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Abstract

We presentevidencefor the importance
of low-level phenomenain dialogue in-
teraction and use this to motivate a
multi-layeredapproachto dialoguepro-
cessing. We describe an architecture
that separatescontent-level communica-
tive processesfrom interaction-level phe-
nomena(such as feedback, grounding,
turn-management),andprovide detailsof
speci�c implementationsof a numberof
suchphenomena.

1 Introduction

Realdialoguebetweenhumanparticipantsinvolves
phenomenathat do not so much contribute to the
contentof communicationas relatedirectly to the
interactive processbetweenthe participants. This
includesturn management,providing feedback,ut-
terance�llers, errorandfalse-startmanagement,and
utterancetiming.

Recentwork on dialogueand natural language
processingin generalhasacknowledgedthe pres-
enceof suchphenomenain naturalspeech,and in
somecasestheimportanceof its role in dialoguein-
teraction. However, treatmentof suchphenomena
hasgenerallybeenpart of the standardprocessing
model; for example,someparsersareable to han-
dle �llers suchas“um”, while recentversionsof the

TRIPSsystem(Allen et al., 2001)usesincremental
parsingandothertechniquesto handlearangeof re-
latedphenomena.

We believe that greater focus on “interaction
level” phenomenais appropriateand will lead to
bene�ts in building dialoguesystemsfor more ro-
bust naturalinteraction. In this paper, we outline a
two-layerarchitecturefor dialoguesystems,where
onelayerusesarangeof “shallow” processingtech-
niquesto maintainasmoothinteractionbetweenthe
dialogueparticipants.

1.1 Managing interaction

The inspiration for a cleanseparationinto a two-
layer architecturecomesfrom two sources. Clark
(1996)distinguishesbetweentwo separatecommu-
nication tracks,which he calls communicativeand
meta-communicative. Thesearesimultaneouslyoc-
curring communications,the �rst dealingwith the
information at hand, and the other relating to the
performanceitself. Dialogueparticipantsusewhat
Clark refersto assignalsto referto theperformance
itself: e.g. timing, delays,re-phrasing,mistakes,re-
pairs,etc.1

A secondmotivation is work on architecturesfor
robotsand autonomousagentsembeddedin com-
plex, dynamic, unpredictableenvironments. Sev-
eral researchersin this areahave arguedfor multi-
layeredarchitecturesfor agentsthat planactionse-
quencesto achieve somegoal or task,but needto
react quickly to changein the environment (e.g.

1Clark's distinctiondoesnot necessarilycarryover directly
to thedesignof a dialoguesystemarchitecture,but it motivates
focuson thelow-level communicationchannel.



(Firby, 1994;Müller, 1996)). In sucharchitectures,
the role of the bottomlayer is to monitor the envi-
ronmentand initiate appropriateactionswithin the
broadercontext of the goal-directedplan, which is
providedby thehigherlayerof thearchitecture.The
layers operateindependentlyand asynchronously,
but communicateasnecessary:e.g.goalsandplans
arepasseddown to theexecutionlayer, while obser-
vationsor problems(which maytriggerreplanning)
arepassedup to theplanninglayer.

We view the processof natural interactionwith
a dialogueparticipantas analogousto the interac-
tionwith adynamicenvironment:dialoguephenom-
ena arise which needto be negotiated(as a new
obstaclemustbe avoided by a robot). In the case
of a humanuser involved in activity-orienteddia-
logue, timelinessis particularly importantin order
to keeptheuserengagedandfocussed—otherwise,
performanceof the joint activity may be adversely
affected.In particular, dialogic interactionis a con-
tinuousprocesswhichcannotbebrokenwithout the
risk of somebreakdown: signal-level phenomena
must be handledas smoothlyas possible,without
necessarilyresortingto content-level processes,in
orderto maintainatight interactionbetweenthepar-
ticipants.

