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ABSTRACT

With maturingspeechechnologyspokerdialogue
systemsareincreasinglymoving from researclproto-
typesto fielded systems. The fielded systemshow-
ever generallyemploymuchsimplerlinguistic anddi-
alogueprocessingstratgies than the researchproto-
types. We describeanimplementedspoken-language
dialoguesystemfor a travel planningdomainwhich
supportsa mixedinitiative dialoguestratgy. Thesys-
temaccessea commerciallyavailabletravel informa-
tion web-serer. The systemarchitecturecombines
both shallov anddeeplinguistic processorspartly so
thatarobustif shallov analysisis alwaysavailableto
the dialoguemanagerand partly so that we can be-
gin to examinewheresignificantgainscanbemadeby
employingmore advancedlinguistic processing.We
presentheresultsof a preliminaryinvestigatiorusing
datafrom aWizard of Ozexperiment.Theresultdend
limited supportto our original hypothesisthat deep
linguistic processingvill prove usefulatpointswhere
theusertakestheinitiativein driving thedialoguefor-
ward.

1. INTRODUCTION

With maturingspeechechnologyspokerdialoguesys-
temsareincreasinglymoving fromresearclprototypes
to fieldedsystems.Thefieldedsystemshowever gen-
erally employ much simpler linguistic and dialogue
processingtratg@iesthantheresearclprototypegfor
arangeof examplesystemssee,amongsbthers,[2],
[1], [20], [11] and[3]). For example,in the fielded
systemsgomain-specifikeyword/phrasespottingand
slot-filling techniquesirepreferredor utterancenter-
pretation.At the dialoguelevel, thesesystemdendto
keepthe dialogueinitiative to themseles by treating
the usersimply asananswersupplier Particularsys-
temsmayalsoimplementparticularinstance®f more

sophisticategrocessing.However, the simple meth-
odsdo dovetail simply becaus¢he moreexpectations
thata systemcanimposeon a dialogue thenthemore
thoseexpectationcanbe usedto aid interpretatiorof
userutterances.Currently thereis little work which
attemptdo examineatwhatpointsdeeplinguistic pro-
cessingmight prove significantlyusefulin the sortsof
spokeranguagealialoguesystenthatarecurrentlybe-
ing fielded.

SRI Internationaland Telia ResearctAB are de-
velopinga Swedishlanguagespokendialoguesystem
for accessinga web-basedravel database.The sys-
tem is being built by adaptationof existing general-
purposespeectrecognitionandlanguageunderstand-
ing componentsncluding the Nuancetoolkit ([13])
andthe Core LanguageEngine(CLE) with a domain
independenswedisilgrammai([4]). TheSwedishver
sion of the CLE wasoriginally built with a machine
translatiorapplicationin mind([14]). Thesystemalso
includesa dialoguemanagemwhoseroleis to progress
thedialogueasawhole,decidingon the bestinterpre-
tationof userutteranceanddecidingwhatit shoulddo
andsaynext. We have alsoaddeda parallel,fasterbut
very simple linguistic processingpath. This ensures
the existenceof a fallback “robust” analysis. It also
providesour dialoguemanagewith interestingstrate-
gic choicesconcerninghetwo input paths.Finally, it
enableausto beagin evaluatingwhereinlie the advan-
tagesin deeplinguistic processingandwhenshallov
analysismay be reliably used. We do not herecon-
sider systemdevelopmentissues. For example, one
of the objectivesin our currentprojectwasto exam-
ine how easilyour Swedishgrammay designedo be
domainindependentcould be adaptedo the new ap-
plication. We presenthe resultsof somepreliminary
investigationsnto therelative contributionsof shallov
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
businesdrip within Swedenpn the basisof informa-
tion abouttravel mode (train or plane),destinations,
timesandfares.Thetravel informationitselfwasbased
onthe Travellink 7" systemwhich canbeaccessedt
http://ww.travel | ink.se.! AWizardof Ozex-
perimenthasprovideda corpusof 131 dialoguedrom
47 subjects(31 maleand 16 female). The Wizard’s
conversationastylewaspurposelychosersoasto per
mit mixed-initiative user stratgies. Analysis of the
datashavedthatit displayedsignificantvariation.For
example,with respecto verbosenesshereis arange
of behaiour stretchingfrom consistentuseof short,
telegraphic-styleutterancego very long, disfluentut-
terances. Furthermore there are both inactive users
who refrain completelyfrom taking the initiative (in
effect leaving it opento the systemto cross-&amine
them)andactive userswho quickly takethe initiative
by meanof counterquestionskeepingit moreor less
throughouthedialogue.Thereis alsoarangeof users
whosebehaioursfall betweertheseaxtremes.Oneof
ourimmediateconclusionsvasthatif mixed-initiative
dialogueswere supportedthen a large proportionof
thepeoplenteractingwith thesystemwould makeuse
of this capability

