertain
andentirelyuncertain. Thecertaintyof therepresentationis deter-
minedby threefactors,namelytheconfidencemeasureor acoustic
scoresof the speechrecognizer, the consistency of the semantic
representationwith thedomainmodelandtheparsetreecoverage.

4.1.3. Typeof Speech Act

Thetypeof thespeechactdeterminesthestructureof thedialogue
andthe way the dialoguehistory is updated.In somecases,the
speechact type could be alreadydeterminedduring parsingand
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Figure4: Examplesof relationshipbetweenstatesanda possible
dialoguestrategy

no additionalprocessingis necessary. More often, however, the
speechacttypeis determinedby thecontext.

Thespeechacttypeis determinedbyasetof clausesthatcheck
for compatibilitywith the dialoguegoalsandthe representations
in the discourse.Simply put, if the representationof the current
utteranceis compatiblewith at leastoneof thedialoguegoalrep-
resentationsthat is not deselected,andthe speechact beforethe
currentutterancewasaquestionby thedialoguemanager, thecur-
rentspeechact is consideredananswer. Note that this algorithm
allowstheuserto ”over-answer”questions,thatis, toprovidemore
informationthanthedialoguemanagerhasaskedfor.

4.1.4. Intention

This attribute characterizesthe amountof accumulatedinforma-
tion relative to the activateddialoguegoalsat this time. The at-
tributedeterminesif thedialoguemanagercoulddeterminethein-
tentionof theuser, and,if so,theavailableinformationis specific
enoughto executetheaction.Thevalueof theattributesis oneof
neutral, selected,determined,finalizedandinconsistent. Thefirst
four valuescorrespondto thosein thedialoguestatetransitiondi-
agram(seefigure2) while thevalueinconsistentindicatesthatno
enableddialoguegoal is consistentwith theinformationavailable
in thediscourse.

4.1.5. Mannerof Reference

This attribute characterizestheway referringexpressionsrefer to
objectsin thedatabase.The possiblevaluesfor this attribute are
none,close,uniqueandambiguous. Thefirst valueindicatesthat
noobjectfulfilling theconstraintsgivenby theusercouldbefound.
Thesecondvalueclosedescribesthestatewhereonlycloselymatch-
ing objectscould be retrieved that do not entirely satisfythe re-
questof theuser. Thethird valuedescribesthestatewherematch-
ing objectscouldberetrieved andthenumberof retrievedobjects
fulfils thenumericconstraintof thedetermineddialoguegoal.The
lastvaluedescribesthestatewherethenumberof retrievedobjects
exceedsthenumberof requiredobjectsin thedetermineddialogue
goal.

4.2. Link to DialogueStrategy

Thevaluesof thedialoguestatevectordo notcontaindomainspe-
cific information. The dialoguemanagerdecidesits next action
basedsolely on the informationin thedialoguestatevector. For
example,in thecaseof goodinputquality, goodoverallqualityand
ambiguousreference,thedialoguemanagerdecidesto generatea
disambiguationquestion. As anotherexample,partsof the rela-
tionshipbetweenthevaluesof thequality attributeanda possible
dialoguestrategy is shown in figure4.

5. CONCLUSION

Theadvantagesof the rulesin combinationwith themultidimen-
sionalfeaturestructuresaretwofold. First, they allow it to com-
binedialoguestatesthatareequivalentwith respectto somepartic-
ularfeaturesuchas”conversationalbreakdownoccurred”.In addi-
tion to thedialoguestategivenabove,any statein whichaslothas
two incompatiblefillers with high confidencecouldbe perceived
asa conversationalbreakdown, causingthe dialoguemanagerto
behave in the sameway asabove. The rulesallow to determine
theequivalenceof bothdialoguestatesregardingthefeature”con-
versationalbreakdown”. Thus,theinformationalcharacterization
of dialoguestatesintroducesa layer of abstractionhiding details
of thedialogueirrelevantfor determiningtheappropriatedialogue
strategy. Second,sincein multidimensionalfeaturestructuresin-
formationrelatingto thesemanticsof theutteranceis represented
independentlyfrom, say, confidenceinformation,dialoguestrate-
giesrelying on confidenceinformationmaybespecifiedindepen-
dently from thedomainat hand.In theaboveexample,bothcon-
ditionsfor detectingconversationalbreakdownsarevirtually inde-
pendentfrom theunderlyingdomain.Sinceparticularlythestrate-
giesfor implicit andexplicit confirmationmaybecomecomplex,
reuseof partsof the dialoguestrategy specificationsis of inter-
est. We show how the independentpartsof thedialoguestrategy
canbe reusedin otherapplicationdomains,sincethe orthogonal
specificationscansimplybecombined.

Thework presentedherecontributesto our goalof building a
decomposable, modularizeddialoguemanager. In [3] we demon-
stratehow the semanticcontentof clarification questionsin the
presenceof dialoguegoalscanbe selectedwhile relying only on
anontologyasdomainspecificknowledgesource.In [2] weshow
how techniquesborrowed from object-orientedprogrammingen-
ablereusablegrammarandontologymodules.Here,we describe
how adialoguemanagercanarrive ata domainindependentchar-
acterizationof thedialoguestate.Remainingwork includestrans-
lating thecharacterizationof thedialoguestateinto a reusabledi-
aloguestrategy.
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