1.2 A multi-layered architecture

Motivatedpartially by someof the sameissueswe
discusshere,Allen et al. (2001)describea new ar-
chitecturefor their TRIPS systemthat breaksdia-
loguemanagementinto multipleasynchronouscom-
ponents.Weconcurwith theirconcernsbut focuson
adifferentarchitecturalshift.

We outline below an architecture that sepa-
ratesinteraction-focussed techniquesfrom context-
managementandconversationplanning. An initial
versionof thearchitecturehasbeenimplementedat
theCenterfor theStudyof LanguageandInforma-
tion (CSLI) at StanfordUniversity.

This breakdown into separatearchitecturallevels
is analogousto themulti-level agent/robotarchitec-
tures.However, many of thesamemotivationsper-
tain, especiallythoserelatedto designconsidera-
tions (e.g. separatingdifferenttypesof phenomena
into different layers)and performance(e.g. high-
level planningfrom low-level executionand mon-

itoring running in parallel2). Further, the manner
in which Müller and Firby's systemshandlereac-
tive tasks(e.g. obstacleavoidance,objecttracking,
etc.) completelyat the low-level whenever possible
re�ects ourview of how certaindialogueinteraction
phenomenaarebesthandled.Much like thesesys-
tems,dialoguecommunicative goalsare produced
at the higher level and imposedas constraintson
the lower-level. Environment-level processes�ll in
the detail of thesegoalsand handlecontingencies
which may otherwiseprevent the achievementof
thesegoals.

A numberof interaction-managementtechniques
arepresentin thecurrentimplementation,including:

� A back-uprecognitionpass,using statistical
processingto extendgrammar-basedcoverage
and provide immediateuser “help” feedback
for unrecognizedutterances(Hockey et al.,
2003);

� Turn management—timingof systemoutputis
governedbymonitoringthespeechchanneland
the (prioritized) agendaof speechoutputs. If
thesystemneedto taketheturn,it grabsit using
only low-level processing;

� Handlinguserbarge-in—userspeechinterrupts
systemoutputandautomaticallygrabstheturn;

� Immediate Grounding of recognized com-
mands(e.g.systemsays“OK” immediatelyaf-
ter recognizingtheuser:“�y to thetower”);

� NP selection— choosinganaphoricor salient
noun-phrasesat thepointof generation;

� Incrementalaggregation of system-generated
utterances— appropriatelycondensingand
forming elliptical systemoutputat thepoint of
generation.

While this accountsfor only a small number of
signals that arise during natural dialogue, the ar-
chitecture provides a framework for incorporat-
ing further techniques—inparticular, usingshallow

2Note: we are talking aboutvery differentparallel threads
herethanthosewhich occurin multi-modalfusion,suchasoc-
cursin theSmartKom(Wahlster, 2002)system.



processing—formakinguseof suchsignalsto pro-
vide more naturaland robust interactionsbetween
dialoguesystemsandhumanparticipants.

In thenext section,wedescribework from thelin-
guistic andpsychologyliteraturethat demonstrates
the importanceof asynchronousinteraction-level
processing.In Section3, we proposea speci�c ar-
chitecturethat provides a framework for integrat-
ing variousprocessesfor channel-management.In
Sections4 and5, we describespeci�csof theCSLI
implementation,outlining �rst themoreabstractdi-
aloguemanagementlayer, followed by techniques
employed at the interactionlayer. In Section6, we
discussfurtherpossibilitiesandin Section7 wecon-
clude.

2 The Importance of Channel Phenomena

Thestandardprocessingmodelfor dialoguesystems
involvesa sequenceof modulesfrom speechrecog-
nition to speechsynthesis,asillustratedin Figure1,
which essentiallyillustrates(a simpli�cation of) the
originalTRIPSarchitecture,asdescribedin (Fergu-
sonandAllen, 1998).Typically, eachmoduleisself-
containedandrelatively independentof othermod-
ules.

Recent�ndings in the psycholinguisticliterature
have suggestedvariousshortcomingsof this mod-
ular approach. For example, work on alignment
indicatesthat conversationparticipants'processing
interactson multiple levels, contravening the strict
modularmodel(PickeringandGarrod,2003). This
is oneof the considerationswe addressbelow, but
we areprimarily concernedwith other interaction-
level phenomena.

