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Abstract

We presentevidencefor the importance
of low-level phenomenan dialoguein-

teraction and use this to motivate a

multi-layered approachto dialogue pro-

cessing. We describe an architecture
that separatesontent-lgel communica-
tive processefrom interaction-lgel phe-
nomena (such as feedback, grounding,
turn-managementgndprovide detailsof

speci ¢ implementationof a numberof

suchphenomena.

1 Introduction

Realdialoguebetweerhumanparticipantsnvolves
phenomendhat do not so much contritute to the
contentof communicationas relatedirectly to the
interactve processbetweenthe participants. This
includesturn managementproviding feedback ut-
terancellers, errorandfalse-startnanagemengnd
utterancdiming.

Recentwork on dialogue and natural language
processingn generalhas acknavledgedthe pres-
enceof suchphenomenan naturalspeechandin
somecasegheimportanceof its role in dialoguein-
teraction. However, treatmentof suchphenomena
hasgenerallybeenpart of the standardorocessing
model; for example,someparsersare ableto han-
dle llers suchas“um”, while recentversionsof the
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TRIPSsystem(Allen etal., 2001)usesincremental
parsingandothertechniqueso handlearangeof re-
latedphenomena.

We believe that greaterfocus on “interaction
level” phenomends appropriateand will lead to
bene ts in building dialoguesystemsfor more ro-
bust naturalinteraction. In this papey we outline a
two-layerarchitecturefor dialoguesystemswhere
onelayerusesarangeof “shallon” processindech-
niquesto maintaina smoothinteractionbetweerthe
dialogueparticipants.

1.1 Managing interaction

The inspirationfor a cleanseparationinto a two-
layer architecturecomesfrom two sources. Clark
(1996)distinguishedetweenwo separateommu-
nication tracks, which he calls communicativeand
meta-communicativel heseare simultaneouslyc-
curring communicationsthe rst dealingwith the
information at hand, and the other relating to the
performancetself. Dialogueparticipantsusewhat
Clarkrefersto assignalsto referto the performance
itself: e.g.timing, delays re-phrasingmistales,re-
pairs,etc?!

A secondmotivation is work on architecturegor
robots and autonomousagentsembeddedn com-
plex, dynamic, unpredictableervironments. Sev-
eral researcherfn this areahave arguedfor multi-
layeredarchitecturesgor agentsthat plan actionse-
guencedo achieve somegoal or task, but needto
react quickly to changein the ervironment (e.g.

Clark's distinctiondoesnot necessarilcarry over directly
to the designof a dialoguesystemarchitecturebut it motivates
focusonthelow-level communicatiorchannel.



(Firby, 1994;Miller, 1996)). In sucharchitectures,
the role of the bottomlayeris to monitor the ervi-
ronmentand initiate appropriateactionswithin the
broadercontet of the goal-directedplan, which is
providedby thehigherlayerof thearchitectureThe
layers operateindependentlyand asynchronously
but communicateasnecessarye.g. goalsandplans
arepassediown to the executionlayer, while obser
vationsor problems(which maytriggerreplanning)
arepassedip to the planninglayer

We view the processof naturalinteractionwith
a dialogueparticipantas analogougo the interac-
tion with adynamicervironment:dialoguephenom-
enaarise which needto be neyotiated (as a new
obstaclemustbe avoided by a robot). In the case
of a humanuserinvolved in actvity-oriented dia-
logue, timelinessis particularlyimportantin order
to keepthe userengagedndfocussed—otherwise,
performanceof the joint activity may be adwersely
affected. In particular dialogicinteractionis a con-
tinuousprocessvhich cannotbe brokenwithout the
risk of somebreakdevn: signal-lerel phenomena
must be handledas smoothly as possible,without
necessarilyresortingto content-lgel processesin
orderto maintainatight interactionrbetweerthepar
ticipants.

1.2 A multi-layered architecture

Motivatedpartially by someof the sameissueswe
discusshere,Allen etal. (2001)describea new ar
chitecturefor their TRIPS systemthat breaksdia-
loguemanagemerihto multipleasynchronousom-
ponents We concurwith theirconcernsgut focuson
adifferentarchitecturakhift.