The architectureof the systemis shovn in Figure 1.
The modulescommunicateasynchronoushpy mes-
sagepassinghencejn principleall of themcouldrun
in parallelin differentprocesses.In the currentim-
plementationthereare four processeswhich handle
speechrecognition speecksynthesisdatabaseccess
andeverythingelse respectiely.

The speechrecognizeris a Swedish-languagim-
stantiationof the Nuancetoolkit (deriving from the
SRIDeciphersysten12]), developedby SRl Interna-
tional and Telia Research It sendsan N-bestspeech
hypothesislist to the two languageprocessors:the
CoreLanguageEngine(deepanalysislandthe Rohust
Parser(shallow analysis)furtherdescribedn Section3.
The languageprocessorgachsendtheir analysedo
the dialoguemanager(bm). After eachsystemturn,
the bm updateghe languageprocessorsvith limited
informationaboutthe stateof the discoursethe most
recentquestion,if ary, posedby the system,andthe
typesof objectsthataresalientat the currentpointin
the dialogue. At the moment,the dialoguemanager
waitsfor analysegrom bothlinguistic processorde-
fore decidingon its future courseof action. In prac-
tice, this meanghe dialoguemanagerwhenwaiting,
is waiting for resultsfrom the CLE sincedeeplinguis-

1We thankSMART for helpin makingthe Travellink 7™ system
availableto us.
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Figurel: Architectureof thesystem.

tic processingakesconsiderablymoretime. In the
future, we would like to tunethe behaiour of the di-
aloguemanageisothatit canactquickly on just the
resultsof shallav analysisjf thoseresultsaredeemed
bothreliableandinformativeenougho meritprogress-
ing the dialogue. (This alsorequiresthoseresultsto
be suitablefor updatingthe languageprocessorsuit-
ably). The experimentsdescribedn Section4 repre-
sentour initial analysisof the circumstances which
suchachoicemightbe made.

The bM usesa two-stageheuristicselectionpro-
cessto advancethe dialogue. First, eachinput analy-
sisis cateyorizedasa move of a certaintype, andan
appropriateresponsdo that move is selected.Refer
encesareresohed and contetual informationis also
addedresultingin a further multiplication of possible
movesandresponsesSecondlytherelative utility of
thevariousresponsess judged,andthe mostproduc-
tive responsenove is chosen.In theinitial versionof
the system,the dialoguemanagercontaineda strong
preferenceo acceptananalysidrom thedeeplinguis-
tic processaqrif oneexisted, on the groundsthat this
wasmorelikely to bereliableandthatshallov analy-
siswasprimarily intendedor “back-up”processing.

The generatomproducesthe surfacestring repre-
sentingthe actualutteranceusinga simpletemplate-
basedapproachThe surfacestringis thenturnedinto
speechby Telia Researcls synthesizetr.IPHON.

The databasegentcontainsa web clientin order
to retrieve datafrom the Travellink database.



The systemdescribedhereis fully implemented
andhasbeenpermanentlynstalledatthe Telia Vision
Centerin Farsta/StockholnsinceNovember1998.