One of our prime motivationsfor an interaction
level processinglayer is to ensuretimely response
to interaction.Parsingandprocessingtakestime—
this canbe alleviated by incrementalparsingtech-
niques, but meta-communicationsignals typically
do not needto be interpretedandprocessedto the
sameextent as communicative utterances,and in-
steadrequireimmediateattentionthatprecludesfull
processing.

For example,researchershave looked at the use
of um anduh in conversationandfound that these
are often usedas place-holdersfor a speaker who
wantsto maintaintheirspeakingturn(ClarkandFox

Tree,2002). The detectionof �llers suchas these
generallyactsto inhibit (to someextent)thelistener
from interruptingor takingtheturn from thecurrent
speaker. Hence,not only shouldsuchdiscontinu-
ities not beignoredbut they mustalsobeprocessed
immediatelyin orderto maintaintheongoinginter-
action.

Conversely, listenersalso usewhat is known as
back-channelfeedback to indicateto thespeaker that
they are listening and paying attention. For En-
glish,back-channelsincludeuh-huh, mhmandyeah.
Back-channelsdiffer from other devices used to
keepa conversation�o wing, suchasrepetitionsand
collaborative �nishes, in that they tend to be non-
speci�c to the currentutterance. Moreover, back-
channelfeedbackis often producedwithout think-
ing, in responseto simpleprosodiccluessuchasa
speaker pause,a loweringof speaker pitch,or a rise
in speaker intonation(WardandTsukahara,1999).

Most importantly, however, back-channelfeed-
back is important to the speaker.3 Bavelas et al.
(2000)investigatedhow a speaker in a conversation
(in this casesomeonenarratinga story) is affected
when listenerresponsesare inhibited. They found
that speakers with distractedand unresponsive lis-
tenersdid not �nish theirstorieseffectively, measur-
ably falteringatwhatshouldhavebeenthedramatic
ending.Speakersneededaninterlocutor's feedback
to beableto maintain�uency andcontinuethedia-
logueeffectively. Bavelaset al alsofound that re-
sponselatency in one-on-oneconversationsis ex-
tremely short and may be simultaneous:listeners
canprovideback-channelswithout fully listeningto
the conversationpartnerandwithout beingrespon-
siblefor takingup aspeakingturn.

Theseresultsindicatethat the natureof interac-
tion betweenparticipantsis crucialto thecollabora-
tiveactof dialogue—signalsandfeedbackthatcarry
effectively no communicative contentare still im-
portantfor keepingtheinteractionsmoothandto en-
surethattheparticipantsstayattentive andfocussed
onthetaskathand.Whenthedialoguetaskinvolves,
say, a humanuserbeing guidedthrougha safety-
critical activity by an automatedsystem,thensuch
issuesareof particularimportance.

3All wood(1995)refersto suchfeedbackmorphemesasthe
mostimportantcohesiondevice in spokenlanguage.
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Figure1: TraditionalDialogueSystemArchitecture

Conversely, communicative behavior contains
signals regarding a participant's 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 their responses.
For example,phenomenasuchastiming betweenre-
sponses,hesitancemarkers, and intonationcan all
be implicit cluesthata studentis having a problem
(Graesseretal., 1995).

3 A Two-Level Architecture

Thetraditionalarchitecturefor dialoguesystemsba-
sically involves a linear approachto processing,as
illustratedin Figure1. In this standardarchitecture,
modulestendto be self-containedandonly loosely
dependent. Evidenceoutlined above, particularly
that relatedto alignment,suggeststhat this tightly
encapsulatedapproachwill dealpoorly with the in-
teractivenatureof realdialogue.Allen etal's (2001)
revisedTRIPSarchitectureintroducesa morenon-
linear approachto dialogueprocessing,with asyn-
chronousprocessesmanaginginterpretation,gener-
ation,andinterfaceto behavioral aspects.