We outline belov an architecture that sepa-
ratesinteraction-focussd techniquedrom context-
managemenand corversationplanning. An initial
versionof the architecturenasbeenimplementechat
the Centerfor the Studyof Languageand Informa-
tion (CSLI) at StanfordUniversity

This breakdevn into separatarchitecturalevels
is analogougo the multi-level agent/robotrchitec-
tures. However, mary of the samemotivationsper
tain, especiallythoserelatedto designconsidera-
tions (e.g. separatinglifferenttypesof phenomena
into different layers)and performance(e.g. high-
level planningfrom low-level executionand mon-

itoring runningin paralle?). Further the manner
in which Mller and Firby's systemshandlereac-
tive tasks(e.g. obstacleavoidance,objecttracking,
etc.) completelyat the low-level wheneer possible
re ectsourview of how certaindialogueinteraction
phenomenarebesthandled. Much like thesesys-
tems, dialoguecommunicaire goalsare produced
at the higher level and imposedas constraintson
the lower-level. Ervironment-leel processedl in
the detail of thesegoalsand handlecontingencies
which may otherwiseprevent the achieement of
thesegoals.

A numberof interaction-managemetgchniques
arepresentn thecurrentimplementationincluding:

A back-uprecognition pass, using statistical
processingo extendgrammatbasedcoverage
and provide immediateuser “help” feedback
for unrecognizedutterances(Hockey et al.,

2003);

Turn management—timingf systemoutputis
governedby monitoringthespeectthanneblnd
the (prioritized) agendeaof speechoutputs. If
thesystermeedo take theturn, it grabsit using
only low-level processing;

Handlinguserbaige-in—usespeechnterrupts
systenmputputandautomaticallygrabstheturn;

Immediate Grounding of recognized com-
mandg(e.g.systemsays‘OK” immediatelyaf-
terrecognizingheuser:“y tothetower”);

NP selection— choosinganaphoricor salient
noun-phraseatthe point of generation;

Incrementalaggr@ation of system-generated
utterances— appropriately condensingand
forming elliptical systemoutputat the point of
generation.

While this accountsfor only a small number of
signalsthat arise during natural dialogue, the ar
chitecture provides a framewvork for incorporat-
ing furthertechniques—irparticular usingshallav

2Note: we aretalking aboutvery differentparallelthreads
herethanthosewhich occurin multi-modalfusion, suchasoc-
cursin the Smartkom (Wahlster 2002)system.



processing—fomakinguseof suchsignalsto pro-
vide more naturaland robust interactionsbetween
dialoguesystemsaindhumanparticipants.

In thenext sectionwe describevork from thelin-
guistic and psychologyliteraturethat demonstrates
the importanceof asynchronousnteraction-leel
processing.In Section3, we proposea speci ¢ ar
chitecturethat provides a framework for integrat-
ing variousprocesse$or channel-managementn
Sections4 and5, we describespeci cs of the CSLI
implementationputlining rst themoreabstractdi-
aloguemanagemenlayer, followed by techniques
emplo/ed at the interactionlayer In Section6, we
discusdurtherpossibilitiesandin Section7 we con-
clude.

2 The Importance of Channel Phenomena

Thestandargrocessingnodelfor dialoguesystems
involvesa sequenc®f modulesfrom speechrecog-
nition to speectsynthesisasillustratedin Figurel,

which essentiallillustrates(a simpli cation of) the

original TRIPSarchitectureasdescribedn (Fegu-

sonandAllen, 1998).Typically, eachmoduleis self-

containedandrelatvely independenof othermod-

ules.

Recent ndings in the psycholinguistiditerature
have suggestedrarious shortcomingsof this mod-
ular approach. For example, work on alignment
indicatesthat corversationparticipants'processing
interactson multiple levels, contrarening the strict
modularmodel(Pickeringand Garrod,2003). This
is one of the considerationsve addresdelow, but
we are primarily concernedvith otherinteraction-
level phenomena.

One of our prime motivationsfor an interaction
level processindayer is to ensuretimely response
to interaction. Parsingand processingakestime—
this canbe alleviated by incrementalparsingtech-
niques, but meta-communicatiorsignals typically
do not needto be interpretedand processedo the
sameextent as communicatre utterancesand in-
steadrequireimmediateattentionthatprecludesgull
processing.

For example,researcherbave looked at the use
of umanduh in conversationand found that these
are often usedas place-holderdor a speakr who
wantsto maintaintheir speakingurn (ClarkandFox

Tree,2002). The detectionof llers suchasthese
generallyactsto inhibit (to someextent)thelistener
from interruptingor takingtheturnfrom the current
speakr. Hence,not only should suchdiscontinu-
ities not beignoredbut they mustalsobe processed
immediatelyin orderto maintainthe ongoinginter
action.

