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ABSTRACT
With maturingspeechtechnology, spokendialogue

systemsareincreasinglymoving from researchproto-
typesto fielded systems. The fielded systemshow-
ever generallyemploymuchsimplerlinguisticanddi-
alogueprocessingstrategies than the researchproto-
types. We describeanimplementedspoken-language
dialoguesystemfor a travel planningdomainwhich
supportsa mixedinitiativedialoguestrategy. Thesys-
temaccessesa commerciallyavailabletravel informa-
tion web-server. The systemarchitecturecombines
bothshallow anddeeplinguistic processors,partly so
thata robustif shallow analysisis alwaysavailableto
the dialoguemanager, andpartly so that we can be-
gin to examinewheresignificantgainscanbemadeby
employingmoreadvancedlinguistic processing.We
presenttheresultsof apreliminaryinvestigationusing
datafrom aWizardof Ozexperiment.Theresultslend
limited supportto our original hypothesisthat deep
linguisticprocessingwill prove usefulatpointswhere
theusertakestheinitiativein driving thedialoguefor-
ward.

1. INTRODUCTION

With maturingspeechtechnology,spokendialoguesys-
temsareincreasinglymoving fromresearchprototypes
to fieldedsystems.Thefieldedsystemshowever gen-
erally employ much simpler linguistic and dialogue
processingstrategiesthantheresearchprototypes(for
a rangeof examplesystems,see,amongstothers,[2],
[1], [10], [11] and [3]). For example, in the fielded
systems,domain-specifickeyword/phrasespottingand
slot-filling techniquesarepreferredfor utteranceinter-
pretation.At thedialoguelevel, thesesystemstendto
keepthe dialogueinitiative to themselvesby treating
theusersimply asananswer-supplier. Particularsys-
temsmayalsoimplementparticularinstancesof more

sophisticatedprocessing.However, the simplemeth-
odsdo dovetail simply becausethemoreexpectations
thatasystemcanimposeona dialogue,thenthemore
thoseexpectationscanbeusedto aid interpretationof
userutterances.Currently, thereis little work which
attemptsto examineatwhatpointsdeeplinguisticpro-
cessingmightprovesignificantlyusefulin thesortsof
spokenlanguagedialoguesystemthatarecurrentlybe-
ing fielded.

SRI InternationalandTelia ResearchAB arede-
velopinga Swedishlanguagespokendialoguesystem
for accessinga web-basedtravel database.The sys-
tem is being built by adaptationof existing general-
purposespeechrecognitionandlanguageunderstand-
ing componentsincluding the Nuancetoolkit ([13])
andtheCoreLanguageEngine(CLE) with a domain
independentSwedishgrammar([4]). TheSwedishver-
sion of the CLE wasoriginally built with a machine
translationapplicationin mind([14]). Thesystemalso
includesa dialoguemanagerwhoserole is to progress
thedialogueasa whole,decidingon thebestinterpre-
tationof userutterancesanddecidingwhatit shoulddo
andsaynext. We have alsoaddeda parallel,fasterbut
very simple linguistic processingpath. This ensures
the existenceof a fallback “robust” analysis. It also
providesourdialoguemanagerwith interestingstrate-
gic choicesconcerningthetwo input paths.Finally, it
enablesus to begin evaluatingwhereinlie the advan-
tagesin deeplinguistic processingandwhenshallow
analysismay be reliably used. We do not herecon-
sider systemdevelopmentissues. For example,one
of the objectivesin our currentprojectwasto exam-
ine how easilyour Swedishgrammar, designedto be
domainindependent,couldbeadaptedto thenew ap-
plication. We presenttheresultsof somepreliminary
investigationsinto therelativecontributionsof shallow
anddeepanalysisin our travel scenario.The results
lend limited supportto our original hypothesisthat



deeplinguistic processingwill prove usefulat points
wherethe usertakesthe initiative in driving the dia-
logueforward.

