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1 Intr oduction

1.1 Main Claims

This presentationwill arguefor threeclaimsaboutresearchon situatedinteractionin ubi-
quitouscomputing:

1. It is sometimesnecessaryor usefulto obtaininformationaboutthesituationof theuser
(

�

) by interpretingfeaturesof
�

'sbehavior thatindirectly re�ect
�

's situation.
2. It is oftenusefulto conductthoroughempiricalresearchat anearlystagein thedesign

of suchsystems,ratherthanata laterstageof evaluation.
3. Decision-theoreticmethodsfrom arti�cial intelligencearein many wayswell suitedto

the task of making the inferencesand decisionsrequiredif a system( � ) is to adapt
appropriatelyto theuser'ssituation.

The argumentswill be illustratedwith examplesfrom researchin the projectREADY that
hasbeenconductedsince1996,includingsomepreviouslyunpublishedresults.

1.2 Scenarios

In the �rst READY scenario,
�

wasan automobiledriver whosecar neededsomeminor
repairwhile

�

wason theroad.
�

obtainedassistancefrom � by speechvia mobilephone.
In thescenariowe'recurrentlydeveloping,� is amobilesystemthatis lent to travelerswho

make useof a large airport (e.g.,FrankfurtAirport). � multimodally answers
�

's questions
aboutvariousaspectsof theuseof theairport(e.g.,how to getto

�

's departuregateasquickly
aspossible).

In bothscenarios,we have not hooked the systemup to actualspeechrecognizersor syn-
thesizers(althoughthisextensionis plannedfor a laterphase).Instead,speechinputandoutput
havebeensimulated.Thefunctionof ourprototypesis to make inferencesanddecisions.

Theaspectsof
�

's situationthatwehaveconcentratedon are:
1. theextent to which thesituationcreatescognitive load for

�

, makingit harderfor
�

to
performhis tasksandto interactsuccessfullywith � ; and

2. theextentto which
�

is undertimepressure.
�
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Figure1. Illustrationof thetypeof situatedinteractionaimedat it theREADY airportscenario.

2 Usingthe User'sBehavior asEvidenceAbout the Situation

2.1 Moti vation

The most straightforward way for a systemto obtain information about
�

's situationis
throughsensorsor throughdatathataremoreor lessdirectly availableto � (e.g.,information
abouttheestimatedtimeof departureof

�

'splane).AlthoughREADY usessomeinformationof
thesetypes,thefocusis on analyzing

�

's behavior soasto make inferencesaboutthesituation
andits effectson

�

.
Up to now we've concentratedon theanalysisof

�

's speechinput: How can � infer from
featuresof

�

's speechwhether
�

is subjectto unusualcognitive loador time pressure.We're
now looking into similar questionsaboutother aspectsof

�

's input, suchas
�

's use of a
scrolling/pointingdevice.



Thereareseveralreasonswhy it maymakesenseto focuson
�

'sbehavior in thisway:
1. Sometimesmoredirectevidenceabout

�

's situationis not available.For example,if
�

is communicatingwith speechvia amobilephone,it' sunlikely that � will beableto get
informationfrom sensorsin

�

's environmentor on
�

's body.
2. Methodsfor interpreting

�

's behavior tendto bemoregeneralizablethanthosethatrely
on othersourcesof information. For example,therearea greatmany factorsthat can
causehigh cognitive load in

�

. The particularfactorsmay vary from onedomainor
context to thenext, so that it' s hardto developwaysof capturingthemdirectly. To the
extent to which we're interestedin the in�uence of the situationon

�

's psychological
state,it maybebestto assessit moredirectlyon thebasisof

�

'sbehavior.
A dif�culty is that

�

's behavior often yields only unreliableevidenceabout
�

's current
psychologicalstate. But the samedif�culty applieswhenmoredirect informationaboutthe
situationis interpretedwith aview to inferring

�

's psychologicalstate.

2.2 Examples

Therealreadyexistsa largebodyof experimentalevidenceconcerningthequestionof how
cognitive loadis re�ectedin featuresof aspeaker's speech(seeBerthold& Jameson,1999,for
a brief overview). Someof themoreimportantconsequencesof cognitive loadareanincrease
in the numberanddurationof varioustypesof pauses,a slight reductionin the articulation
rate,anda higherfrequency of sentencesthatarestartedandthenbrokenoff. We arecurrently
conductingan experimentthat yields moredirectly relevant dataaboutthe role of symptoms
like these– andalsoabouttheirdependenceon otheraspectsof thespeaker'ssituation,suchas
therelativeprioritiesof speedandquality in theproductionof speech.

