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ABSTRACT

Recentadvancesin usermodelingtechnologyhave brought
within reachthegoalof having systemsadaptto temporary
limitationsof theuser,savailabletimeandworkingmemory
capacity. Wefirstsummarizeempiricalresearchby ourselves
andothersthatshedslight onthecausesandconsequencesof
these(continuallychanging)resource limitations. We then
presentadecision-theoreticapproachthatallowsasystemto
assessa user,s resourcelimitationsandto adaptits behavior
accordingly. This approachis illustratedwith referenceto
theperformanceof theprototypeassistancesystemREADY.
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INTRODUCTION

A user,s availabletime andworking memorycanvary con-
siderably, even within a given interactionwith a system.
For example,a usermaybecomeincreasinglyworriedabout
whethershewill finish hermemoin time for an impending
appointment,or shemaybetemporarilydistractedby events
in herenvironment.Thesituationalvariability of theseuser
“resources”seemsto beincreasing:Themoreportablecom-
puting devicesbecome,the more frequentlythey are used
amidthehustleandbustleof everydayactionandsocialen-
counter.

In human-humaninteractionpeopleroutinely take into ac-
count the temporaryresourceconstraintsof other persons,
for example,by selectively minimizing or simplifying what
they say. But suchadaptationhasrarely beenattemptedin
thedesignof interactivesystems.

Yet automaticadaptationwould be especiallyappropriate

here: Whena useris time-pressuredor distracted,sheis in
apoorpositionto cooperatein solvingtheproblemby either
(a) specifyingher resourcelimitations to the systemor (b)
adaptingher own behavior appropriately(e.g.,by selecting
an especiallyfastor simplemethodthat shewouldn,t nor-
mally use).

In thenext section,we summarizeresearchon adaptivesys-
temsthathassomebearingon thisproblem.We thenbriefly
summarizesomepreviousexperimentalresearchthat sheds
light on causesandconsequencesof theseresourcelimita-
tions,aswell asa studyof ourown thataddressedthisques-
tion moredirectly. We thenmotivateandpresenta decision-
theoreticframework for handlingthe problem. The proto-
typedialogsystemREADY showsconcretelyhow thisframe-
work canbe realizedandthe typeof adaptationthatcanbe
achieved.

RELEVANT PREVIOUS WORK ON ADAPTIVE SYSTEMS

Time Limitations

An especially explicit type of adaptationto situational
time constraintsis exhibited by the text generationsystem
PAULINE (see,e.g., [9]), which also takes into accounta
numberof otherrhetoricalgoals.Theapproachexemplified
by READY builds on PAULINE

,s approachin two ways: (a)
Insteadof simplifying its own processingwhentime limita-
tionsareperceived,READY focuseson predictingandcon-
trolling theprocessingtimeof theuser—whichseemslikely
to becomea more important factor in the long term. (b)
Insteadof employing heuristicrules to adaptto time con-
straints,it usesexplicit causalmodelsof the relationships
amongtherelevantvariables.

A methodfor explicitly anticipatingtheuser,s processingof
apresentationin atime-criticalsituationwaspresentedin [7]
(seealso [6]). This decision-theoreticapproachtakes into
account,for example,thefactsthat(a) presentingadditional
informationto anequipmentoperatorin anemergency may
leadto a betterdecisionby the operator, but (b) the utility
of thatdecisionmaybelowerbecauseof theadditionaltime
requiredfor thesystemto transmitandtheoperatorto pro-
cesstheadditionalinformation. This work illustrateshow a



decision-theoreticframework supportsthe formalizationof
thetradeof� fs thathaveto bedealtwith whenscarceresources
have to beallocated.

Theproblemof how asystem( � ) canrecognizethetimecon-
straintsof a user(� ) in thefirst placehasnot to our knowl-
edgebeenaddressedyet.

