Context Learning Can Impr ove User Interaction

SushilJ Louis, Anil Shankar
EvolutionaryComputingSystemd.aboratory(ECSL)
Departmenbf ComputerScienceandEngineering
Universityof Nevada,Reno,NV 89557
f sushil,anilkg@cs.unredu
http://ecsl.cs.unedu/

Abstract

Currentcomputerapplicationslack usercontext anddo
notlearnto usethis contet to improve userinteraction. In
this paper we presentSycophanta contet learning cal-
endar application program which learns a mappingfrom
userrelatedcontextual featuesto applicationactions. In
this preliminary work, Sycophantichievesgood accuracy
in learningthismapping In addition,we nd thatincluding
external context sud asthe presencer absenceof motion
and speeb providesbetterperformancen learning accu-
ratemappings.

1. Intr oduction

Computerstoday use an internal clock, keyboard and
mouseto provide input or context for their applications'in-
formationprocessingOperatingSystemsupportthesede-
vicesandapplicationsaccesshis provided context through
simple Application Programminglinterfaces(APIs). Cur
rentapplicationsoftware usesthis meagercontext to build
usermodelsandtry to enhanceersonaproductvity. There
is no personalizatiorthroughlearning,no long term mem-
ory, andadvancesn vision, speechtext analysis,andthe
availability of cheapcomputingpower have not beenfully
utilized. Thatis, mary currentcomputerapplicationdack
context-awareness.

Dey [5] givesthefollowing de nition for context.

Any information that can be usedto character
izethesituationof entities(i.e.,whetheraperson,
placeor object)thatareconsideredelevantto the
interactionbetweerauserandanapplication.

In our work, we view a computerasa stationaryrobot
with simple sensorssuch as for motion and speech[1]
Evenwithout knowing who is thereor whatis beingsaid,

suchsimple sensorscan be usedto improve userinterac-
tion. For example,if you were Janes userinterfaceyou
couldlearnanswergo thethefollowing questions.

If thereis no onein theroomshouldl popup a sched-
uledappointment?

If thereis someonelsein theroomat thetime should
| remindJane?

Shouldl askJanéf shewantsmeto cancelascheduled
meeting(thatwassupposedo start ve minutesago)?

Shouldl turn down my music player whenthe tele-
phonerings?

Shouldl pausethe currentsongwhenJaneleavesthe
room?

We proposdo usesimplesensorso continuouslygather
dataonthecomputessystem$internalandexternalenviron-
ment,storethis datain a datawarehouseandminethisdata
for usefuluserbehavior patternsjn orderto betterpredict
user preferencegbehavior) and improve userinteraction.
Application canthenusethis learnedmodelof userprefer
encedo betterinteractwith the user In this paper we use
a simple calendaringapplicationprogram,Sycophantthat
storesappointmentsand remindsthe userusing different
typesof remindersasatest-bedo investigateheseissues.
Speci cally, we investigatewhetherSycophantanlearna
mappingfrom context-featurego remindertype. More gen-
erally, we areinterestedn whetherapplyingmachindearn-
ing techniguego datagatheredrom simplecontext sensors
will leadto improvedhumancomputerinterfaces.

Oursystencontinouslygathersinaryactivity datafrom
the keyboard,mousea motiondetectoy anda speectsen-
sor. We alsomonitor the activity of ve processesn the
computer Whene&er Sycophantgeneratesa reminder it
expectsthe userto indicate whether Sycophantusedthe
correctremindertype. A remindercan be visual (a pop-
up window), speechusing a text-to-speechsystem,both,



or neither Periodically we run a machinelearningalgo-
rithm on the gathereddatamemgedwith this userfeedback
to learn to predict which of the above four types of re-
mindersto generatdor anappointmentPreliminaryresults
using Sycophantwith external (motion, speechjandinter-
nal (keyboard,mouseactiity) sensorsanda decisiontree
machindearningalgorithmleadsto about80%accuray in
predictingwhetheror notto generateareminder Correctly
predictingwhich of the four differenttypesof remindergo
generateés lessaccurateat about64%

2. Related Work

Much work hasbeendonein the areaof context-aware
applicationsand ervironments. Rebais a reactve system
which createsontet-awareroomreactiondy usinginfor-
mationfrom camerasmicrophonesandothersensorg11].
This work shavedthe necessityfor systemgo be context-
awareto beableto anticipateuseractionsandsimplify user
interaction.

