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1 Intr oduction

1.1 Main Claims

This presentatiorwill arguefor threeclaimsaboutresearchon situatedinteractionin ubi-

quitouscomputing:

1. It is sometimesecessaryr usefulto obtaininformationaboutthe situationof the user
( ) by interpretingfeaturesof 'sbehaior thatindirectlyre ect 'ssituation.

2. It is often usefulto conductthoroughempiricalresearclat an early stagein the design
of suchsystemsratherthanat a later stageof evaluation.

3. Decision-theoretienethodsfrom arti cial intelligencearein mary wayswell suitedto
the task of making the inferencesand decisionsrequiredif a system( ) is to adapt
appropriatelyto the users situation.

The agumentswill be illustratedwith examplesfrom researchn the project READY that

hasbeenconductedsince1996,includingsomepreviously unpublishedesults.

1.2 Scenarios

In the rst READY scenario, wasan automobiledriver whosecar neededsomeminor
repairwhile  wasontheroad. obtainedassistancéom by speechvia mobilephone.

In thescenariove're currentlydeveloping, is amobilesystenthatis lentto travelerswho
malke useof a large airport (e.g., FrankfurtAirport).  multimodally answers 's questions
aboutvariousaspect®f the useof theairport(e.g.,how to getto 'sdeparturegateasquickly
aspossible).

In both scenariosye have not hooked the systemup to actualspeechrecognizersor syn-
thesizergalthoughthis extensionis plannedor alaterphase)lnstead speechnputandoutput
have beensimulated.Thefunctionof our prototypess to make inferencesaanddecisions.

Theaspect®f 'ssituationthatwe have concentratedn are:

1. theextentto which the situationcreatescognitive load for , makingit harderfor  to

performhistasksandto interactsuccessfullyith ; and

2. theextentto which is undertime pressue.
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Figure 1. lllustrationof thetype of situatednteractionaimedatit theREADY airportscenario.

2 Usingthe User'sBehavior asEvidenceAbout the Situation

2.1 Motivation

The most straightforvard way for a systemto obtain informationabout 's situationis
throughsensorsr throughdatathataremoreor lessdirectly availableto  (e.g.,information
abouttheestimatedime of departuref 'splane).AlthoughREADY usessomenformationof
thesetypes,thefocusis onanalyzing 'sbehaior soasto make inferencesaboutthe situation
andits effectson

Up to now we've concentratedn the analysisof 's speechnput: How can infer from
featuresof 'sspeechwhether is subjectto unusualcognitive load or time pressure We're
now looking into similar questionsabout other aspectsof ‘s input, suchas 's useof a
scrolling/pointingdevice.



Thereareseveralreasonsvhy it may make sensdo focuson 'sbehaior in thisway:
1. Sometimesnoredirectevidenceabout 's situationis not available. For example,if
is communicatingvith speectvia amobilephone;t' sunlikely that  will beableto get
informationfrom sensorsn 'servironmentoron ‘sbody
2. Methodsfor interpreting 'sbehaior tendto be moregeneralizabléhanthosethatrely
on othersourcesof information. For example,thereare a greatmary factorsthat can
causehigh cognitive loadin . The particularfactorsmay vary from one domainor
context to the next, sothatit's hardto developwaysof capturingthemdirectly. To the
extentto which we're interestedn the in uence of the situationon 's psychological
state,jt maybebestto assesg moredirectly onthebasisof 'sbehaior.
A dif culty is that 's behaior often yields only unreliableevidenceabout 's current
psychologicalstate. But the samedif culty applieswhenmore directinformationaboutthe
situationis interpretedwith aview to inferring 'spsychologicaktate.

2.2 Examples

Therealreadyexistsa large body of experimentalevidenceconcerninghe questionof how
cognitiveloadis re ectedin featuresf aspealer's speechi{seeBerthold& Jameson]1999,for
a brief overview). Someof the moreimportantconsequencesf cognitive loadareanincrease
in the numberand durationof varioustypesof pausesa slight reductionin the articulation
rate,anda higherfrequeng of sentencethatarestartedandthenbrokenoff. We arecurrently
conductingan experimentthat yields more directly relevant dataaboutthe role of symptoms
like these- andalsoabouttheir dependencen otheraspect®f the spealer's situation,suchas
therelative priorities of speedandquality in the productionof speech.