Working Memory Limitations

Severaladaptivesystemshave modeledaspectsof theuser,s
cognitionthatarecloselyrelatedto workingmemory(WM).
For example,the tutoringsystemof [16] includesa method
for computingthecognitiveload imposedon thestudentby
a specifictype of task,aswell asproceduresfor imposing
theoptimallevel of loadin eachindividual case.Oneof the
usermodelsemployedin the LUMIÈRE prototype,(see[8])
includedan unobservablehypothesisUSER DISTRACTED as
well asassumptionsaboutits relationshipto thedifficulty of

� ,s currenttaskandto � ,sobservablebehavior.

Thesesystemsdealwith linksbetweenWM-relatedvariables
and specificother variables. The examplessuggestthat it
would beworthwhileto developa moregeneralconceptual-
izationthatcanbeappliedin awidervarietyof situations.

RELEVANT PREVIOUS EMPIRICAL RESULTS

To implementa systemthat canreasonaboutits user,s re-
sourcelimitationswithin a giventypeof interaction,we re-
quireknowledgeabouttherelevantcausalrelationships,i.e.,
the causesandconsequencesof the resourcelimitations in
that type of interaction. In general,a lot of relevant re-
sultscan be found in the publishedexperimentalliterature
on the type of interactionin question,even thoughthe ex-
perimentswere in almostall casesconductedfor different
purposes.Consider, for example,Oviatt,s researchon the
prospectsandproblemsof spokenlanguageasamediumfor
human-computercommunication(see,e.g.,[19]). Fromour
perspective,it revealssomecausesof highWM loadin users
(i.e., theneedto supplylengthyand/orunstructuredspeech
input)aswell assomeobservableconsequencesof highWM
load(i.e.,filled pauses,self-corrections).

Otherresultsrelevant to spokenlanguage—whichis the in-
teractionmediumof the READY systemdiscussedbelow—
comelargely from psycholinguisticexperiments.For exam-
ple, Roßnagel([21]) createdhigh WM loadin onegroupof
speakersby forcing themto retrievea largeamountof infor-
mationfrom long-termmemorywhile speaking;observable
consequencesincludedalargeproportionof pausesandadi-
minishedqualityof thecontentof theutterancesproduced.

Experimentalresultsconcerningthe consequencesof time
limitationsfor speechproductionarelessnumerousandless
conclusive. For example, somestudieshave shown that
speakers under time pressuresometimesspeakfasterand
make more self-corrections([17]) and produceless task-
unrelatedinformation([22]); but theseresultsappliedonly
undercertainconditions.

Caller: <groan>
Fireman: Fire Department.

Caller: Yes, this is Frau Schmidt. Schopenhauer Street 10. My
water heater is on fire. Just this morning this repairman was
here <loud breathing>. Now the thing’s on fire. <loud
breathing>.

Fireman: Schopenhauer Street 10?
Caller: Schopenhauer Street 10.

Fireman: In what part of town?
Caller: Pardon?

Fireman: In what part of town?
Caller: Well, that’s here in Saarbrücken <pause>, in Sankt Johann,

near the LVA.
Fireman: What floor?

Caller: <incomprehensible>
Fireman: So what floor is that?

Caller: Uh, the first. <groan>
Fireman: Close, close, ... <pause>

Caller: <softly:> Oh hurry! <loud breathing>
Fireman: Yeah,

�
 close the door, we’re coming right away, OK?

Caller: Yes, that’s OK.
Fireman: Yes,

�
 bye.

Figure1. Translatedtranscriptof anemergency call to afire
department.

Ourdistillationandintegrationof relevantresultsof previous
empirical research([3], [11]) hasproven usefulasa foun-
dation for the developmentof the READY prototype,even
thougha gooddealof extrapolationis in generalrequired.