We augmentthe TRIPSapproachby combining
multiple processesfor interpretingutterances(e.g.
structuredparsingversusstatisticaltechniques)and
for generatingresponses(e.g. generationfrom se-
manticrepresentationversustemplate-based).More
fundamentalto thearchitecturaldistinctionwe pro-
pose,the processingof an utteranceand generat-
ing an appropriateresponsemay proceedwithout
full processingby the DialogueManagementcom-

ponent:informationgleanedfrom anutterancewill
alwaysbepassedupto theDialogueManager, but to
ensuretimely response,anappropriateresponsemay
be produceddirectly from a low-level component.
Otherprocessesincludedat theinteractionlayerde-
tect non-communicative information, suchas gaps
or delaysin theuser's speech.

Figure2 illustratesvariousaspectsof thespeci�c
two-level architecturewearedeveloping.Thelower
level interfacesdirectly with the userand, impor-
tantly, is drivenby this interaction.For examplethe
low level includesa Turn Managerwhich manipu-
latesthespeechchannelto ensurethat:

� userinputs are respectedwithout interruption
(exceptwhennecessary);

� turnpassesto theappropriateparticipant,based
on thehighestpriority Agendaitem andthedi-
aloguemove thatgeneratedit;

� generatedoutputsarenaturalandtimely;

� recognized user inputs are acknowledged
quickly usingsimplefeedbackutterances.

Theupperlevel is responsiblefor modelingother
aspectsof the conversationalcontext, as well as
communicative goals and intentions. The con-
tent (i.e. logical forms) of userutterancesarepro-
cessedusing the dialoguemodel (e.g. updatesand
addingnodesto theDialogueMove Tree(Lemonet
al., 2002b)),andsystemutterancesareconstructed
which arein line with the system's communicative
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Figure2: SystemArchitecture

goalsandintentions,whetherthey be impartingin-
formation to the useror requestingclari�cation or
furtherinformation.

Thehigherlevel alsointeractswith therestof the
agentarchitecture,mediatedby an Activity Model
(i.e. a representationof the agentactivities about
whichdialoguemayoccur(Gruenstein,2002)).The
agentmay wish to communicateits own goals,the
progressof its activities, or reporton any observa-
tionsit makesregardingits environment.

As with multi-layered agent architectures,the
two levels operatesemi-autonomouslyand asyn-
chronously: the lower level is driven by tight in-
teraction with the user, while the upper level is
driven by longer-rangecommunicative goals from
its activities andresponsesto userutterances.How-
ever, varioustypesof informationexchangeconnect
the two levels. For instance,userutterancesrec-
ognizedat the lower level must clearly be passed
to the content-managementlevel to be parsedand
then incorporatedinto the dialoguecontext, while
high-level communicationgoalsmustbe passedto
the lower level's OutputAgendafor generationand
speech-synthesis.

TheOutputAgendaplaysa crucial role in medi-
ating utterancesto be communicated,whetherthey
besystem-initiatedor responses,andgeneratedfrom
the planneror a low-level component.The Output
Agendais aprioritizedlist, whereanutterance's pri-
ority is in�uenced by a numberof factors,suchas:
whetherit is in responseto an error or misunder-

standing(i.e. “Pardon”);theimportanceof thecom-
municative content(i.e. anurgentobservation);and
thedialoguemovethatgeneratedit (e.g.answeringa
question).TheAgendarunsasynchronously, aggre-
gatingmultiple utteranceswhenappropriateaswell
asin�uencing speaker turn (seebelow).

Of perhapsgreaterinterest,the interactionlevel
can be usedto monitor user engagementand at-
tention in other ways — e.g. time betweenutter-
ances,speakingrate,useof speech�llers — to de-
tect potentialproblemsassoonaspossible,and to
provide early warning to the contentlayer that the
usermay have, for example,misunderstoodsome
instruction. This canbe usedto generatea clari�-
cationor groundingsub-dialogue,in orderto estab-
lish mutual understandingbeforeproceeding(thus
improving robustnessof thesystemasawhole).