Corversely listenersalso usewhat is knovn as
badk-channelfeedbak to indicateto thespeakrthat
they are listening and paying attention. For En-
glish, back-channelscludeuh-huh mhmandyeah
Back-channeldiffer from other devices used to
keepa conversation o wing, suchasrepetitionsand
collaboratve nishes, in that they tendto be non-
speci ¢ to the currentutterance. Moreover, back-
channelfeedbackis often producedwithout think-
ing, in responsdo simple prosodiccluessuchasa
speakr pausea lowering of spealer pitch, or arise
in spealkr intonation(WardandTsukaharal999).

Most importantly however, back-channefeed-
back is importantto the speakr® Bavelaset al.
(2000)investigatechow a spealer in a corversation
(in this casesomeonenarratinga story) is affected
whenlistenerresponsesre inhibited. They found
that spealkers with distractedand unresponse lis-
tenergdid not nish theirstorieseffectively, measur
ablyfalteringatwhatshouldhave beenthedramatic
ending. Speakrsneededaninterlocutors feedback
to be ableto maintain uency andcontinuethe dia-
logue effectively. Bavelaset al alsofound that re-
sponselateny in one-on-onecorversationsis ex-
tremely short and may be simultaneous:listeners
canprovide back-channelsithoutfully listeningto
the corversationpartnerand without beingrespon-
siblefor takingup a speakingurn.

Theseresultsindicatethat the natureof interac-
tion betweerparticipantds crucialto the collabora-
tive actof dialogue—signalandfeedbackhatcarry
effectively no communicatie contentare still im-
portantfor keepingtheinteractionsmoothandto en-
surethatthe participantsstayattentize andfocussed
onthetaskathand.Whenthedialoguetaskinvolves,
say a humanuserbeing guidedthrougha safety-
critical actiity by an automatedsystem,thensuch
issuesareof particularimportance.

3Allwood (1995)refersto suchfeedbackmorphemessthe
mostimportantcohesiordevice in spolenlanguage.
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Corversely communicatie behaior contains
signalsregarding a participants attention,and in
particular may indicate a loss of focus. In tuto-
rial settings—oneof the dialogueapplicationswe
are speci cally concernedwith—this can be used

to determinestudents’con dencein theirresponses.

For example phenomenauchastiming betweerre-
sponseshesitancemarkers, and intonationcan all
beimplicit cluesthata studentis having a problem
(Graesseetal., 1995).

3 A Two-Level Architecture

Thetraditionalarchitecturdor dialoguesystemda-
sically involves a linear approachto processingas
illustratedin Figurel. In this standardarchitecture,
modulestendto be self-containedandonly loosely
dependent. Evidenceoutlined abore, particularly
that relatedto alignment,suggestghat this tightly
encapsulatedpproachwill dealpoorly with thein-
teractve natureof realdialogue.Allen etal's (2001)
revised TRIPS architecturantroducesa more non-
linear approachto dialogueprocessingwith asyn-
chronousprocessesnanagingnterpretationgener
ation,andinterfaceto behaioral aspects.

We augmentthe TRIPS approachby combining
multiple processedor interpretingutteranceqe.g.
structuredparsingversusstatisticaltechniquespand
for generatingesponsege.g. generationfrom se-
manticrepresentationersusemplate-basedMore
fundamentato the architecturadistinctionwe pro-
pose,the processingof an utteranceand generat-
ing an appropriateresponsamay proceedwithout
full processingyy the Dialogue Managementom-

ponent:informationgleanedrom an utterancewill
alwaysbepassedipto the DialogueManagerbut to
ensurdimely responseganappropriateesponsenay
be produceddirectly from a low-level component.
Otherprocessemcludedattheinteractionlayerde-
tect non-communicatie information, suchas gaps
or delaysin the users speech.

Figure? illustratesvariousaspect®f the speci c
two-level architecturave aredeveloping. Thelower
level interfacesdirectly with the userand, impor
tantly, is drivenby this interaction.For examplethe
low level includesa Turn Managerwhich manipu-
latesthe speectthanneko ensurehat:

userinputs are respectedvithout interruption
(exceptwhennecessary);

turnpasseso theappropriatgarticipantpased
onthehighestpriority Agendaitem andthe di-
aloguemove thatgenerated;

generatedutputsarenaturalandtimely;

recognized user inputs are acknavledged
quickly usingsimplefeedbackutterances.

Theupperlevel is responsibldor modelingother
aspectsof the corversationalcontet, as well as
communicaite goals and intentions. The con-
tent (i.e. logical forms) of userutterancesare pro-
cessedusing the dialoguemodel (e.g. updatesand
addingnodesto the DialogueMove Tree(Lemonet
al., 2002b)),and systemutterancesre constructed
which arein line with the systems communicatie
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goalsandintentions,whetherthey beimpartingin-
formationto the useror requestingclari cation or
furtherinformation.