3. DEEP AND SHALLOW PROCESSING

The CLE is a wide-coreragestate-of-the-arlNL pro-
cessingsystemwith facilitiesfor reasoningandunder
standingin contet. The CLE incorporatess domain-
independenBwedistunificationgrammamhichmaps
inputstringsandword-latticesnto Quasi-LogicaForm
(QLF). QLFisafunction/agumentepresentatiothat
is intendedo be usefulfor awide varietyof language-
processingtasks, for example as a transferlevel in
spokenlanguagetranslation([14]). QLF representa-
tions leave someobjects(e.g. pronouns,quantifier
scopeambiguities)deliberatelyunresohed or under
specified. In the databasepplication,the linguisti-
cally motivatedQLF representatioraretranslatednto
domain-dependemiat UtteranceDescriptiongFuds),
thesebeing slot-filler expressionf the form frame-
nameslot-namevalue (meaning:the slot called slot-
nameisfilled by valuein theframecalledframe-namg
which are containedwithin wrappersgiving limited
expressiorto thefollowing quantificationahotions.

yn Are thereobjectswith propertyP?
wh Find X with propertyP

wh_agg Find the maximal/minimalX with property
P

yn_agg Doesthe maximal/minimalX with property
P alsohave propertyP'?

Fudsmayalsocontainconstaintsandrefeences Con-
straintsexpressnumericalrelationsobtainingbetween
slot-fillersandothervalues.Referenceassociatéiller
valueswith thelinguistic informationwhich encoded
them.

Forinstancetheutterancél wanttoarrivein Stock-
holmbefore6 pm” is interpretecas“Find flightsarriv-
ing Stockholmbefore6 pm”, andis representedly the
following FUD:?

wh(X,[ slot(trip,trip_id, X),
slot(trip, trip mode, plane),
slot(trip,to_city,stockholm)
slot(trip,arr_time, T)

exec(before(T, 1800))]')

TheutterancéWhen doesthatflight leave?” is repre-
sentedoy:

wh(Y[ slot(trip,tripmode,plane),
slot(trip, trip_id, X),
slot(trip,dep_time, T),

ref(X,det(def, sing))])

2Thenotationusedhereis simplified; for examplejn ourimple-
mentationeachfiller valueis typed.

wherethe r ef expressionrepresentghe referential
expression(“that”) in the utteranceandsignalsto the
dialoguemanagethata referenceesolutionhasto be
made.

Therohustparsemusesakeyword/phrasespotterto
generatalist of itemsincludingfilled-slotsandutter
ancetype hypothesege.g. wh-questionyn-question)
which arethenalsocorvertedinto well-formedFUDs.
Theparseiknows only thelastsystemutterancenade
in orderto helpguideit in filling theright slot givena
matchingkeyphrase.

4. EXPERIMENTAL RESULTS

How properly to evaluatedialoguesystemsand dia-
loguemanagergscomponentsvithin themis a noto-
riously difficult topicbut hasrecevedincreasingtten-
tion in the computationalinguisticscommunity([16,
6,9, 8,17, 7]).

Generallytwo sortsof assessmemethodaredis-
tinguished.Theassessmeuwf inputsandoutputswith-
out ary attemptto “look inside” and judge the sys-
tem’s internalrepresentationts calledBlack Box as-
sessmentPossiblemetricsfor this sortof analysisin-
clude,amongsbthers task-completiomate,tasksuc-
cesgate,averagelengthof a dialogue(in termsof ut-
terancesturnsor time)andusersatisfaction Theeval-
uationof individualcomponentén a completesystem
is called GlassBox assessmentFor example,word-
errorratesmay be usedto evaluatespeectrecognition
sub-systems.In the mostsophisticatedecentdevel-
opment,the “Paradise”framavork ([17]), multivari-
atelinearregressionis usedto estimatea quantitative
functiondescribinghow thevalueof onevariable(user
satisfactionusuallymeasuredhroughusersfilling in
aquestionnairetanbe predictedrom othervariables
suchastaskcompletiorratesword-errorates elapsed
time andsoforth. In thisway, onehopeso beableas-
sesgherelative contribution of differentcomponents;
for example whethemword-erroratesaremoresignif-
icantto performancehantasksuccessates.