2. SYSTEM OVERVIEW

The applicationdomainfor our systemis bookinga
businesstrip within Sweden,on thebasisof informa-
tion abouttravel mode(train or plane),destinations,
timesandfares.Thetravel informationitselfwasbased
on theTravellink ��� system,whichcanbeaccessedat
http://www.travellink.se.1 A Wizardof Ozex-
perimenthasprovidedacorpusof 131dialoguesfrom
47 subjects(31 maleand16 female). The Wizard’s
conversationalstylewaspurposelychosensoasto per-
mit mixed-initiative userstrategies. Analysis of the
datashowedthatit displayedsignificantvariation.For
example,with respectto verboseness,thereis a range
of behaviour stretchingfrom consistentuseof short,
telegraphic-styleutterancesto very long, disfluentut-
terances.Furthermore,thereare both inactive users
who refrain completelyfrom taking the initiative (in
effect leaving it opento the systemto cross-examine
them)andactive userswho quickly takethe initiative
by meansof counter-questions,keepingit moreor less
throughoutthedialogue.Thereis alsoarangeof users
whosebehavioursfall betweentheseextremes.Oneof
our immediateconclusionswasthatif mixed-initiative
dialoguesweresupported,thena large proportionof
thepeopleinteractingwith thesystemwouldmakeuse
of thiscapability.
The architectureof the systemis shown in Figure1.
The modulescommunicateasynchronouslyby mes-
sagepassing;hence,in principleall of themcouldrun
in parallel in differentprocesses.In the currentim-
plementation,therearefour processes,which handle
speechrecognition,speechsynthesis,databaseaccess
andeverythingelse,respectively.

The speechrecognizeris a Swedish-languagein-
stantiationof the Nuancetoolkit (deriving from the
SRIDeciphersystem[12]), developedby SRIInterna-
tional andTelia Research.It sendsanN-bestspeech
hypothesislist to the two languageprocessors:the
CoreLanguageEngine(deepanalysis)andtheRobust
Parser(shallow analysis),furtherdescribedin Section3.
The languageprocessorseachsendtheir analysesto
the dialoguemanager(DM). After eachsystemturn,
the DM updatesthe languageprocessorswith limited
informationaboutthestateof thediscourse:themost
recentquestion,if any, posedby the system,andthe
typesof objectsthataresalientat thecurrentpoint in
the dialogue. At the moment,the dialoguemanager
waitsfor analysesfrom both linguistic processorsbe-
fore decidingon its future courseof action. In prac-
tice, this meansthedialoguemanager, whenwaiting,
is waitingfor resultsfrom theCLE sincedeeplinguis-

1WethankSMART for helpin makingtheTravellink ��� system
availableto us.
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Figure1: Architectureof thesystem.

tic processingtakesconsiderablymore time. In the
future,we would like to tunethebehaviour of thedi-
aloguemanagerso that it canact quickly on just the
resultsof shallow analysis,if thoseresultsaredeemed
bothreliableandinformativeenoughtomeritprogress-
ing the dialogue. (This alsorequiresthoseresultsto
besuitablefor updatingthe languageprocessorssuit-
ably). Theexperimentsdescribedin Section4 repre-
sentour initial analysisof thecircumstancesin which
suchachoicemightbemade.

The DM usesa two-stageheuristicselectionpro-
cessto advancethedialogue.First, eachinput analy-
sis is categorizedasa move of a certaintype,andan
appropriateresponseto that move is selected.Refer-
encesareresolvedandcontextual informationis also
addedresultingin a furthermultiplicationof possible
movesandresponses.Secondly, therelative utility of
thevariousresponsesis judged,andthemostproduc-
tive responsemove is chosen.In the initial versionof
the system,the dialoguemanagercontaineda strong
preferenceto acceptananalysisfrom thedeeplinguis-
tic processor, if oneexisted,on the groundsthat this
wasmorelikely to bereliableandthatshallow analy-
siswasprimarily intendedfor “back-up”processing.

The generatorproducesthe surfacestring repre-
sentingtheactualutterance,usinga simpletemplate-
basedapproach.Thesurfacestringis thenturnedinto
speechby Telia Research’s synthesizerLIPHON.

Thedatabaseagentcontainsa webclient in order
to retrievedatafrom theTravellink database.



The systemdescribedhere is fully implemented
andhasbeenpermanentlyinstalledat theTelia Vision
Centerin Farsta/StockholmsinceNovember1998.