Thehigherlevel alsointeractswith therestof the
agentarchitecture mediatedby an Activity Model
(i.e. a representatiorof the agentactvities about
which dialoguemay occur(Gruenstein2002)).The
agentmay wish to communicateats own goals,the
progressof its actwities, or reporton ary obsera-
tionsit makesregardingits ervironment.

As with multi-layered agent architectures,the
two levels operatesemi-autonomoushand asyn-
chronously: the lower level is driven by tight in-
teraction with the user while the upper level is
driven by longerrange communicatre goalsfrom
its actiities andresponseso userutterancesHow-
ever, varioustypesof informationexchangeconnect
the two levels. For instance,user utterancegec-
ognizedat the lower level must clearly be passed
to the content-managemetdvel to be parsedand
thenincorporatedinto the dialoguecontet, while
high-level communicationgoalsmustbe passedo
the lower level's OutputAgendafor generatiorand
speech-synthesis.

The OutputAgendaplaysa crucialrole in medi-
ating utterancego be communicatedwhetherthey
besystem-initiatear responsesndgeneratedrom
the planneror a low-level component. The Output
Agendais a prioritizedlist, whereanutterances pri-
ority is in uenced by a numberof factors,suchas:
whetherit is in responsdo an error or misunder

standing(i.e. “Pardon”);theimportanceof thecom-
municatve content(i.e. anurgentobsenration); and
thedialoguemovethatgenerated (e.g.answeringa
qguestion).The Agendarunsasynchronous)yaggre-
gatingmultiple utterancesvhenappropriateaswell

asin uencing speakr turn (seebelow).

Of perhapsgreaterinterest,the interactionlevel
can be usedto monitor user engagementnd at-
tention in other ways — e.g. time betweenutter
ancesspeakingate,useof speechllers — to de-
tect potentialproblemsas soonas possible,andto
provide early warningto the contentlayer that the
usermay have, for example, misunderstoodsome
instruction. This canbe usedto generatea clari -
cationor groundingsub-dialoguein orderto estab-
lish mutual understandindefore proceeding(thus
improving robustnes®of the systemasawhole).

Corversely expectationsat the upperlayer can
in uence processin@ttheinteractionlayer: for ex-
ample,openpoints of attachmenbn the Dialogue
Move Treerepresentypesof utteranceshe system
expectsfrom the user andtheseare usedto prime
the recognition of incoming utterancesfor faster
processingaswell asin uencing theturn.

In engineeringterms, this division of labouris
attractve in thatthe clarity and modularity of dia-
loguemanagemeris enhancedRatherthancon at-
ing, for example, turn-managemenwith utterance
planningin a singlegeneratiorcomponenbf a dia-
logue system the separationnto multiple levels of
processingllows differentturn-takingandutterance



planning stratgies to be developedindependently
andvariouscombinationgo be experimentedvith.

In therestof the paper we discussour dialogue
managemerdrchitecturand,in particular thetech-
niquesemplo/edsofar ateachof thetwo levelsde-
scribedhereto enhanceiserexperienceandimprove
overall systemperformanceThecurrentimplemen-
tation basedon the above architectureas still being
re ned; we focuson the featuresthat have already
beenimplemented.

4 Top-Level Context Management

Theapproacho dialoguemodelingwe have imple-
mentedis basedon the theory of dialogue games
(Carlson,1983;Power, 1979),and,for task-oriented
dialogues,discouse sgments(Grosz and Sidner
1986). Theseaccountgely on the obseration that
answergenerallyfollow questionscommandsare
usuallyacknavledged,andsoon, sothatdialogues
canbepartially describedasconsistingof adjacency
pairs of suchdialoguemoves. Thenotionof “attach-
ment” of dialoguemoveson a DialogueMove Tree
(DMT) (Lemonetal., 2002b)embodieghisidea.

An Activity Treerepresent$ierarchicalandtem-
poral information about the task-stateof the dia-
logue. Activities arethe joint tasksmanagedy the
dialogue:e.g.bookinga ight or moving arobot—
again,see(Lemonet al., 2002b)for details. Nodes
ontheActivity Treecanbein variousstateqactive
completefailed, ), andary changdan the stateof
anode(typically becausef anactionby the agent)
is placedonto the system$ Output Agendafor po-
tential verbal reportto the user via the low-level
messageelectionandgeneratiormodule.