An Exploratory Empirical Study

In connection with spoken dialog as a communication
medium,thereexist peoplewho have someexpertisein rec-
ognizingandadaptingto otherpeople,s time andWM con-
straints: thosewho regularly handleemergency telephone
calls. Ten firemenfrom the Saarbr̈ucken Fire Department
served as subjectsin a study ([25]) that madeuse of the
methodof retrospectivethinkingaloud (see,e.g.,[4]). Each
subject listened to three previously recordedphone calls
from personsreportingfires. The tapewasstoppedat pre-
determinedpoints.At eachsuchpoint,thesubjectwasasked
to answerspontaneouslyaquestionaboutthecallerthatpre-
sumablycorrespondedto a typeof assessmentthat firemen
makewhile handlingsuchcalls(e.g.,“How quickly will she
be able to provide the information that shewas just asked
for?”). Thesubjectwasthenaskedto verbalizethethoughts
thatoccurredto him while answeringthequestion.

An analysisof theanswersyieldeda pictureof the (largely
shared)causalrelationshipsthat thesubjectsimplicitly per-
ceived. Someof theserelationshipswere consistentwith
generalresultsfrom previous experimentalresearch,while
otherswerefairly domain-specific(e.g.,thelink betweenau-
diblebreathingandagitation,whichin turnis seenasacause
of “lack of concentration”).

In addition to specificqualitative causalrelationships,the
analysisyieldedthefollowing generalconclusions:

1. Firemenhandlingemergency calls perceive varying de-
greesof “concentration”in thecallers,andthey believe that
thesevariationsshouldbeadaptedto. For example,several
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subjectsnotedthat it would have beenpointlessto give the
caller� in Figure1 further instructionsafter dispatchingthe
fire engine,sincetheagitatedcallerwouldprobablyhavehad
difficulty rememberingandexecutingthemanyway.

2. Mostof thesubjects, formulationsincludedexpressionsof
uncertaintyandvagueness(e.g.,“. . . seemsto beprettydis-
tracted. . . ”). Thefiremenseemto recognizeimplicitly that
the relevant causalrelationshipsareprobabilisticin nature
and do not permit reliable, preciseassessmentsor predic-
tions.

3. An importantsourceof error is a failure to assessaccu-
rately the demandsthat a specificdialog contribution will
placeon thelistener. For example,mostof thesubjectswere
initially surprisedat thedifficulty that thecaller in Figure1
hadin stating“what partof town” herstreetwasin (though
they wereableto offer posthocexplanations).

This last resultshows that, even wherethereis converging
evidencethatyieldsa fairly clearassessmentof � ,s resource
limitations,this assessmentis only onesteptowardsuccess-
ful adaptation. Methodsfor accuratelypredicting the re-
sourcedemandsof particulardialogcontributionsareequally
important.

CHOICE OF A SUITABLE MODELING FRAMEWORK

How canwedesignanintelligentinteractivesystemsothatit
canrecognizeandadaptto theuser,schangingresourcelim-
itations?Researchonuserandstudentmodelinghasyielded
a variety of techniquesfor assessingandadaptingto prop-
ertiesof users,including logic- andstereotype-basedtech-
niques,machinelearningmethods,anda hostof qualitative
andquantitativeapplication-specificprocedures.1

For the problem at hand here, what seemsmost suitable
is a decision-theoreticframework that includes dynamic
Bayesiannetworksand closely relatedinfluencediagrams
for modelingtheuser,s resourcelimitationsandmakingde-
cisionsaboutthesystem,sbehavior.2

For the recognition problem, thesemethodsare especially
well suitedfor

1. integrationof unreliableevidencefrom a diverseset of
observations(in particular, concerningcausesandsymp-
tomsof resourcelimitations);

2. incrementaluseof sparseevidence(asopposed,e.g., to
theprocessingof largeamountsof evidencewith machine
learningmethods);and

3. explicit reasoningaboutthewaysin which theuser,s re-
sourcelimitationschangeduringtheinteraction.

For theadaptationproblem, thesemethodsallow

1. exploitationof mostpartsof thesameprobabilisticmodel
thatis usedfor therecognitiontask;

1Thevolume[13] includesa representative sampleof thesetechniques,
andits Reader,sGuideprovidesaclassification.

2Theclassicreferencefor this family of techniquesis [20]. A survey of
theirusefor userandstudentmodelingis givenin [10], while abriefermore
recentdiscussionis offeredin [8].