Conversely, expectationsat the upper-layer can
in�uence processingat theinteractionlayer: for ex-
ample,openpoints of attachmenton the Dialogue
Move Treerepresenttypesof utterancesthesystem
expectsfrom the user, andtheseareusedto prime
the recognition of incoming utterancesfor faster
processing,aswell asin�uencing theturn.

In engineeringterms, this division of labour is
attractive in that the clarity andmodularityof dia-
loguemanagementis enhanced.Ratherthancon�at-
ing, for example, turn-managementwith utterance
planningin a singlegenerationcomponentof a dia-
loguesystem,the separationinto multiple levelsof
processingallowsdifferentturn-takingandutterance



planningstrategies to be developedindependently,
andvariouscombinationsto beexperimentedwith.

In the restof the paper, we discussour dialogue
managementarchitectureand,in particular, thetech-
niquesemployedsofar at eachof thetwo levelsde-
scribedhereto enhanceuserexperienceandimprove
overall systemperformance.Thecurrentimplemen-
tation basedon the above architectureis still being
re�ned; we focuson the featuresthat have already
beenimplemented.

4 Top-Level Context Management

Theapproachto dialoguemodelingwe have imple-
mentedis basedon the theory of dialogue games
(Carlson,1983;Power, 1979),and,for task-oriented
dialogues,discourse segments(Grosz and Sidner,
1986). Theseaccountsrely on the observation that
answersgenerallyfollow questions,commandsare
usuallyacknowledged,andsoon, so thatdialogues
canbepartiallydescribedasconsistingof adjacency
pairsof suchdialoguemoves.Thenotionof “attach-
ment” of dialoguemoveson a DialogueMove Tree
(DMT) (Lemonetal., 2002b)embodiesthis idea.

An Activity Treerepresentshierarchicalandtem-
poral information about the task-stateof the dia-
logue. Activities arethejoint tasksmanagedby the
dialogue:e.g.bookinga �ight or moving a robot—
again,see(Lemonet al., 2002b)for details. Nodes
on theActivity Treecanbein variousstates(active,
complete, failed, ����� ), andany changein thestateof
a node(typically becauseof anactionby theagent)
is placedonto the system's OutputAgendafor po-
tential verbal report to the user, via the low-level
messageselectionandgenerationmodule.

This level of the architectureis whereconversa-
tion planningandgenerationof system-initiatedtop-
ics occur. Any plannedcommunication(whetherit
be system-initiatedor in responseto a userutter-
ance)is put on to the Output Agenda,whereit is
scheduledfor generation.4 Conversely, trueground-
ing — i.e. acknowledging that an utteranceis un-
derstoodwithin the context of the rest of the dia-
logue— only occursaftertheutterancehasbeenin-
terpretedwith respectto the DMT. Sincea simple
acknowledgmentmay alreadyhave beengenerated

4Theorderin which outputsaregenerated,or evenwhether
they endup generatedat all, dependson thepriority of thecor-
respondinginformationaswell otherinteractionswith theuser.

after recognition,outputafter interpretationis only
neededif a responseis required(e.g.theuserasked
a question),or if a problemis detected(e.g.anam-
biguity mustberesolved).

Sincesystemcommunicationis plannedhere,this
layeris alsotheonethatinteractswith therestof the
agentarchitecture:any goals,state-changes,or ob-
servationsthat theagentmaywish to communicate
areaddedascommunicative goals,typically via the
Activity Model. For command-and-controlapplica-
tions(e.g.guidingarobotor UAV), system-initiated
utterancestend to be fairly short and simple and
conversation-planning is minimal; however, for our
dialogue-enabledtutorial application(Clark et al.,
2001),conversation-planning is quite complex and
thesystemmaygeneratemultiple,relatively longut-
teranceson its own initiative.