This level of the architecturds wherecorversa-
tion planningandgeneratiorof system-initiatedop-
ics occur Any plannedcommunication(whetherit
be system-initiatedor in responseo a user utter
ance)is put on to the Output Agenda,whereit is
scheduledor generatiorf. Corversely true ground-
ing — i.e. acknavledging that an utteranceis un-
derstoodwithin the context of the restof the dia-
logue— only occursaftertheutterancéhasbeenin-
terpretedwith respectto the DMT. Sincea simple
acknavledgmentmay alreadyhave beengenerated

4The orderin which outputsaregeneratedor evenwhether

they endup generateatall, dependon the priority of the cor
respondingnformationaswell otherinteractionswith the user

after recognition,outputafter interpretations only
neededf aresponsés required(e.g.the userasled
aquestion)or if aproblemis detectede.g.anam-
biguity mustberesolhed).

Sincesystemcommunicatiornis plannechere this
layeris alsothe onethatinteractswith therestof the
agentarchitecture:ary goals,state-changesr ob-
senationsthatthe agentmay wish to communicate
areaddedascommunicaitre goals,typically via the
Activity Model. For command-and-contra@pplica-
tions(e.g.guidingarobotor UAV), system-initiated
utterancegend to be fairly short and simple and
corversation-planing is minimal; however, for our
dialogue-enabledutorial application(Clark et al.,
2001), corversation-planimg is quite complex and
thesystemmaygeneratenultiple, relatvely long ut-
terance®n its own initiative.

5 Low-level Conversation Management:
Maintaining the Communication
Channel

We currentlyemploy a rangeof shallav processing
techniqueso maintaina smoothinteractionwith the
humandialogueparticipant. By “shallowv process-
ing” we meanprocessinghat doesnot necessarily
resultin or concernitself with the semanticrepre-
sentatioror pragmatidnterpretatiorof theutterance
in thecontet of thedialogue.In particular informa-
tion atthislevelis notprocesseth thecontext of the
DialogueMove Treeor the Activity Tree.

In thefollowing, we describeanumberof thelow-
level processingechniquescurrently implemented
in our system Futurework will addressnoreof the
interactionphenomenaescribedearlier

5.1 Case study 1: Helper Feedback

In casesvhereauserutterances notrecognizedthe
input is passedo a statisticalrecognizerof wider
coverage. This recognizeris often able to detect
lexical items and grammaticalstructuresin the in-

putthatarenotcoveredby the rst (grammatbased)
recognizer In thesecasesthe resultsof the second
recognitionpassare usedto inform the userof the
systems shortcomingsfor example: “The system
heardyou say "Look aroundfor a red car', but the
systermdoesnotknow theword “around'. You could

say Look for aredcar'".



Noneof theseautterancess plannedor represented
at the top level of dialoguemanagementThey are
producedsimply to inform the userof a communi-
cationbreakdevn andto try to keepthe communi-
cation o wing. If theuserwereto indulgein meta-
dialogueaboutthe help messagethenthatmessage
would needto berepresenteth the high-level con-
text. However, we presenthehelpmessagasbeing
generatedy a different“helper” agent,which dis-
appeargfrom the GUI) assoonasthe helpmessage
is producedthusdiscouraginghe userfrom engag-
ing it in dialogue.

Usertestshave shavn thattheuseof thislow level
module(which canbeinstalledindependentlpf the
high-level dialoguemanageryigni cantly improves
taskcompletion(bothpercentagef taskscompleted
andtime taken). By the fth task, 100% of users
with thehelpercompletedhetaskascomparedvith
80% of thosewithout, andthosewithout the helper
took on average53% longerto completethe tasks.
For full detailsof the evaluationsee(Hockey etal.,
2003).

5.2 Case study 2: Turn Taking

Herewe usea turn-marler at the low-level of dia-
logue processing.The turn canbe marked asuser
systenmor none andis setin a variety of ways. If
theuserbeginsto speak(start-of-speechignalis re-
ceived from the recognizer)}the turn becomesuser
andary systemaudiooutputis stopped.If the sys-
tem needsto take the turn (e.qg. if it hasurgentin-
formationit needsto communicate)but turn is set
to user, andtheuseris not speakingthe systemwill
output“Justa moment”andso take the turn before
generatingts requiredutterance. Again, note that
this turn-grabbingutterances not plannedor repre-
sentedat the top-level of dialoguemoves. It does
not needto enterinto suchhigh-level plansor rep-
resentationdecausat is requiredonly in orderto
manipulateand maintainthe channel,anddoesnot
carryary contentof its own.
Thedemonstratiosystemdisplaysa turn marker
on the GUI, allowing obserers to monitor the
changingpossessionf theturn.