3. DEEP AND SHALLOW PROCESSING

The CLE is a wide-coveragestate-of-the-artNL pro-
cessingsystemwith facilitiesfor reasoningandunder-
standingin context. TheCLE incorporatesa domain-
independentSwedishunificationgrammarwhichmaps
inputstringsandword-latticesintoQuasi-LogicalForm
(QLF).QLF is afunction/argumentrepresentationthat
is intendedto beusefulfor awidevarietyof language-
processingtasks, for example as a transferlevel in
spokenlanguagetranslation([14]). QLF representa-
tions leave someobjects(e.g. pronouns,quantifier
scopeambiguities)deliberatelyunresolved or under-
specified. In the databaseapplication,the linguisti-
callymotivatedQLF representationsaretranslatedinto
domain-dependentFlatUtteranceDescriptions(Fuds),
thesebeingslot-filler expressionsof the form frame-
nameslot-namevalue (meaning:the slot calledslot-
nameisfilled byvaluein theframecalledframe-name)
which are containedwithin wrappersgiving limited
expressionto thefollowing quantificationalnotions.

yn Are thereobjectswith property� ?

wh Find � with property�
wh agg Find themaximal/minimal� with property

�
yn agg Doesthemaximal/minimal� with property

� alsohave property��� ?
Fudsmayalsocontainconstraintsandreferences. Con-
straintsexpressnumericalrelationsobtainingbetween
slot-fillersandothervalues.Referencesassociatefiller
valueswith the linguistic informationwhich encoded
them.

For instance,theutterance“I wanttoarrivein Stock-
holmbefore6 pm” is interpretedas“Find flightsarriv-
ing Stockholmbefore6 pm”, andis representedby the
following FUD:2

�������������� �!#"$�%"�&$')(��*"+&�')( '�,��*�.-��
�� �!#"$�%"�&$')(��*"+&�')( /0!#,.12�3(. �4#5.1+-6�
�� �!#"$�%"�&$')(��*"7! 8.')"+9��6�:"7!08);.�.!+ </=-
�� �!#"$�%"�&$')(��>4�&�& "�'�/=12�*?7-
1#@.1087�%A.1�B.!#&.12��?��DC)E�F�F�-*-HGI-

Theutterance“Whendoesthatflight leave?” is repre-
sentedby:

������J����< �!#"���"�&�')($�*"�&�'�( /=!#,712�*(. +4#5.1�-��
�< �!#"���"�&�')($�*"�&�'�( '),��3�.-��
�< �!#"���"�&�')($�*,.1#( "$'6/=12�3?.-6�
&71#B������*,.1�"��%,71#B��6�7')5�K.-3-LG%-

2Thenotationusedhereis simplified;for example,in our imple-
mentationeachfiller valueis typed.

where the ref expressionrepresentsthe referential
expression(“that”) in theutterance,andsignalsto the
dialoguemanagerthata referenceresolutionhasto be
made.

Therobustparserusesakeyword/phrasespotterto
generatea list of itemsincludingfilled-slotsandutter-
ancetypehypotheses(e.g. wh-question,yn-question)
whicharethenalsoconvertedinto well-formedFUDs.
Theparserknowsonly thelastsystemutterancemade
in orderto helpguideit in filling theright slot givena
matchingkeyphrase.

4. EXPERIMENTAL RESULTS

How properly to evaluatedialoguesystemsanddia-
loguemanagersascomponentswithin themis a noto-
riouslydifficult topicbut hasreceivedincreasingatten-
tion in thecomputationallinguisticscommunity([16,
6, 9, 8, 17, 7]).

Generally, two sortsof assessmentmethodaredis-
tinguished.Theassessmentof inputsandoutputswith-
out any attemptto “look inside” and judge the sys-
tem’s internalrepresentationsis calledBlack Box as-
sessment.Possiblemetricsfor this sortof analysisin-
clude,amongstothers,task-completionrate,tasksuc-
cessrate,averagelengthof a dialogue(in termsof ut-
terances,turnsor time)andusersatisfaction.Theeval-
uationof individualcomponentsin a completesystem
is calledGlassBox assessment.For example,word-
errorratesmaybeusedto evaluatespeechrecognition
sub-systems.In the mostsophisticatedrecentdevel-
opment,the “Paradise”framework ([17]), multivari-
atelinearregressionis usedto estimatea quantitative
functiondescribinghow thevalueof onevariable(user
satisfaction,usuallymeasuredthroughusersfilling in
a questionnaire)canbepredictedfrom othervariables
suchastaskcompletionrates,word-errorrates,elapsed
timeandsoforth. In thisway, onehopesto beableas-
sesstherelative contributionof differentcomponents;
for example,whetherword-errorratesaremoresignif-
icantto performancethantasksuccessrates.