In this sectionwe reportsomepreliminaryresults
aimedat evaluatingthe relative effectivenessof our
two differentlinguistic processingpathsandthe par
ticularcircumstancem whichoneor theotherappears
to have anadwantage Our evaluationsarerestrictedn
thatempiricaldatais currentlyrestrictedo theresults
of the original Wizard of Oz experiment. However,
theresultsareusefulbothin guidingusin systemde-
velopmentandin guidingusin formulatingbetterthe
guestiongo askwhenthefinal systemis evaluatedn
live conditions.

For our experimentswe extracteda subsetof 43
dialoguegonethird of thetotal) from ouroriginal Wiz-
ardof Oz corpusandusedthemfor testingtwo instan-
tiationsof ourarchitectureThefirstinstantiationcon-
tainedboth deepand shallov processingpaths. The
secondcontainednly theshallawv processingpath.In



eachcase testswerecarriedout in text modeon the
transcriptionsof userutterances.In the live system,
speeclinputis usedof courseandthe deeplinguistic
processoiis ableto select,on linguistic grounds,an
n-besthypothesishattherecognizedid notitself pre-
fer most([15]). The shallowv processosimply works
on the top hypothesisfrom the recognizer Advan-
tagesthataccruefrom this facility of thedeepproces-
sorwerenot partof the currenttest.

The dialogueswere minimally editedto remove
thosepartsof the Wizard of Oz scenariowhich have
not beenimplemented.In practicethis only required
removing thetails of dialoguescovering suchmatters
ashotelandtaxi bookingsand onesub-dialogudype
which did not affect the flow of the dialogue. (The
Wizardgenerallychoseto askwhetheiflights or trains
were requiredbefore databasdookup; but this sub-
dialoguewasnotincludedin theimplementedystem.
We hopethat future Wizard of Oz experimentswill
promotefurtheruserinitiativetakingthroughtheomis-
sion of this sub-dialogue.)n casesvherethe Wizard
himself requested repetition(this wasthe only cor
rectionstratgly employedy thewizard)only thesub-
sequentreformulationthat the Wizard acceptedvas
used.Althoughthedialoguesvereeditedby removal
of someutterancesno utterancewas editedthrough
removal of words. Four dialoguesverecompletelyre-
moved becausehe Wizard himself had failed to fol-
low the original script sufficiently accuratelyandthe
structureof theresultingdialoguesweretoo dissimi-
larfrom thatof theimplementedystento permittheir
useasatest.

To testthe systemsthe userutterancegrom the
dialogueswerefed into the two versionsof the sys-
tem and the points at which divergencesarosefrom
theoriginal scriptswerenoted.At thesepoints,it was
determinedvhich, if ary, of thetwo systemdadtaken
the betterpath. The mostsalientreasorfor the better
pathwasnoted.

In most cases(approximately66% of the time),
the two systemgook identicalpaths. In thesecases,
therobustparserandthe deeplinguistic processoex-
tractedsimilarinformationfrom theinputmaterial. The
pathswerenot necessarilygoodpaths.In somecases,
the dialoguemanagesimply madethe samedecision
aboutwhatto do what next givena certaininput, but
this decisiondid not matchthe Wizard'’s decisionand
hencea divergencefrom the original scriptarose.

In thosecaseswheretherewas a difference,the
shallav processoactuallyled to the betterpathmore
oftenthat the deeplinguistic processodid (25% and
9% respectiely). The overwhelmingreasonfor this
successvasthe succes®f shallav processingn ex-
tractinginformationfrom particularlylong or multiple
utterances Sincethe shallov processois only look-
ing for very local piecesof informationandignoring
ary globalstructurejt is not affectedby thelengthof
the input string. In contrast,the deeplinguistic pro-

cessordoesattemptto find a structureincorporating
the whole input string. If it cannot(perhapshe in-

putis ungrammaticabr perhapshe grammaiis inad-
equate)thensomestratgy on fragmentaryparsingis

required.Thepolicy atthetime of thetestwassimply
selectinghelongestparsablesubstring However, this
policy leadsto parsablenformationin otherpartsof

the stringsimply beingoverlooked.