3 Performing Empirical Studiesat an Early Stage

3.1 Motivation

Whenonethinksof therole of empiricalstudiesn systemdesignthe rst thingthatcomes
to mind is usuallythe evaluationof prototypes.We believe that, at leastin the areaof situated
computing,more attentionshouldbe devotedto studiesthat createan empirical basisfor the
systendesignatanearlystage Withoutasolid empiricalbasis alaterevaluationstudyis lik ely
to revealthatthesystenmdoesnt work verywell, withoutgiving muchindicationof how it could
beimproved.

Therearealot of questionsaboutthe consequenced featuref thesituationwhich cannot
be answeredeliably on the basisof a priori considerations.

3.2 Examples

Herearesomeexamplesof empiricalstudieghatwe've performedjn additionto theexper

imentmentionedabove:

1. Wedidthinking-aloudstudiesnith remen whoansweremegeng calls,to seehow they
assess caller's situationon thebasisof the evidencethatcomesoverthe phoneline and
how they adapttheir own behaior accordingly

2. We analyzedthe transcriptsof a eld studyin which our rst usagescenariovassim-
ulated,with therole of the systembeingtaken by an experiencedcautomechanic.This



analysigevealedfor example whichfeatureof ausers speectoccurfrequentlyenough
to be potentiallyusefulasevidence(Berthold& Jameson]1999).

3. We conducted psychologicakxperimentto seehow ahelpsystemsinstructionsshould
bestbe adaptedto the users currentcognitive load (seeJamesonGrol3mann-Hutter
March,& Rummer 2000).

4 Employing Decision-Theoetic Methods From Arti cial
Intelligence

4.1 Motivation

As wasmentionedabove, muchof theevidencethatasystem canobtainabout 'scurrent
situationand/orpsychologicaktateis unreliable:Often, it is only onthebasisof multiple pieces
of evidencethat canmake a useful,thoughstill uncertainjnference.Bayesiametworksare
apowerful technologyfor processinghis typeof evidence.(SeePearl,1988,for the classicex-
positionandJamesonl996,for anintroductionthatincludesreferenceso mary useradaptve
systems.)In particular dynamicBayesiannetworks make it possibleto model propertiesof
thesituationandthe userthatchangeover time (see.e.g.,JamesonSchafer, Weis, Berthold,&
Weyrath,1999).

Decisionghataremade- implicitly or explicitly — by situation-avaresystemsieedto take
into accountmultiple factorsand goals, as well as uncertaintyaboutthe relevant variables.
Decision-makingechniquesuchasin uence diagramsoffer waysof dealingwith thesecom-
plications.

Methodsfor decision-theagtic planning(see e.g.,Boutiller, Dean,& Hanks,1999)make it
possiblefor a systemwhendecidingwhatto do next, to considerhow the next few stepsin an
interactionmight proceed.For example,whendecidinghow to presenta routedescription,
canconsidehow likely it isthat wouldfail to understangbarticularpartsof thedescription—
andwhatit would have to doto recover from suchafailure.

Finally, decision-theoretiecnethodsncludewaysof learningusermodelsautomaticallyon
thebasisof empiricaldata.lt is thereforegpossibleto basea systemsinferencemethodsmoreor
lessdirectly on the type of empiricaldatathatwasdiscussedn the previous section(see,e.g.,
Grofimann-Huttedameson& Wittig, 1999;Jamesoretal., 2000).

4.2 Examples

In the workshoppresentationconcreteexamplesof the applicationof decision-theoretic
techniquewvill begiven,astime permits.Theemphasisvill benotonthetechnicalaspectdut
ontheextentto which thesemethodsconstituteusefultoolsfor thosewho developsystemdor
situatednteraction.

5 Concluding Questions

As a way of openingthe discussionthe participantswill be asked for their evaluationof
theclaimsjust presentedln addition,thequestionwill beraisedof how the methodgresented
herecanbestbe combinedwith thosemainly usedby the otherworkshopparticipants.
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