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ABSTRACT

We introducemultidimensionafeaturestructuresasa generaliza-
tion of standardslot/filler representationsommonlyemployedn
spokenlanguagedialoguesystems. Nodesin multidimensional
featurestructurescontainan n dimensionalvector of valuesin-
steadof one singlefiller element. The additionalelementssene
to representamongother information, confidencemeasuref
speechrecognizersr thenumberof timesafiller hasbeenqueried.
We demonstratéhe applicationof multidimensionafeaturestruc-
turesto spokendialoguesystemsWe shaw thatunificationbased
dialogueprocessinganberetainedaslong asthe elementof the
fillers aredravn from partially orderedsets. The dialogueman-
ageremploysa variantof constrainfogic programmingor repre-
sentingdialoguestratgiesandupdaterules. The constraintogic
programpartitionsthe spaceof possibledialoguestatesn setsof
stateghatareequialentfor the dialoguestrateyy.

1. INTRODUCTION

The notion of dialoguestatesplaysanimportantrole in dialogue
systems.The functionality of a dialoguestateis twofold. First, it
givesanappreciatiorof theamountof informationacquiredn the
dialoguethusfar, andsecondjt prescribeghe actionthe system
shouldtakein that state. In finite stateautomatabaseddialogue
systemsstatesarerepresenteexplicitly. Theamountof acquired
informationin the dialogueup to a giventime is equatedvith the
stateghe dialoguemanageis in. The acceptingstatesof the au-
tomatonareassignedhe tasksthe userintendsthe systemto ex-
ecute.Explicit confirmationquestionsarerepresentedly circular
statetransitionswhile groundingis representetly forwardedges
in theautomaton.

While theassumptiorthattheamountof acquirednformation
equalsa statesimplifiestheimplementatiorof dialoguemanagers,
the restrictionthe FSA imposeson the dialoguestructureis not
negligeable. For this reason,other approachegavor an implicit
representationf dialoguestates.In [4] the dialoguestateis im-
plicitly describedy a vectorof slotsthatcanbefilled incremen-
tally. In [3, 5] thedialoguestateds describedmplicitly by typed
featurestructuresandpatrtially filled forms.
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In this paper we introduce multidimensionalfeature struc-
tures a generalizatiorof typedfeaturestructureghatstorein ad-
dition to semanticinformationinformationon the quality on the
input, the numberof timesa value hasbeenqueried,and so on.
Furthermorewe developanapproacho characterizéheinforma-
tional stateof the representationi the discourseby an attritute
vectorwhich we equatewith the dialoguestate. The attritute vec-
tor "summarizes'theinformationin the multidimensionafeature
structuresn amoreabstracform. It is determinedy a constraint
logic programthat traversesthe representationsecursvely. The
differencebetweertheattribute vectorandtherepresentationsre-
sentedn thework above is that the attribute vectorabstracten-
tirely overtheapplicationdomain.Theinformationin theattritute
vectoris specificenougho answemruestiondike “Is thereenough
informationavailablein the discourseo determinethe users’in-
tent uniquely?” or “Were there suficiently many corverstional
breakdows to warrant a transferto a humanoperator?” with-
out relying on domainspecificinformation. This approachhas
the following advantages First, the fact that standardunification
generalizeso multidimensionastructuresllows eachcomponent
to contritute differentaspectdo the representationsSecondthe
characterizatioof thedialoguestates/ieldsasetof attributesthat
senesasabasidor thedialoguemanageto decideonanappropri-
atestratgy. And third, the characterizationf the dialoguestates
abstractsway peculiaritiesof the domainunderconsideration.

2. MULTIDIMENSION AL REPRESENTATIONS

Frame-base(b, 6] or featurestructurebased 3] representations
in dialoguemanagersare appealingbecauseof the partiality of
information (see[1] for a theoreticalanalysis). We generalized
typedfeaturestructurego representationeherenot only partial
semanticinformation, but also informationon the quality of the
inputor confidencaneasuresmongothersarerepresentedviore
specificallywe employmultidimensionafeature structureswhere
typeinformationin thenodeds replacedwvith avectorof elements
eachof whichis dravn from apartialorder Themotivationbehind
multidimensionatepresentationis to represeninultiple facetsof
theinputwhile beingableto retainunificationbasedprocessing.