Therewasno clearpatternto the casesvherethe
deeplinguistic processoted to the betterpath. How-
ever, this is not leastbecausat is more difficult in
principle to analysea failure by a shallov analyser
The problemis delimiting thosecaseghat a shallav
analysemughtto be ableto handlefrom thosethatit
is unreasonabléo expectit to handle. Is the shallav
analysermerely lacking a rule that would generally
be successfubr is thereactually no suchrule avail-
able? Answeringthesequestionss a significanttopic
in its own right. For example,in oneof our dialogues,
the parametergdestinationorigin, date,time) of the
journey areestablisheéndthe systemannounceghat
thereis a suitableflight togethemwith its departureand
arrival times. The userthen askswhetherthereis an
earliertrain. Theshallov analysefailedto understand
this utterancebut it is far from clearwhetherthis is a
failure in principle of shallav 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 notone
it is reasonabléo expectto discoverin adwance.The
very rarity of the examplemay preciselyillustratethe
valueof a compositionagrammarbasedapproach.

Ouroriginalhypothesihiadbeerthatshallav anal-
ysiswould in fact be moresuitablefor earlier system
directedportionsof the dialoguethan latter parts of
the dialoguewhich involved more negotiation. This
expectationwas borneout to someextentin that, in
thosecaseswherethe deepprocessotook the better
pathit was mostly at the negotiative stage. (Interest-
ingly, theothercaseoccurredn answergo theopen-
ing question“How can | help you”, which are also
conversationallyfreer pointsin the dialogue). How-
ever, it is not clearhow muchthisis dueto increased
userinitiativeandanincreasen linguistic sophistica-
tion. For instance after the systemhassuggestec
particularjourney, thenthe useris handedthe initia-
tive in progressinghe dialogue. He may acceptthe
suggestioror starta negotiation. However, negotiative
moves, at leastin the scenaricunderexamination,ap-
pearto be themselesreasonablyredictable.Nearly
all arerequestdor either earlier or later flights and
the simple occurrenceof particularwords (“senare”
later and “tidigare” earlier) proved excellent predic-
tors of thesemoves. Similarly, some“advancedlin-
guisticfeatures”e.qg. discourseeferencealsogener
ally ariseonly at the negotiative stage(“Hmm nar gar
flyget?” “Hmmm whendoesthat flight leave?”). But



thesecasesoo may often be predictableon shallov
groundsgiventhe currentcorpus. We will shortly be
carryingoutafurtheriterationof datacollectionbased
onuseof theimplementedystenratherthanthe Wiz-
ardof Oz experiment,which may have circumscribed
the sortsof userfollow-up queriestootightly.

Our hypothesighat shallov analysiswould prove
usefulasa“back-up”modefor usewhendeepeanaly-
sisfailed hasalsonotbeenstronglysupportedin fact,
wehadsimplyunderestimatethedegreeto whichdeep
linguistic processingvoulditself produceonly partial
resultswhich might requirecarefulselection.We are
currently putting considerableeffort into developing
fragmentaryanalysisselectionin the deeplinguistic
processoiso that decisionscan be madestatistically
from the resultsof supervisedraining over already
parsedcorpora. The techniqueis integratedinto our
generalool for customizingthe disambiguatiorcom-
ponentof alanguageprocessofs].

5. CONCLUSIONS

Thearchitecturef a spokerdialoguesystemcombin-
ing both shallov and deeplinguistic processordas
beendescribedThearchitecturas designedo enable
usto have a fallback stratgy in casedeeplinguistic
processindails (or, possibly takestoo long) andalso
to begin evaluatingatwhich pointssophisticated@nal-
ysis doessignificantly improve sucha dialoguesys-
tem. We have presentedhe resultsof a preliminary
investigationusing datafrom a Wizard of Oz experi-

ment. Theresultslendlimited supportto our original

hypothesighat deeplinguistic processingwill prove

usefulataparticulampointin ourscenariavherethedi-

aloguechangedrom a situationwherethe systempri-

marily holdsthe initiative to onewherethe usertakes
it.
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