In this section,we reportsomepreliminaryresults
aimedat evaluating the relative effectivenessof our
two differentlinguistic processingpathsandthe par-
ticularcircumstancesin whichoneor theotherappears
to have anadvantage.Ourevaluationsarerestrictedin
thatempiricaldatais currentlyrestrictedto theresults
of the original Wizard of Oz experiment. However,
theresultsareusefulbothin guidingus in systemde-
velopmentandin guidingusin formulatingbetterthe
questionsto askwhenthefinal systemis evaluatedin
liveconditions.

For our experiments,we extracteda subsetof 43
dialogues(onethirdof thetotal)fromouroriginalWiz-
ardof Ozcorpusandusedthemfor testingtwo instan-
tiationsof ourarchitecture.Thefirst instantiationcon-
tainedboth deepandshallow processingpaths. The
secondcontainedonly theshallow processingpath.In



eachcase,testswerecarriedout in text modeon the
transcriptionsof userutterances.In the live system,
speechinput is usedof courseandthedeeplinguistic
processoris able to select,on linguistic grounds,an
n-besthypothesisthattherecognizerdid not itself pre-
fer most([15]). The shallow processorsimply works
on the top hypothesisfrom the recognizer. Advan-
tagesthataccruefrom this facility of thedeepproces-
sorwerenot partof thecurrenttest.

The dialogueswere minimally edited to remove
thosepartsof the Wizard of Oz scenariowhich have
not beenimplemented.In practicethis only required
removing the tails of dialoguescoveringsuchmatters
ashotelandtaxi bookingsandonesub-dialoguetype
which did not affect the flow of the dialogue. (The
Wizardgenerallychoseto askwhetherflightsor trains
were requiredbeforedatabaselookup; but this sub-
dialoguewasnot includedin theimplementedsystem.
We hopethat future Wizard of Oz experimentswill
promotefurtheruserinitiativetakingthroughtheomis-
sionof this sub-dialogue.)In caseswheretheWizard
himself requesteda repetition(this wasthe only cor-
rectionstrategy employedby thewizard)only thesub-
sequentreformulationthat the Wizard acceptedwas
used.Althoughthedialogueswereeditedby removal
of someutterances,no utterancewas editedthrough
removal of words.Fourdialogueswerecompletelyre-
moved becausethe Wizard himself hadfailed to fol-
low the original script sufficiently accuratelyandthe
structuresof theresultingdialoguesweretoo dissimi-
lar from thatof theimplementedsystemto permittheir
useasatest.

To test the systems,the user-utterancesfrom the
dialogueswere fed into the two versionsof the sys-
tem and the points at which divergencesarosefrom
theoriginal scriptswerenoted.At thesepoints,it was
determinedwhich,if any, of thetwosystemshadtaken
thebetterpath. Themostsalientreasonfor thebetter
pathwasnoted.

In most cases(approximately66% of the time),
the two systemstook identicalpaths. In thesecases,
therobustparserandthedeeplinguisticprocessorex-
tractedsimilarinformationfromtheinputmaterial.The
pathswerenot necessarilygoodpaths.In somecases,
thedialoguemanagersimply madethesamedecision
aboutwhat to do what next givena certaininput, but
this decisiondid not matchtheWizard’s decisionand
hencea divergencefrom theoriginal scriptarose.

In thosecaseswheretherewas a difference,the
shallow processoractuallyled to thebetterpathmore
often that thedeeplinguistic processordid (25%and
9% respectively). The overwhelmingreasonfor this
successwasthe successof shallow processingin ex-
tractinginformationfrom particularlylongor multiple
utterances.Sincethe shallow processoris only look-
ing for very local piecesof informationandignoring
any globalstructure,it is not affectedby thelengthof
the input string. In contrast,the deeplinguistic pro-

cessordoesattemptto find a structureincorporating
the whole input string. If it cannot(perhapsthe in-
put is ungrammaticalor perhapsthegrammaris inad-
equate),thensomestrategy on fragmentaryparsingis
required.Thepolicy at thetimeof thetestwassimply
selectingthelongestparsablesubstring.However, this
policy leadsto parsableinformationin otherpartsof
thestringsimply beingoverlooked.