2.1. Contents

Thefollowing informationis currentlyrepresenteéh the multidi-
mensionatepresentations.

Counting of Prompts. With eachnodeis associateé@ninte-
gerindicatingthe numberof timesthevalueof the nodehasbeen
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actively queriedby the dialoguemanager High countsindicate
somesortof corversationabreakdavn.

ConfidenceScore. Confidencescoreor word scoreinforma-
tion is separateéh intenalswhichform a partialorder

Relative Frequency Therelatve frequeng is usedto repre-
sentthenumberof theoccurrencesf agivenwordin thehypothe-
seslists, normalizedby thelengthof thelist.

ParseQuality. The percentagef wordsthatare coveredby
theskippingparser

Consistencywith the domain model. The ontologyrepre-
sentslS-A andHAS-A relationsbetweerconcepts. Th@arsetree
is convertedinto featurestructuresy corversionrules.Whenpar
tial structureof thecorvertedparsereesprovide inconsistentype
information,the degreeof theinconsisteng is storedin the node.
The degreeof inconsisteng is the lengthsof the pathsfrom the
incompatibletypesto their greatestower boundin the ontology

Figure1 shows how the differentaspectsare castinto partial
orders. Eachpartial ordercontainsthe elementaisedin onepar
ticular dimensionof the multidimensionafeaturestructures.

2.2. Operations

Theunificationandsubsumptiomperation®ntypedfeaturestruc-
turesrequireonly the nodeinformationto be partially ordered.
Sincethe nodeinformationin multidimensionafeaturestructures
isdravn fromasetV = P; x ... x P, whereeachof the P; is

endavedwith a partialorderC;, we candefinea partialorderon

V,wherev C w :& v; C; w; Vp,q € P. Consequentlyunifi-

cationandsubsumptiorgeneralizen a straightforwardnannerto

multidimensionafeaturestructures.

2.3. Object-Oriented Approach

The fact that the attributes are representedogetherwith the se-
mantic representationsatherthan in detachedstaterepresenta-
tionsin the dialoguemanagerenablesan object-orienteccombi-
nation of informationin the discourse.From an object-oriented
point of view, forming the multidimensionalrepresentationsan
be consideredsaninstanceof multiple inheritancewherethe fi-
nalizedrepresentationmherit the domainspecificsemanticand
the domainindependentttributes. This, togetherwith the fact
thatthestandardinificationprocedurecarriesover to multidimen-
sional representationslsoimplies that eachprocessingnodule
maycontrituteto ary aspecbf therepresentatiorasthecontrikbut-
ing informationis simply unifiedwith the presentepresentation.

3. COMBINING INFORMATION SOURCES

Theknowledgesourceprovide theinterfaceof thedialogueman-
agerwith theback-endapplication.

3.1. Input fromthe SpeechRecognizer

Theinputis providedby aspeechiecognizethroughtheMS Speech
API. The API providesalist of hypothesesachof whichis parsed
andcorvertedto typedfeaturestructurerepresentinghe semantics
of therequestOnly thenis therelative frequeng of thenodesde-
termined.This hasthe advantagethatslight variationsthatdo not
influencethesemantiaepresentationsuchas’ a’ vs.’ t he’ or
"flight' vs.’ flights’) areignoredandonly variationsin
thesemantiaepresentationareconsidered.

Consisteng with the domainmodelis not of much usewith
grammarbasedecognizemwe arecurrentlyusing. Thisis truebe-
causall possibleutterancefrom therecognizeareentirelydeter
minedby the grammay and consisteng canbe checkedoff-line.
However, oncea languagemodelbasedrecognizeris employed,
this featurecould be usedto determinethe quality of the current
utterance.