5 Low-level Conversation Management:
Maintaining the Communication
Channel

We currentlyemploy a rangeof shallow processing
techniquesto maintainasmoothinteractionwith the
humandialogueparticipant. By “shallow process-
ing” we meanprocessingthat doesnot necessarily
result in or concernitself with the semanticrepre-
sentationor pragmaticinterpretationof theutterance
in thecontext of thedialogue.In particular, informa-
tion atthislevel is notprocessedin thecontext of the
DialogueMoveTreeor theActivity Tree.

In thefollowing,wedescribeanumberof thelow-
level processingtechniquescurrently implemented
in oursystem.Futurework will addressmoreof the
interactionphenomenadescribedearlier.

5.1 Case study 1: Helper Feedback

In caseswhereauserutteranceis notrecognized,the
input is passedto a statisticalrecognizerof wider
coverage. This recognizeris often able to detect
lexical itemsandgrammaticalstructuresin the in-
put thatarenotcoveredby the�rst (grammar-based)
recognizer. In thesecases,theresultsof thesecond
recognitionpassareusedto inform the userof the
system's shortcomings,for example: “The system
heardyou say`Look aroundfor a red car', but the
systemdoesnotknow theword`around'.Youcould
say`Look for a redcar' ”.



Noneof theseutterancesis plannedor represented
at the top level of dialoguemanagement.They are
producedsimply to inform the userof a communi-
cationbreakdown andto try to keepthe communi-
cation�o wing. If theuserwereto indulgein meta-
dialogueaboutthehelpmessage,thenthatmessage
would needto berepresentedin thehigh-level con-
text. However, wepresentthehelpmessageasbeing
generatedby a different “helper” agent,which dis-
appears(from theGUI) assoonasthehelpmessage
is produced,thusdiscouragingtheuserfrom engag-
ing it in dialogue.

Usertestshaveshown thattheuseof thislow level
module(whichcanbeinstalledindependentlyof the
high-level dialoguemanager)signi�cantly improves
taskcompletion(bothpercentageof taskscompleted
and time taken). By the �fth task, 100% of users
with thehelpercompletedthetaskascomparedwith
80%of thosewithout, andthosewithout thehelper
took on average53% longer to completethe tasks.
For full detailsof theevaluationsee(Hockey et al.,
2003).

5.2 Case study 2: Turn Taking

Herewe usea turn-marker at the low-level of dia-
logueprocessing.The turn canbe marked asuser,
systemor none, and is set in a variety of ways. If
theuserbeginsto speak(start-of-speechsignalis re-
ceived from the recognizer)the turn becomesuser
andany systemaudiooutputis stopped.If thesys-
tem needsto take the turn (e.g. if it hasurgent in-
formationit needsto communicate),but turn is set
to user, andtheuseris notspeaking,thesystemwill
output“Justa moment”andso take the turn before
generatingits requiredutterance.Again, note that
this turn-grabbingutteranceis not plannedor repre-
sentedat the top-level of dialoguemoves. It does
not needto enterinto suchhigh-level plansor rep-
resentationsbecauseit is requiredonly in order to
manipulateandmaintainthe channel,anddoesnot
carryany contentof its own.

Thedemonstrationsystemdisplaysa turn marker
on the GUI, allowing observers to monitor the
changingpossessionof theturn.

5.3 Case study 3: Incremental aggregation

Aggregation (Appelt, 1985) combinesand com-
pressesutterancesto makethemmoreconcise,avoid

repetitiouslanguagestructure,and make the sys-
tem's speechmorenaturalandunderstandableover-
all. In our system,this processis carriedout not
at the level of contentplanning,but at the lower-
level of processing,wherecontentlogical formsare
manipulated(possiblycombined)andconvertedinto
strings for speechsynthesis. Indeed, it is impor-
tant that aggregation functionsat this lower level,
becausetheprocessneedsaccessto:

� themessageto beuttered(A),

� whathasjustbeensaid(B),

� whatis to besaidnext (C),

andtheprecisesurfaceform of B is only represented
at the low-level. High-level processingonly plans
the contentof the utteranceto be generated,and
passesit down, andsocannotdeterminethedetails
of theeventualsurfaceform of thegeneratedutter-
ance.