Therewasno clearpatternto the caseswherethe
deeplinguistic processorled to thebetterpath. How-
ever, this is not leastbecauseit is more difficult in
principle to analysea failure by a shallow analyser.
The problemis delimiting thosecasesthat a shallow
analyseroughtto beableto handlefrom thosethat it
is unreasonableto expect it to handle. Is the shallow
analysermerely lacking a rule that would generally
be successfulor is thereactuallyno suchrule avail-
able?Answeringthesequestionsis a significanttopic
in its own right. For example,in oneof ourdialogues,
the parameters(destination,origin, date,time) of the
journey areestablishedandthesystemannouncesthat
thereis asuitableflight togetherwith its departureand
arrival times. The userthenaskswhetherthereis an
earliertrain. Theshallow analyserfailedto understand
this utterancebut it is far from clearwhetherthis is a
failure in principle of shallow analysis. On the one
hand,theremay be a possiblerule that will success-
fully cover this andsimilar caseswithout interfering
too muchin otherexamples.Alternatively, it may be
that,eventhoughthereis a possiblerule, it is not one
it is reasonableto expectto discover in advance.The
very rarity of theexamplemaypreciselyillustratethe
valueof a compositionalgrammarbasedapproach.

Ouroriginalhypothesishadbeenthatshallow anal-
ysiswould in fact bemoresuitablefor earlier, system
directedportionsof the dialoguethan latter partsof
the dialoguewhich involved more negotiation. This
expectationwasborneout to someextent in that, in
thosecaseswherethe deepprocessortook the better
pathit wasmostlyat the negotiative stage.(Interest-
ingly, theothercasesoccurredin answersto theopen-
ing question“How can I help you”, which are also
conversationallyfreer points in the dialogue). How-
ever, it is not clearhow muchthis is dueto increased
userinitiativeandanincreasein linguistic sophistica-
tion. For instance,after the systemhassuggesteda
particularjourney, thenthe useris handedthe initia-
tive in progressingthe dialogue. He may acceptthe
suggestionor startanegotiation.However, negotiative
moves,at leastin thescenariounderexamination,ap-
pearto be themselvesreasonablypredictable.Nearly
all are requestsfor either earlier or later flights and
the simple occurrenceof particularwords (“senare”
later and“tidigare” earlier) proved excellentpredic-
tors of thesemoves. Similarly, some“advancedlin-
guisticfeatures”,e.g. discoursereference,alsogener-
ally ariseonly at thenegotiative stage(“Hmm när går
flyget?” “Hmmm whendoesthat flight leave?”). But



thesecasestoo may often be predictableon shallow
groundsgiventhe currentcorpus.We will shortlybe
carryingouta furtheriterationof datacollectionbased
onuseof theimplementedsystemratherthantheWiz-
ardof Oz experiment,which mayhave circumscribed
thesortsof userfollow-upqueriestoo tightly.

Our hypothesisthatshallow analysiswould prove
usefulasa“back-up”modefor usewhendeeperanaly-
sisfailedhasalsonotbeenstronglysupported.In fact,
wehadsimplyunderestimatedthedegreetowhichdeep
linguisticprocessingwould itself produceonly partial
resultswhich might requirecarefulselection.We are
currently putting considerableeffort into developing
fragmentaryanalysisselectionin the deeplinguistic
processorso that decisionscan be madestatistically
from the resultsof supervisedtraining over already
parsedcorpora. The techniqueis integratedinto our
generaltool for customizingthedisambiguationcom-
ponentof a languageprocessor[5].

5. CONCLUSIONS

Thearchitectureof a spokendialoguesystemcombin-
ing both shallow and deeplinguistic processorshas
beendescribed.Thearchitectureis designedto enable
us to have a fallback strategy in casedeeplinguistic
processingfails (or, possibly, takestoo long) andalso
to begin evaluatingatwhichpointssophisticatedanal-
ysis doessignificantly improve sucha dialoguesys-
tem. We have presentedthe resultsof a preliminary
investigationusingdatafrom a Wizard of Oz experi-
ment. Theresultslendlimited supportto our original
hypothesisthat deeplinguistic processingwill prove
usefulataparticularpointin ourscenariowherethedi-
aloguechangesfrom a situationwherethesystempri-
marily holdsthe initiativeto onewheretheusertakes
it.
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