5.3 Case study 3: Incremental aggregation

Aggregation (Appelt, 1985) combinesand com-
pressesitteranceso make themmoreconciseavoid

repetitiouslanguagestructure,and make the sys-
tem's speechmorenaturalandunderstandablever
all. In our system,this processis carried out not
at the level of contentplanning, but at the lower
level of processingwherecontentiogical formsare
manipulatedpossiblycombinedandconvertedinto
stringsfor speechsynthesis. Indeed,it is impor
tant that aggreation functions at this lower level,
because¢he processieedsaccesdo:

themessagéo beuttered(A),
whathasjust beensaid(B),

whatis to be saidnext (C),

andtheprecisesurfaceform of B is only represented
at the low-level. High-level processingonly plans
the contentof the utteranceto be generatedand
passest dowvn, andso cannotdeterminethe details
of the eventualsurfaceform of the generateditter
ance.

Aggregationtechniqueson a prewritten body of
text combineand compressentenceshat have al-
readybeendeterminedand ordered. In a comple
dialoguesystemhowever, aggreation should pro-
ducesimilarly naturaloutput, but mustfunctionin-
crementallybecauseitterancesregeneratedn the
y . In fact,whenconstructingan utterancewe often
have no information aboutthe utteranceghat will
follow it, andthusthe bestwe cando is to com-
pressit or “retro-aggregate” it with utteranceghat
precededt (seetheexamplebelov). Only occasion-
ally doesthe OutputAgendacontainenoughunsaid
utteranceso performreasonablépre-aggrgation”.

At the low-level of processingthe generatore-
ceives an item (on the Output Agenda)to be con-
vertedinto synthesizedgspeech. This item consists
of a dialoguemove type along with somecontent
(e.g.wh-answer, location(tower) ).

Each dialogue move type (e.g. report, wh-
guestionwh-answey hasits own aggreationrules,
storedin theclassfor thatlogical form (LF) type.In
eachtype, rulesspecifywhich otherdialoguemove
types can aggr@ate with it, and exactly how ag-
gregationworks. The rules note identical portions
of LFs andunify them,andthencombinethe non-
identicalportionsappropriately

For example,the LF thatrepresentshe phrase'l
will 'y to thetower andl will land at the parking



lot”, will beconvertedto onerepresentingl will y
to the tower andland at the parkinglot” according
to thecompressiomules. Similarly, “ will y tothe
tower and y to the hospital” getscorvertedto “I
will y tothetowerandthehospital”.

In contrastthe“retro-aggrgation” rulesresultin
sequencesf systemutterancesuchas,

Sys: | have cancelled flying to the base
Sys: and the tower
Sys: and landing at the school

Again, this processhappen®nly at the low-level
processingstageof contentrealization,and needs
no accessto the high-level representationsf di-
alogue structure, history and plans. A separate
threadrunning in the Output Agenda component
asynchronouslperformsaggregationasneededgnd
appropriate.

5.4 Case study 4: Choosing NPs

Anotherlow-level processn utteranceealizationis
choosingappropriateNPs — anaphoricexpressions
suchas“it” or “there”, or NPswhich “echo” those
alreadyusedby thehumanoperator Again, thisrou-
tine doesnot needaccesgo the high-level dialogue
managementepresentationdyut only to the list of
NPsemploredin the dialoguethusfar (the Salience
List).

Echoingis achieved by accessinghe Salience
List wheneer generatingeferentialterms,andus-
ing whatever noun-phras€if ary) the userhaspre-
viously emplogyedto referto the objectin question.
Anaphoricphrasesare generatedvheneer the ref-
erenceobjectis the sameasthe oneatthetop of the
SalienceList.

Asin thecaseof aggr@ation,thetoplevel content
generatioralgorithmdoesnot managehe detailsof
utterancerealization— this is betterhandledat the
instantthat the contentlogical form is to be trans-
latedinto a stringfor the speechsynthesizerOther
wisethetop level would haveto replanutterancesif-
ter every interveningdialoguemove. This example
shaws how respectinghe multi-level architecturas
desirabldrom anengineeringpoint of view.

6 Current Implementation and Further
Possibilities

An initial versionof theCSLI dialoguesystenmbased
onthedescribedarchitecturdnasbeenimplemented,
andis ableto engagen conversationsuchasillus-
tratedin Figure3.