As anexample,the hypothesidist for the utterance' a flight
to Pittskurgh on March first”

a flights | to | Pittshurgh | on | March | first

the | flights | to | Pittsturgh | on | the first

the | flight | to | Pittsturgh | on | the fifth

the | flights | to | Pittsturgh | on | the fifth
will causethe following two featurestructuresto be generated
(shawvnis only therelative frequeng for clarity):

[ objflight,high }
DST  “Pittsburgh”,high
obj_date,high
DATE l MONTH march,high]
DAY 1st,fair

[ objflight,high )

DST  “Pittsburgh”,high
obj_date,high

DATE l MONTH march,high]
DAY 5th,fair

3.2. DialogueGoals

A dialoguegoal canbe seenasthe descriptionof a form thatis
filled out throughthe spokendialoguewith the system3, 5]. The
goal descriptionconsistf a typedfeaturestructurewhosetypes
aredravn from the domainmodel. It senesasan informational
lower bounddescribingthe amountof informationto be acquired
beforethe actionassociatedvith this goalcanbe executed.Note
thatthedialoguegoalspecificatiordoesnotmakearny assumptions
asto how this informationis acquired hor asto how theacquired
informationis to be processedThus,the dialoguegoalsform the
specificationof a task modelthatis orthogonalto ary dialogue
stratgy specificatiorandindependenfrom theimplementatiorof
theback-endsystem.

As long asa useris engagedvith the systemin a dialogue it
is thenthetaskof the dialoguesystem

1. to determindf theuserintendsto have the systemperform
oneof thetasksknown to the systemandif so,

2. tointeractvely acquireall theinformationthatis neededor
the systemto uniquely determinethe taskto be executed
andall its parametersand
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3. finally to notify andpasscontrolto the subsystermesponsi-
ble for thetaskexecutiononcethis statehasbeenreached.

For that purpose eachtask descriptionhasan internal state
thatcantakeoneof thefollowing values:NEUTRAL, SELECTED,
DESELECTED, DETERMINED andFINALIZED. The statetransi-
tionsareshownin figure2. Eachstatetransitionis passeanto the
implementatiorof the dialoguepackagdn the back-endapplica-
tion whichmayor maynotchoosdo makeuseof thisinformation.

The stateof a goal incompatiblewith the currentrepresen-
tation becomesDESELECTED. A goal in the state SELECTED
becomeDETERMINED assoonasit is the only goalin the Se-
LECTED state.A DETERMINED goalbecome$INALIZED assoon
astheinformationacquiredn thedialogueis atleastasspecificas
it is requiredby thegoal.

To continuethe above example,asboth featurestructuresare
compatibleto the dialoguegoalsinquire_price andbookflight, the
stateof thesegoalstransitsto selectedwhile all other dialogue
goalsmove to adeselectedtate.

3.3. Databases

Referringexpressionsireresohed by accessinghe databaseas-
sociatedvith the dialoguemanagerA successfutlatabasaccess
returnsan underspecifiedeaturestructure[3]. The underspeci-
fied structuresareusedto determinghecontentof disambiguation
guestions.

For eachof therepresentationsreatedy theparseradatabase
requesis issued.Shouldthe resultsetfor one of the requestde
empty the multidimensionafeaturestructuresepresenthis fact.
Otherwise afeaturestructurererpesenting descriptionof the re-
trieved objectsis generated.

Assumingthat in the above examplethe origin of the flight
becomegknown or canbeinferred,a databaseequesis triggered
for theflights to Pittsturgh on March 1standon March5th.