Aggregation techniqueson a prewritten body of
text combineandcompresssentencesthat have al-
readybeendeterminedandordered. In a complex
dialoguesystemhowever, aggregation shouldpro-
ducesimilarly naturaloutput,but mustfunction in-
crementallybecauseutterancesaregeneratedon the
�y . In fact,whenconstructinganutteranceweoften
have no information aboutthe utterancesthat will
follow it, and thus the bestwe can do is to com-
pressit or “retro-aggregate” it with utterancesthat
precededit (seetheexamplebelow). Only occasion-
ally doestheOutputAgendacontainenoughunsaid
utterancesto performreasonable“pre-aggregation”.

At the low-level of processing,the generatorre-
ceives an item (on the OutputAgenda)to be con-
vertedinto synthesizedspeech.This item consists
of a dialoguemove type along with somecontent
(e.g.wh-answer, location(tower) ).

Each dialogue move type (e.g. report, wh-
question,wh-answer) hasits own aggregationrules,
storedin theclassfor thatlogical form (LF) type. In
eachtype,rulesspecifywhich otherdialoguemove
types can aggregate with it, and exactly how ag-
gregationworks. The rulesnote identicalportions
of LFs andunify them,andthencombinethe non-
identicalportionsappropriately.

For example,theLF thatrepresentsthephrase“I
will �y to the tower andI will land at the parking



lot”, will beconvertedto onerepresenting“I will �y
to the tower andland at the parkinglot” according
to thecompressionrules.Similarly, “I will �y to the
tower and �y to the hospital” getsconvertedto “I
will �y to thetower andthehospital”.

In contrast,the“retro-aggregation” rulesresultin
sequencesof systemutterancessuchas,
Sys: I have cancelled flying to the base

Sys: and the tower

Sys: and landing at the school

Again, this processhappensonly at the low-level
processingstageof contentrealization,and needs
no accessto the high-level representationsof di-
alogue structure,history, and plans. A separate
threadrunning in the Output Agendacomponent
asynchronouslyperformsaggregationasneededand
appropriate.

5.4 Case study 4: Choosing NPs

Anotherlow-level processin utterancerealizationis
choosingappropriateNPs – anaphoricexpressions
suchas“it” or “there”, or NPswhich “echo” those
alreadyusedby thehumanoperator. Again,thisrou-
tine doesnot needaccessto thehigh-level dialogue
managementrepresentations,but only to the list of
NPsemployedin thedialoguethusfar (theSalience
List).

Echoing is achieved by accessingthe Salience
List whenever generatingreferentialterms,andus-
ing whatever noun-phrase(if any) theuserhaspre-
viously employed to refer to theobjectin question.
Anaphoricphrasesaregeneratedwhenever the ref-
erenceobjectis thesameastheoneat thetopof the
SalienceList.

As in thecaseof aggregation,thetoplevel content
generationalgorithmdoesnotmanagethedetailsof
utterancerealization– this is betterhandledat the
instantthat the contentlogical form is to be trans-
latedinto a stringfor thespeechsynthesizer. Other-
wisethetoplevelwouldhaveto replanutterancesaf-
ter every interveningdialoguemove. This example
shows how respectingthemulti-level architectureis
desirablefrom anengineeringpointof view.

6 Current Implementation and Further
Possibilities

An initial versionof theCSLIdialoguesystembased
onthedescribedarchitecturehasbeenimplemented,
andis ableto engagein conversationssuchasillus-
tratedin Figure3.

The systemhasbeenappliedto both command-
and-controlandtutorialapplications;this is of inter-
estsincetheformergenerallyinvolvesuser-initiated
conversationswhile in the latter, conversationtends
to be system-initiated. The Output Agenda me-
diatesby handlingboth standardlogical forms or
generation-templates.