The systemhasbeenappliedto both command-
and-controblndtutorial applicationsthisis of inter
estsincetheformergenerallyinvolvesuserinitiated
conversationswhile in the latter, cornversationtends
to be system-initiated. The Output Agenda me-
diatesby handling both standardiogical forms or
generation-templates.

Only asmallnumberof theinteraction-lgel phe-
nomenathat arisein human-humardialogue have
beenimplementedbut we believe anumberof them
could be treatedwithin our framework. For in-
stanceprocesseatthelowerlevel coulddetectmis-
communicatiorandchannebreakdan, andsenda
requesto thetop level to replanthelong-rangalia-
loguestratgy. Thisis particularlyrelevantin thetu-
torial setting wherelow-level processesoulddetect
problemswith user attention and responsieness,
and prompta switch to a differenthigh-level strat-
egy. Particularlyimportantfor safety-criticalappli-
cationsput of generalise wouldbelow-level moni-
toring of channehoiseandotherervironmentalfac-
tors suchasusergesturesandgaze. Again, certain
combinationsof theseinputswould have high-level
consequence®r interpretationand dialogueplan-
ning.

Recentwvork makesuseof Icarus(Shapiro2001),
areactve planningsystenmthatlearnsandadaptso
userbehaior, to covertiming andrealizationof sys-
temturnsaswell ashandlingdelaysin the userin-
put. In future, we anticipatethat this will allow,
for instance,turn-takingfacilities to be more eas-
ily adaptedaspersonalitie®r situationsrequire:for
example afternoticinga particulareventthesystem
may be more likely to interrupta spealer, or may
adaptto becomdessproneto interruptionwhenin-
teractingwith aspeakrwhorespondgoorlyto sys-
tembaige-in.

7 Conclusion

We have presentedvidencefrom thepsycholinguis-
tic literature that demonstrateshe importanceof



Figure3: DemonstratiorsystemNovember2002

Utterance

Dialogue Move

Operator(O): Fly aroundthesdool

to theschool”

O: Fly to thesdool

Robot(R): OK.

O: Thenpick up themedicalsuppliesat thehospital
R: OK. Wait a minute

R: | amsupposedo always y high

R: Shalll y tothehospitalat low altitudeanyway?

O: Yes.Do it anyway

R: OK. Wait a minute

R: Theeisa r eatthetower

R: 1 am ying to thehospital

O: Why?

R: Becausdé ampicking up the medicalsup
O: Stopthat.

R: OK. | havecancelledying ther

O: Fightthe r e at thetower

R: OK. | am ying tothelake

O: Whyare youdoingthat?

R: Becausd ampicking up waterthere.

Helper(H): | head yousay“Fly aroundthe school” but the
systendoesnot knowtheword “ar ound”. You couldsay*y

Command
Helperfeedback

Command

Con rmation

Take turn, Command

Con rmation, Systemgrabturn
ReportGlobal Constraint
Negotiateconstraintrelaxation,Re-
leaseTurn

Yn-Answer

Con rmation, Systemgrabturn
Reportobseration
ReportCurrentActivity
Why-questionReleasdurn
Why-Answer Userbage-in
CommandBarge-in)

Con rmation, ReportActivity State,
AnaphoricNP

Command

Con rmation, ReportActivity State
Why-questionReleasdurn
Why-Answer AnaphoricNP

interaction-lgel phenomenan dialogue. Phenom-
enasuchas llers, timing, and feedbackmust be
dealtwith properlyandin a timely manner;other

wise, the interactionand even the collaboratve ac-
tivity beingperformedmaybeadwerselyaffected.

Our approachs to cleanly separatehe architec-
ture of dialogue systemsto provide for an asyn-
chronoudayerthatis designedo handleinteraction
signalsanalogouslyo agent/robogrchitectureshat
includealayerto managenteractiorwith adynamic
environment.Thisallows processingutsidethefull
contet of adialoguehistorywhenrequiredfor pro-
cessingspeedwhile allowing the context to still in-

uence suchprocessewhenable.

A systemhas beenimplementedbasedon this
architecture,containinga rangeof low-level pro-
cessesyhichwe have describederein somedetail:
shallov-helperfeedback;turn-managementggre-
gation; NP selection. Currentwork is directedto-

wards incorporatingtechniqueso managefurther
phenomena—suchs predictorsof uncertaintyand
lossof attention—inbothcommand-and-contraind
tutoringapplications.

Acknowledgements

Thisresearchvaspartially supportedy the Wallen-
beig Foundations WITAS project, Linkdping Uni-

versity Swedenandby grantnumberN00014-02-
1-0417from the Departmenbf the US Navy. The
dialoguesystemwasimplementedvhile the rst au-
thorwasemplog/edat CSLI, StanfordUniversity

References

James F. Allen, Bradford W. Miller, Eric K. Ringger, and
Teresa Sikorski. 1996. A robust system for natural
spoken dialogue. In Proceeding®f ACL.