4. INFORMATIONAL CHARACTERIZATION

Theintroductionof the multidimensionafeaturestructuredeads
to anincreasingsizeof the statespace.This is aggraratedby the
fact that for eachinput from the speectrecognizera setof rep-
resentationss generated At the sametime, the informationpro-
vided by a multidimensionalffeaturestructureis too fine grained
to determinethe dialoguestrat@y directly. For example,in order
for the dialoguemanageto determinef an explicit confirmation
guestionneedsto be generatedit is necessaryo determineif a
filler haslow confidencescore but notwhichfiller it is.
Forthisreasonyve useaconstraintogic programto determine
a five dimensionaldialoguestatevectors = (s1,...,ss). The
logic programtraversesthe representationg the discourseand
therepresentationis the goalmanagerecursvely andreturnsthe
characterizationf the currentdialoguesituation. The motivation
behindthis approactis to arrive atacompactdomainindependent
representatiobasednwhichthedialoguemanagecanderive its
decisionfor thedialoguestratgy. As such thefunctionalityof the
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constrainiogic programis to partitionthehigh dimensionakpace
of all possibledialoguestatesinto setsof stateswhoseelements
areequivalentw.r.t. thedialoguestratgy to be pursued.

Thefive elementof thedialoguestatevectordescribethefol-
lowing abstractattributesof the ongoingdialogue: (1) quality of
thecurrentinput, (2) quality of theoverall dialogue (3) speeclact
of thecurrentinput, (4) intentionand(5) mannerf reference.

4.1. Dialogue State VVectors

Thegoalof thecharacterizatiois to abstraceway theform of the
particularrepresentationf the utterances@ndto arrive ata more
abstractlassificatiorof the ongoingdialogue.The dialoguestrat-
egy is thendeterminedasedon the valuesof the featuresrather
thanon the representationdirectly (seefigure 3). The character
ization of the dialoguestatetakesplace after the semanticcon-
tentof the utterancehasbeendeterminedandbeforeits semantic
representatiois insertedin the discourse The dialoguemanager
decidesdts stratgy basedon theinformationin the dialoguestate
vector

It shouldbenotedthattheattributesdonotcontaininformation
relevantto a specificdomain,but canbeappliedto any domain.

In the following, we describethe attributesthat partition the
statespace.

4.1.1. Ovenll Quality

The motivation behindthis featureis for the dialoguemanageto
beawareof the quality of theongoingdialogue.Dependingonthe
valueof thisfeature thedialoguemanagecanswitchto a stratey
providing explicit promptsor, in caseof entirebreakdavn, transfer
to ahumanoperator Thevalueof this attributeis oneof good,fair
andbad Thevalueis determinedn afashionsimilarto thequality
of thecurrentinput, exceptthattheall accumulatedepresentations
aretraversednotonly thecurrentrepresentations.

4.1.2. Quality of currentinput

Themotivationfor this attribute is for the dialoguemanageto de-

termineif andhow thecurrentutteranceshouldbe enterednto the

commonground.As thedialoguemanageneedgo decideif parts
of the utteranceneedto beintegratedin the discourseandif parts
of the utteranceneedto be confirmedexplicitly, the threeadmis-
sible valuesfor the certaintyfeaturearecertain, partly uncertain
andentirely uncertain Thecertaintyof therepresentatiois deter

minedby threefactors,namelythe confidenceneasur®r acoustic
scoresof the speectrecognizerthe consisteng of the semantic
representatiowith thedomainmodelandtheparsetreecoverage.

4.1.3. Typeof Speeh Act

Thetypeof thespeectactdetermineshe structureof thedialogue
andthe way the dialoguehistory is updated.In somecasesthe
speechact type could be alreadydeterminedduring parsingand
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no additionalprocessings necessary More often, however, the
speeclacttypeis determinedy the context.
Thespeeclacttypeis determinedy asetof clauseshatcheck
for compatibility with the dialoguegoalsandthe representations
in the discourse.Simply put, if the representationf the current
utterancas compatiblewith at leastoneof the dialoguegoalrep-
resentationsghatis not deselectedandthe speechact beforethe
currentutterancevasa questiorby thedialoguemanagerthe cur-
rentspeectactis considerecan answer Note that this algorithm
allowstheuserto "overanswer’questionsthatis, to provide more
informationthanthe dialoguemanagehasaskedor.