3 Performing Empirical Studiesat an Early Stage

3.1 Moti vation

Whenonethinksof theroleof empiricalstudiesin systemdesign,the�rst thing thatcomes
to mind is usuallytheevaluationof prototypes.We believe that,at leastin theareaof situated
computing,moreattentionshouldbe devotedto studiesthat createan empiricalbasisfor the
systemdesignatanearlystage.Withoutasolidempiricalbasis,a laterevaluationstudyis likely
to revealthatthesystemdoesn't work verywell, withoutgiving muchindicationof how it could
beimproved.

Therearealot of questionsabouttheconsequencesof featuresof thesituationwhichcannot
beansweredreliablyon thebasisof apriori considerations.

3.2 Examples

Herearesomeexamplesof empiricalstudiesthatwe'veperformed,in additionto theexper-
imentmentionedabove:

1. Wedid thinking-aloudstudieswith �remen whoansweremergency calls,to seehow they
assessacaller'ssituationonthebasisof theevidencethatcomesoverthephoneline and
how they adapttheir own behavior accordingly.

2. We analyzedthe transcriptsof a �eld studyin which our �rst usagescenariowassim-
ulated,with the role of thesystembeingtakenby anexperiencedautomechanic.This



analysisrevealed,for example,whichfeaturesof auser'sspeechoccurfrequentlyenough
to bepotentiallyusefulasevidence(Berthold& Jameson,1999).

3. Weconductedapsychologicalexperimentto seehow ahelpsystem'sinstructionsshould
bestbe adaptedto the user's currentcognitive load (seeJameson,Großmann-Hutter,
March,& Rummer, 2000).

4 Employing Decision-Theoretic MethodsFrom Arti�cial
Intelligence

4.1 Moti vation

As wasmentionedabove,muchof theevidencethatasystem� canobtainabout
�

'scurrent
situationand/orpsychologicalstateis unreliable:Often,it is only onthebasisof multiplepieces
of evidencethat � canmake a useful,thoughstill uncertain,inference.Bayesiannetworksare
apowerful technologyfor processingthis typeof evidence.(SeePearl,1988,for theclassicex-
positionandJameson,1996,for anintroductionthatincludesreferencesto many user-adaptive
systems.)In particular, dynamicBayesiannetworks make it possibleto modelpropertiesof
thesituationandtheuserthatchangeover time (see,e.g.,Jameson,Scḧafer, Weis,Berthold,&
Weyrath,1999).

Decisionsthataremade– implicitly or explicitly – by situation-awaresystemsneedto take
into accountmultiple factorsand goals,as well as uncertaintyabout the relevant variables.
Decision-makingtechniquessuchasin�uencediagramsoffer waysof dealingwith thesecom-
plications.

Methodsfor decision-theoreticplanning(see,e.g.,Boutiller, Dean,& Hanks,1999)makeit
possiblefor a system,whendecidingwhatto do next, to considerhow thenext few stepsin an
interactionmight proceed.For example,whendecidinghow to presenta routedescription,�

canconsiderhow likely it is that
�

wouldfail to understandparticularpartsof thedescription—
andwhatit wouldhave to do to recover from sucha failure.

Finally, decision-theoreticmethodsincludewaysof learningusermodelsautomaticallyon
thebasisof empiricaldata.It is thereforepossibleto baseasystem'sinferencemethodsmoreor
lessdirectly on thetypeof empiricaldatathatwasdiscussedin theprevioussection(see,e.g.,
Großmann-Hutter, Jameson,& Wittig, 1999;Jamesonetal., 2000).

4.2 Examples

In the workshoppresentation,concreteexamplesof the applicationof decision-theoretic
techniqueswill begiven,astimepermits.Theemphasiswill benoton thetechnicalaspectsbut
on theextentto which thesemethodsconstituteusefultoolsfor thosewho developsystemsfor
situatedinteraction.

5 Concluding Questions

As a way of openingthe discussion,the participantswill be asked for their evaluationof
theclaimsjustpresented.In addition,thequestionwill beraisedof how themethodspresented
herecanbestbecombinedwith thosemainlyusedby theotherworkshopparticipants.
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