2. comparative evaluationof possiblesystembehaviors us-
ing multipleevaluationcriteriawhoseweightsdependon

� ,s resourcelimitations;and
3. considerationin theevaluationprocessof predicteduser

responsesto systembehaviors.

Beforedemonstratingthesepropertiesof theframeworkwith
referenceto theprototypesystemREADY, wewill introduce
thecontext andoverallarchitectureof thissystem.

SCENARIO AND ARCHITECTURE OF THE READY
PROTOTYPE

Example Scenario

Theinitial examplescenarioof READY is illustratedin Fig-
ure2: Usersaredriverswhosecarsneedminor repairs;they
requestassistancefrom the systemin naturallanguagevia
mobilephone.

We conducteda field study in which this scenariowas re-
alistically realizedwith the help of a professionalauto re-
pairmanand9 naive subjects,who dealtwith intentionally
createdautorepairproblems.Thetransliterateddialogscon-
firmedthat in this scenariodriverssometimesshow signsof
WM overload(for examplewhentrying to performan un-
familiar taskwith thecarwhile talking to the repairmanon
themobilephone)—thoughonthewholeto asmallerdegree
thanin theemergency call situation.In thisstudy, timepres-
surewasmanipulatedwith differingdeadlinesandmonetary
rewards;naturalcausesof time pressurecould rangefrom
generaldiscomfortwith the situationto the needto repair
thecarquickly soasto beableto reachanappointmenton
time.

Theinput thatwegiveto READY whentestingthesystem—
and the dialog contributions that it is designedto be able
to produce—aremodeledcloselyon the transliterationsof
thesedialogs. In this way we hopeto ensurethat READY

providesrealisticsolutionsto realisticproblems,eventhough
the systemis still far from being mature and complete
enoughfor practicalapplication.

Overall Architecture

Figure3 shows the currentsystemarchitecture.The USER

INTERFACE is designedso as to make it unnecessaryfor
READY to dealwith thechallengingproblemsof speechpro-
cessingraisedby thescenario.Inputis doneviaanaturallan-
guagemenuinterfacewith whichthe“user” cancomposeut-
terancesandspecifya numberof aspectsof their form, such
asthepositionandlengthof pauses(seeFigure4).

What is sentto the DIALOG MANAGEMENT componentis a
representationof � ,s utterancethatcontainstheinformation
thatREADY needsin orderto updateits usermodelandde-
terminean appropriateresponse,i.e.: the meaningof � ,s
utterancein thecurrentdialogcontext plusany evidencethat
canbe extractedfrom the input (including noisesfrom the
environment)thatbearson � ,s currentresourcelimitations.

The DIALOG MANAGEMENT componentusesits knowledge
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Figure 2. Illustrationof READY
,s initial examplescenario,

showing the similarity of READY
,s role to that of an auto

repairmanwhooffersadviceby phone.

INSTANTIATED DYNAMIC
BAYESIAN NETWORK

GENERIC NETWORK
SCHEMATA

RULES FOR NETWORK
INSTANTIATION

TRANSITION NETWORKS
ENCODING DISCOURSE

KNOWLEDGE

SCRIPTS ENCODING
TROUBLESHOOTING AND

REPAIR KNOWLEDGE

USER
�

MODELING

DIALOG
	

MANAGEMENT

USER
�

 INTERFACE

Figure3. Architectureof theREADY prototype.
(Boxesdenoteprocessingcomponents,cylindersdenoteknowledgebases,
andarrows show theflow of information.)

aboutthe currentdialog stateandaboutpossiblediagnosis
andrepairactionsto determinea setof possibledialogcon-
tributions (e.g., instructions)that might make sensein the
currentsituation—notyet taking into account� ,s resource
limitations.3 Thesecontributions may differ in their ba-
sic content(e.g.,prescribinga simpleor a complex action)
and/orin their form (e.g.,usingsimple,redundantformula-
tionsor concise,technicalones).TheDIALOG MANAGEMENT

componentthensendsthepossiblecontributionsto theUSER

MODELING component,whichdecideswhichoneseemsbest
in thelight of � ,s currentresourcelimitations.