Only asmallnumberof theinteraction-level phe-
nomenathat arise in human-humandialoguehave
beenimplemented,but webelieveanumberof them
could be treatedwithin our framework. For in-
stance,processesatthelower level coulddetectmis-
communicationandchannelbreakdown, andsenda
requestto thetop level to replanthelong-rangedia-
loguestrategy. This is particularlyrelevantin thetu-
torial setting,wherelow-level processescoulddetect
problemswith user attention and responsiveness,
andprompta switch to a differenthigh-level strat-
egy. Particularly importantfor safety-criticalappli-
cations,but of generaluse,wouldbelow-level moni-
toringof channelnoiseandotherenvironmentalfac-
tors suchasusergesturesandgaze. Again, certain
combinationsof theseinputswould have high-level
consequencesfor interpretationanddialogueplan-
ning.

Recentwork makesuseof Icarus(Shapiro,2001),
a reactive planningsystemthat learnsandadaptsto
userbehavior, to cover timing andrealizationof sys-
temturnsaswell ashandlingdelaysin theuserin-
put. In future, we anticipatethat this will allow,
for instance,turn-takingfacilities to be more eas-
ily adaptedaspersonalitiesor situationsrequire:for
example,afternoticingaparticulareventthesystem
may be more likely to interrupta speaker, or may
adaptto becomelessproneto interruptionwhenin-
teractingwith aspeakerwhorespondspoorlyto sys-
tembarge-in.

7 Conclusion

Wehavepresentedevidencefrom thepsycholinguis-
tic literature that demonstratesthe importanceof



Figure3: Demonstrationsystem,November2002
Utterance Dialogue Move
Operator(O): Fly aroundtheschool Command
Helper(H): I heard yousay“Fly aroundtheschool” but the
systemdoesnot knowtheword “ar ound”. You couldsay“�y
to theschool”

Helperfeedback

O: Fly to theschool Command
Robot(R): OK. Con�rmation
O: Thenpick up themedicalsuppliesat thehospital Take turn,Command
R: OK. Wait a minute Con�rmation,Systemgrabturn
R: I amsupposedto always�y high ReportGlobalConstraint
R: ShallI �y to thehospitalat low altitudeanyway? Negotiateconstraintrelaxation,Re-

leaseTurn
O: Yes.Do it anyway Yn-Answer
R: OK. Wait a minute Con�rmation,Systemgrabturn
R: There is a �r e at thetower Reportobservation
R: I am�ying to thehospital ReportCurrentActivity
O: Why? Why-question,ReleaseTurn
R: BecauseI ampicking up themedicalsup����� Why-Answer, Userbarge-in
O: Stopthat. Command(Barge-in)
R: OK. I havecancelled�ying there Con�rmation,ReportActivity State,

AnaphoricNP
O: Fight the�r eat thetower Command
R: OK. I am�ying to thelake Con�rmation,ReportActivity State
O: Whyareyoudoingthat? Why-question,ReleaseTurn
R: BecauseI ampicking up waterthere. Why-Answer, AnaphoricNP

interaction-level phenomenain dialogue. Phenom-
enasuchas �llers, timing, and feedbackmust be
dealtwith properlyandin a timely manner;other-
wise, the interactionandeven the collaborative ac-
tivity beingperformedmaybeadverselyaffected.

Our approachis to cleanlyseparatethe architec-
ture of dialoguesystemsto provide for an asyn-
chronouslayerthatis designedto handleinteraction
signals,analogouslyto agent/robotarchitecturesthat
includealayerto manageinteractionwith adynamic
environment.Thisallowsprocessingoutsidethefull
context of a dialoguehistorywhenrequiredfor pro-
cessingspeed,while allowing thecontext to still in-
�uence suchprocesseswhenable.

A systemhas beenimplementedbasedon this
architecture,containinga rangeof low-level pro-
cesses,whichwehavedescribedherein somedetail:
shallow-helperfeedback;turn-management;aggre-
gation; NP selection. Currentwork is directedto-

wards incorporatingtechniquesto managefurther
phenomena—suchaspredictorsof uncertaintyand
lossof attention—inbothcommand-and-controland
tutoringapplications.
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