4.1.4. Intention

This attribute characterizeshe amountof accumulatednforma-
tion relative to the activateddialoguegoalsat this time. The at-
tribute determinesf the dialoguemanagercoulddeterminghein-
tentionof the user and,if so,the availableinformationis specific
enoughto executethe action. The valueof the attributesis oneof
neutmal, selecteddeterminedfinalizedandinconsistent Thefirst
four valuescorrespondo thosein the dialoguestatetransitiondi-
agram(seefigure 2) while the valueinconsistentndicatesthatno
enableddialoguegoalis consistentvith theinformationavailable
in thediscourse.

4.1.5. Mannerof Refeence

This attribute characterizethe way referringexpressionsefer to
objectsin the database The possiblevaluesfor this attribute are
none,close,unigueandambiguous Thefirst valueindicatesthat
noobjectfulfilling theconstraintgivenby theusercouldbefound.
Thesecondralueclosedescribeshestatewhereonly closelymatch-
ing objectscould be retrieved that do not entirely satisfythe re-
questof theuser Thethird valuedescribeshe statewherematch-
ing objectscould beretrieved andthe numberof retrieved objects
fulfils thenumericconstrainof thedeterminediialoguegoal. The
lastvaluedescribeshestatewherethenumberof retrievedobjects
exceedghenumberof requiredobjectsin thedeterminedlialogue
goal.

4.2. Link to Dialogue Strategy

Thevaluesof the dialoguestatevectordo notcontaindomainspe-
cific information. The dialoguemanagerdecidesits next action
basedsolely on the informationin the dialoguestatevector For
example,in thecaseof goodinputquality, goodoverallqualityand
ambiguougeferencethe dialoguemanagedecidego generatea
disambiguatiomuestion. As anotherexample,partsof the rela-
tionshipbetweerthe valuesof the quality attribute anda possible
dialoguestratgy is showvnin figure4.

5. CONCLUSION

The advantage®f therulesin combinationwith the multidimen-
sionalfeaturestructuresaretwofold. First, they allow it to com-
binedialoguestateghatareequivalentwith respecto somepartic-
ularfeaturesuchas”conversationabreakdavnoccurred”.In addi-
tion to thedialoguestategivenabove, ary statein whichaslothas
two incompatiblefillers with high confidencecould be perceved
asa conversationabreakdavn, causingthe dialoguemanageito
behave in the sameway asabove. Therulesallow to determine
theequialenceof bothdialoguestategegardingthefeature”con-
versationabreakdovn”. Thus,theinformationalcharacterization
of dialoguestatesintroducesa layer of abstractiorhiding details
of thedialogueirrelevantfor determiningheappropriatedialogue
stratgy. Secondsincein multidimensionafeaturestructuresn-
formationrelatingto the semantic®f theutterancds represented
independentlyrom, say, confidencanformation,dialoguestrate-
giesrelying on confidencanformationmay be specifiedndepen-
dently from the domainat hand. In the abose example,both con-
ditionsfor detectingcorversationabreakdavnsarevirtually inde-
pendenfrom theunderlyingdomain.Sinceparticularlythe strate-
giesfor implicit andexplicit confirmationmay becomecomple,
reuseof partsof the dialoguestratgy specificationds of inter
est. We shav how the independenpartsof the dialoguestratgy
canbereusedin otherapplicationdomains,sincethe orthogonal
specificationgansimply becombined.

Thework presentedherecontributesto our goal of building a
decomposale, modularizeddialoguemanagerIn [3] we demon-
stratehow the semanticcontentof clarification questionsin the
presencef dialoguegoalscanbe selectedwvhile relying only on
anontologyasdomainspecificknowledgesource.In [2] we shav
how techniquesorronved from object-orientegprogrammingen-
ablereusablggrammarandontologymodules.Here,we describe
how adialoguemanagecanarrive ata domainindependenthar
acterizatiorof thedialoguestate.Remainingwork includestrans-
lating the characterizationf the dialoguestateinto a reusabledi-
aloguestrateyy.
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