MODELING OF RESOURCE LIMITATIONS

Example of a Network Schema

All of theUSER MODELING component,s assumptionsabout
relevant causal relationshipsare representedin network
schemata(cf. the knowledge sourcein the upper left of

3As with theprocessingof inpututterances,
 ,sknowledgeaboutdialog
structuresandautorepairproblemshasbeenkeptassimpleaspossible,so
thatwecanfocusonthekey problemof adaptingto � ,sresourcelimitations.

Figure4. Translatedscreenshotof READY
,smenuinterface

for simulatingspeechinput.
(Either of the two utterancesshown at the top canbe selectedby the user
for input; for thesecond,longerone,a numberof variantscanbespecified
via thepull-down menusattachedto partsof theutterance.Thetablein the
middleshows thecharacteristicsof the currentlyselectedutterance—here,
thefirst one—thatthesystemwill treatassignificant.)

Figure 3). Each time the USER MODELING componentis
asked by the DIALOG MANAGEMENT componentto evaluate
apossibleutterance(e.g.,a question),it usestheappropriate
schemain orderto extendits Bayesiannetwork modelof � .
Eachsuchschemacorrespondsto a typical sequenceof two
dialog moves. For example,Figure5 shows, in simplified
form, theschemafor thesequence“Question(by system)�
Answer (by user)”. This schemacorrespondsto a pair of
timeslicesof adynamicBayesiannetwork.

Eachbox with a solid borderrepresentsa nodethat corre-
spondsto a singlevariable;thearrows correspondto causal
relationshipsamongvariables.Eachbox with a dashedbor-
derdenotesagroupof variablesthatplayasimilarrolein the
network.4

The variablesin the left-hand and right-handtime slices
arerelatedto � ,s successin understandingandansweringa
question,respectively. In eachtimeslice,thereis a groupof
observablevariables(at thebottomin thefigure) thatserve,
amongotherthings,assymptomsof � ,sresourcelimitations.
Theonly othervariableswhosevaluesareever known to �
with certaintyare the onesin the group in the upperleft;
theserepresentpropertiesof a possibleutteranceby � that
will influencethe demandsthat the utterancewill placeon

� ,s timeandWM.

4A completegraphicaldepictionof this schemashows all of thecausal
relationshipsamongvariableswithin a groupaswell astheir relationships
to variablesoutsidethegroup.By way of summary, in Figure5 eachgroup
is depictedasif it wereasinglenodein thenetwork.
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Time Slice t, Question by S Time Slice t + 1, Answer by U

SYMPTOMS OF
SUCCESS OF
LANGUAGE

UNDERSTANDING

LINGUISTIC
FEATURES OF THE

UTTERANCE

SITUATIONAL
INFLUENCES ON

WM

SITUATIONAL
INFLUENCES ON

WM

SYMPTOMS OF
SUCCESS OF
LANGUAGE

GENERATION

U’S LEVEL OF
DOMAIN

KNOWLEDGE

PRIORITY FOR
DIALOG

PROCESSING

DURATION OF
LANGUAGE

UNDERSTANDING

SUCCESS OF
LANGUAGE

UNDERSTANDING

DEMANDS OF
LANGUAGE

UNDERSTANDING
ON WM

USE OF WM FOR
LANGUAGE

UNDERSTANDING

DEMANDS OF
ACTION ON WM

USE OF WM FOR
ACTION

TIME PRESSURE TIME PRESSURE

AVAILABLE WM
CAPACITY

AVAILABLE WM
CAPACITY

PRIORITY FOR
DIALOG

PROCESSING

DEMANDS OF
ACTION ON WM

USE OF WM FOR
ACTION

DEMANDS OF
LANGUAGE

GENERATION
ON WM

USE OF WM FOR
LANGUAGE

GENERATION

DURATION OF
LANGUAGE

GENERATION

SUCCESS OF
CONCEPTUAL-

IZATION

SUCCESS OF
FORMULATION

TOTAL
DURATION OF

U’S RESPONSE

OVERALL
EVALUATION

Figure5. A schemafor theconstructionof two timeslicesof adynamicBayesiannetwork in READY.
(Solidanddashedarrows denotepositive andnegative causeinfluences,respectively. Seethetext for furtherexplanation.)