James Allen, George Ferguson, and Amanda Stent. 2001.
An architecture for more realistic conversational sys-



tems. In Proceedingsof Intelligent User Interfaces
2001 Santa Fe, NM.

Jens Allwood. 1995. An activity based approach to prag-
matics. In Gothenlurg Papersin Theoetical Linguis-
tics 76, Dept. of Linguistics, Uni. of Géteborg.

Douglas E. Appelt. 1985. Planning english referring ex-
pressions. Arti cial Intelligence26(1):1 - 33.

J. B. Bavelas, L. Coates, and T. Johnson. 2000. Listeners
and co-narrators. Journal of Personality and Social
Psydology, 79:941-952.

Lauri Carlson. 1983. Dialogue Games:An Approad to
DiscouiseAnalysis D. Reidel.

Herbert H. Clark and Jean E. Fox Tree. 2002. Using uh
and umin spontaneous speaking. Cognition, 84:73—
111.

Brady Clark, John Fry, Matt Ginzton, Stanley Pe-
ters, Heather Pon-Barry, and Zachary Thomsen-Gray.
2001. Automated tutoring dialogues for training in
shipboard damage control. In Proceedingof SIGdial
2001

Herbert H. Clark. 1996. Using Language. Cambridge
University Press.

George Ferguson and James Allen. 1998. TRIPS: An in-
telligent integrated problem-solving assistant. In Pro-
ceedingsl5thNational Confeenceon Arti cial Intel-
ligence(AAAI-98) pages 567-573, Madison, WI.

James Firby. 1994. Task networks for controlling con-
tinuous processes. In Proceeding2nd Int'l Conf on
Al PlanningSystemgpages 49-54.

A. C. Graesser, N. K. Person, and J. P. Magliano. 1995.
Collaborative dialogue patterns in naturalistic one-to-
one tutoring. AppliedCognitive Psydology, 9:1-28.

Barbara Grosz and Candace Sidner. 1986. Attentions,
intentions, and the structure of discourse. Computa-
tional Linguistics 12(3):175-204.

Alexander H. Gruenstein. 2002. Conversational inter-
faces: A domain-independent architecture for task-
oriented dialogues. Masters thesis, Computer Science
Department, Stanford University.

Beth-Ann Hockey, Oliver Lemon, Ellen Campana, Laura
Hiatt, Gregory Aist, Jim Hieronymus, Alexander Gru-
enstein, and John Dowding. 2003. Targeted help for
spoken dialogue systems: intelligent feed back im-
proves naive users’ performance. In Proceeding€u-
ropeanAssoc.for ComputationalLinguistics (EACL
03).

Oliver Lemon, Alexander Gruenstein, Alexis Battle, and
Stanley Peters. 2002a. Multi-tasking and collabo-
rative activities in dialogue systems. In Proceedings
of 3rd SIGdial Workshopon Discouiseand Dialogue
pages 113 — 124, Philadelphia.

Oliver Lemon, Alexander Gruenstein, and Stanley Pe-
ters. 2002b. Collaborative activities and multi-tasking
in dialogue systems. TraitementAutomatiquedes
LangueqTAL), 43(2):131 — 154. Special Issue on Di-
alogue.

Jorge P. Miiller. 1996. TheDesignof IntelligentAgents—
A Layered Approad. Springer Verlag, Heidelberg,
Germany.

Martin Pickering and Simon Garrod. 2003. Toward a
mechanistic psychology of dialogue. Brain and Be-
havioral Scienceto appear.

Richard Power. 1979. The organization of purposeful
dialogues. Linguistics 17:107-152.

Daniel Shapiro. 2001. Value-drivenagents Ph.D. thesis,
Department of Management Science and Engineering,
Stanford University.

Jan van Kuppevelt, Ulrich Heid, and Hans Kamp. 2000.
Best practice in spoken language dialogue system en-
gineering. Natural Languaje Engineering6.

Wolfgang Wahlster. 2002. SmartKom: fusion and fission
of speech, gestures, and facial expressions. In Pro-
ceedingsof the 1st International Workshopon Man-
Machine SymbioticSystemspages 213-225, Kyoto,
Japan.

N. Ward and W. Tsukahara. 1999. A responsive dialog
system. In Y. Wilks, editor, Machine Corversations
pages 169-174. Kluwer.