Figure6. Translatedversionof READY
,smaininteractionscreen.

(Thenumberson theright aretheexpectedvaluesof thesystem,s currentassessmentsof key variables,includingavailableWM capacity(“AWMC”). In this
case,theuserhasjust input theproblemdescription“Cooling waterwarninglampis on”. Becauseof its unusualtersenessandtheabsenceof any symptomsof
highWM load,READY

,sestimateof � ,s timepressureincreasesquitedrastically, andtheestimateof � ,s availableWM capacityincreasessomewhataswell.
Thereasonsfor theseandotherchangescanbeexaminedatany time in thefully instantiatedBayesiannetwork, shown herein thebackground.)
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Conceptualization of Resource Limitations

Thevariablesin themiddle level of Figure5 correspondto
theoreticalconstructs.Sincetheir definitionsarenot tightly
constrainedby empirical evidence,they requiresomethe-
oretical assumptionsto be made; note that alternative as-
sumptionscould be introducedwithout changingthe basic
approach.

Time Pressure

ThevariableTIME PRESSURE is viewedasthesubjectivecost
of time to � . It is assumedthatanincreasein time pressure
increases� ,sdesireto reducethedurationof anaction,even
whensucha reductionexactsa price in termsof othercri-
teria (suchas the likelihoodof successof the action). For
example,in the first time slice TIME PRESSURE is assumed
to have a negative influenceon both the time that � spends
trying to understand� ,s utteranceandthe likelihoodthat �
will succeed.In thesecondtimeslice,similar influencesare
shown for the tasksof conceptualizingand formulatingan
utterance.

Working Memory

In researchin cognitive psychology, somehighly differenti-
atedmodelsof working memoryandits usehave beende-
velopedwhich includeseveralsubsystemssuchasa central
executive, a phonological loop, a visuo-spatialscratchpad,
and sometimesfurther subsystems(see,e.g., [2]). For an
initial effort at on-linemodelingof a user,s interactionwith
a interactive system,thesemodelsare too fine-grained. In
the presentversionof READY

,s model, therefore,WM is
treatedas if it werea homogeneousstorewith a particular
capacity. (A comparablesimplificationis employed,e.g.,in
[15].) In the nearfuture we will systematicallyinvestigate
moredifferentiatedmodelingschemasfor WM to seeif they
contributeaddedvalue,at leastfor particulartypesof tasks
([12]).

Thesimplifiedconceptionis basedonthefollowing assump-
tions:At eachpoint in theinteraction,� hassomeavailable
WMcapacitythatcanbeusedto handlehisor hertasks.This
availablecapacitymaybe lessthan � ,s total WM capacity,
for exampleif � is agitatedor distractedby eventsin the
environment(cf. thegroupof variablesSITUATIONAL INFLU-

ENCES ON WM in Figure5).

The WM capacitythat � candevote to interactionwith �
maybereducedfurtherif � triesto performanothertasksi-
multaneously. For example,in thefirst timeslicein Figure5,

� mightbeperforminganactionwhile listeningtoaquestion
askedby � . Eachtaskthat � performsis assumedto create
aparticulardemandon � ,sWM. Whentwo taskshaveto be
performedsimultaneously, the availableWM capacitymay
betoolow to permitbothto beperformedwithoutproblems.
In thiscase,theway � useshisor herWM for thetwo tasks
is assumedto dependon therelative priority of thesystem-
relatedtask for � . This relative priority is representedin
eachhalf of Figure 5 by a variablePRIORITY FOR DIALOG

PROCESSING.

Temporal Relationships Among Variables

As wasmentionedearlier, oneof thechallengesinvolvedin
themodelingof timeandWM constraintsis theneedto deal
with different typesof changein the variablesbeingmod-
eled.

Most of the variablesin Figure 5 are temporary: Because
they refer to a brief event or state,they are definedonly
within asingletimeslice.Othervariables—forexample,U,

S

LEVEL OF DOMAIN KNOWLEDGE, arestatic: They aredefined
in all time slices,andany changesin their valueduring the
courseof an interactionareassumedto be negligible. But
thecritical variablesTIME PRESSURE andAVAILABLE WM CA-

PACITY aredynamic: They aredefinedin all time slices,but
their valuescanchangesignificantlyduring an interaction,
for examplebecauseof situationalinfluences.Theschemain
Figure5 illustratesa frequentlyappliedmethodfor handling
a dynamicvariablein a Bayesiannetwork: A separatenode
for the variableis includedin eachtime slice andis linked
to thecorrespondingnodein theprevioustime slice. A de-
taileddiscussionandjustificationof theway this methodis
appliedin READY is givenin [23], andadifferentapplication
of thisbasicmethodto ausermodelingproblemis presented
in [1].5

Selection of the System
,
s Dialog Contributions

Whenthe USER MODELING componentis askedby the DIA-

LOG MANAGEMENT componentto evaluatea possibleutter-
anceof � , it proceedsasfollows: A network schemais cho-
senthat will allow � to anticipateandevaluatethe conse-
quencesof theutterance(e.g.,if theutteranceis a question,
theschemain Figure5). TheBayesiannetwork thathasbeen
constructedsofar is extendedwith two new timeslices.The
variablesin thegroupLINGUISTIC FEATURES OF THE UTTER-

ANCE areinstantiatedasdictatedby thepropertiesof thecan-
didateutterance.Theotherrootnodesareinstantiatedonthe
basisof informationthat � hasaboutthecurrentsituation—
for example,concerningthe likelihoodthat � is (still) oc-
cupiedwith somephysicalaction. Theextendednetwork is
thenevaluated,giving riseto new probabilisticexpectations
aboutthevariablesin bothtimeslices.Thatis, � anticipates
boththeimmediateprocessingof its utteranceby � and � ,s
subsequentresponsesto theutterance(e.g.,� ,sansweringof
thequestionor � ,s carryingoutof aninstruction).

The purposeof this anticipationis to generatean OVERALL

EVALUATION of thecandidateutterance(cf. thebottomnodes
in Figure5) usingevaluationcriteria thatarepresumablyin
line with � ,s own interests: the total time requiredfor �
to respond(weightednegatively) andthesuccessof � ,s re-

5In [8], analternative approachis discussedthateliminatestheneedto
createmultiple timeslices,while leaving implicit someof therelationships
thatareexpressedexplicitly with timeslices.In adialogsystem,it is useful
to introduceat leastonetime slicefor eachdialogcontribution, becauseof
thequalitatively differenteventsthatareinvolvedin eachcontribution.
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sponse.Therelativeweightthat � wouldattachto thesetwo
criteria� is assumedto dependon � ,s time pressure,asis in-
dicatedin thefigure.

Theoverallpatternis that � ,sperceptionof � ,sresourcelim-
itationscanaffect � ,s choiceof utterancesin two ways:

Mostdirectly: High timepressurebiasestheoverallevalu-
ationin favor of utterancesthat � candealwith quickly.
Lessdirectly: � ,s time pressureandWM availability can
determinethespeedandsuccessof � ,sresponsein moreor
lesscomplex ways,thusindirectly influencingtheoverall
evaluation.

Use of Influence Diagrams to Narrow the Search

This procedureof systematicallyevaluatingeachpossible
systemutterancecanbequitetime-consumingif therearea
lot of possibleutterances.We have thereforetestedanalter-
nativeapproach,which is now beingintegratedinto thepro-
totype: Insteadof creatinga separatepossibleextensionof
its basicnetwork for eachpossibleutterance,� createsasin-
gle influencediagram(see,e.g.,[24], [20]), in whichseveral
aspectsof anutterance(e.g.,syntacticcomplexity anduseof
technicalterms)are representedby decisionnodesandthe
OVERALL EVALUATION is treatedasa valuenode. Theproce-
dureusedfor processinginfluencediagrams(see[14]) gives
valuesfor thevariablesin thedecisionnodesthatwould lead
to thebestpossibleoverall evaluation—i.e.,desirableprop-
ertiesof � ,s next utterance.It is relatively easyto find the
candidateutterancesthatcomeclosestto having theseprop-
erties.

Updating the User Model

Theutility of theproceduresdescribedin theprevioussub-
sectionof coursedependslargelyontheaccuracy of theuser
modelthathasbeenbuilt up in thecourseof thedialog.This
modelis updatedon thebasisof informationabout � ,s be-
havior thatis sentto theUSER MODELING componentby the
DIALOG MANAGEMENT component. This information may
concerneither� ,simmediatefeedbackto � ,sutterance(e.g.,
oneof thepossibleSYMPTOMS OF SUCCESS OF LANGUAGE

UNDERSTANDING in the first time slice) or � ,s responseto
the utterance(e.g., one or more SYMPTOMS OF SUCCESS

OF LANGUAGE GENERATION in the secondtime slice). The
network is reevaluated,leadingto new assessmentsof the
variablesin both time slices. Wherestaticor dynamic(as
opposedto temporary)variablesareaffected,thesereassess-
mentswill influence� ,s choiceof subsequentutterances.

TECHNICAL FEASIBILITY

Theexplicit representationof many typesof causalrelation-
shipsmakes READY

,s adaptationrelatively easyto under-
stand,criticize, and improve. But it doeslead to a fairly
highdegreeof complexity. For example,thetwo time slices
of a network constructedon thebasisof theschemain Fig-
ure5 currentlycompriseabout60 nodes;andthe complete
network that is built up duringthedialog includesonetime

slicefor eachdialogcontribution.

The main implementationlanguagefor READY is Lucid
COMMON LISP, but the Bayesiannetworks and influence
diagramsareprocessedwith the tool NETICA ([18]). On a
SUN Ultra 1 with 147MHz and 256MByte of RAM, the
time requiredfor interpretationof the evidencein a single
userutterancevariesfrom about.5 secto about3 sec,de-
pendingon how many time sliceshave beenaddedto the
network; a maximumof 12 timeslicesareretained,any ear-
lier onesbeing eliminatedthrougha rolling-up procedure.
Evaluationof a singlepossiblesystemutteranceis slower,
takingup to 12 secunderthesameconditions.Fortunately,
theprocessingof arelatedinfluencediagram,which(asmen-
tionedabove)canreplacetheevaluationof anumberof sim-
ilar utterances,takesroughlythesameamountof timeasthe
evaluationof a singleutterance.

In sum,the techniquesascurrentlyimplementedareoneor
two ordersof magnitudetooslow for practicalapplication.

FURTHER RESEARCH

Wearebeginningto exploretheapplicationof techniquesfor
learningBayesiannetworks (see,e.g.,[5]) asa way of im-
proving theaccuracy of themodels.A plannedadaptationof
theprototypeto adifferentdomain(informationprovisionin
anairport)anddifferentinteractiontechniques(e.g.,gestural
inputandgraphicaloutput)will provideevidenceconcerning
thegeneralizabilityof theapproach([12]).

All of the sectionsof this paperhave shown, in different
ways,thattheproblemof adaptingto a user,schangingtime
andWM limitations is a challengingone. The conceptual
framework andthetechnicalmethodspresentedherearenot
beingproposedasa final solution to the problem. In fact,
onereasonwhy wechoseanelaborateandexplicit modeling
approachis that this approachwill ultimately supportprin-
cipledandjustifiablesimplificationsof thesort thatwill be
necessarybeforeapracticalresource-adaptivesystemcanbe
deployed.
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