Bailey and Adamczykhave shaved that computergen-
eratedinterruptionswhich requireuserinput or feed back
have adisruptive effect ontheusers emotionalstateaswell
asthe users taskperformance[R Their studyshavedthat
atthepointof interruption thedegreeof disruptiondepends
uponthe users mentalload. Their work implied that the
users attentionmustbe carefully managec&amongcompet-
ing applicationsandthat this managemenis necessaryo
mitigatethe disruptive effects of necessarilynterruptinga
user

Hudson,Fogarty Atkesonet als work comesclosesto
our own in exploring how to constructrobustsensotased
predictionsof interruptibility by conductinga Wizard of Oz
study[10]. They alsoconsideredvhich sensorsmight be
usefuland how they could be constructed.In their study
they usedexperiencesamplingto collectself-reportsof in-
terruptibility. Next, they built statisticalmodelspredicting
humaninterruptibility andachiezed an overall accurag of
78% usingseveral models. The self-reportsfrom their ini-
tial Wizard of Oz study wherea subjectwasasledto dis-
tinguishbetweendifferentlevels of interruptibility shaved
that it is possiblefor humansto be accurateto an extent
of 76:9% and statisticalmodelscould achieze asmuchas
82:4% accurag. In their next study they usedreal sensors
to to constructmodelsof humaninterruptibility for three
differentgroupsof peoplewho includedinterns,managers
andresearcherby [6]. This studyalsotried to determine
how muchdatashouldbe collectedto provide statistically
reliableestimate®f interruptibility.

Horvitz andApaciblebuilt modelsfor predictingthecost
of interruptingusers[9]. For this purposethey usedma-
chinelearningtechniquegor generatingstatisticalmodels
to infer the stateof interruptibility of users.

Our work is complimentaryto the above approaches.
Sycophantearnswhetheror notto interrupttheuseraswell
ashowto interruptthe user Like Fogartywe usereal sen-
sorsbut in additionto learningwhetherto interrupttheuser
sycophantisesmachindearningalgorithmsto learnwhich
oneof four differenttypesof remindergo usein interrupt-
ing theuser In this work, we comparethe performanceof
differentalgorithmsaswell astheeffectof differentsensors
onlearningthe mappingfrom sensordo remindertype.

3.SYCOPHANT

Sycophantcan generatefour different types of re-
minders:A simplepop-upwindow containingthe appoint-
menttext, a voice reminderwherethe appointmentext is
spokenusingthe FestivalSpeeb Synthesi$Systeni3], both
theprevioustypes,andneither In thelastcasenoreminder
is generatedbut is insteacbufferedfor lateroutput. Thiscan
be desirablebehaior for examplewhenthereis no onein
theroomatthetime thereminderis generatedOntheother
hand,it canalsobequiteannging if yourcalendaflearns”
notto remindyou undercertainconditions.

The appointmentgor Sycophantvere setup to mimic
the users regular work-day Theseincludedremindersfor
drinking coffee, attendingtalks,conferences;lassessome
personahppointmentsandremindersoutsideregularof ce
hours.For example ,areminderfor watchingfor watchinga
soccematchoncableTV attwo a.m.in themorningwould
fall outsideof regularof ce hours. Sycophanin this case
learneda rule which saidthatif the appointmentime was
beforenine a.m. in the morning,thenno reminderwasto
be generatedThis context learningwasperformedwith re-
specto theuserunderstudywhoseregularof ce hoursstart
atninea.m.Figurel shavsascreen-shabf theapplication.

Figure2 depictssycophans architecture The calendar
ing applicationruns as separateprocessand ve sensors
collectdataon the computerandimmediatevicinity. These
sensorarebinary, for example whenthemotionsensode-
tectsmotionit reportsavalueof 1, 0 otherwise.Oursensors
are:

Motion: We useda cheaplLogitechweb-camwith the
motion[1] package.

Talk: We usedthe SphinxSpeeb Recanition Sys-
tem [4] to simply detectthe presenceor absenceof
speech.This is fairly accurateandfastaslong aswe
donotattemptactuallytrying to recognize¢hedetected
speech.

Processes: The user under obsenation ac-
tively usesthe following ve processes: java,
bash, gnome-terminal, Xscreensaver,
mozilla andwe kepttrack of theseprocessesstate.
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Figure 1. Screen Shots of Sycophant' s Main
Interface

Keyboard: Thekeyboardsensomonitorskeyboardac-
tivity.

Mouse: Like the keyboard sensor the mousesensor
monitorsmouseactivity.

For this preliminaryfeasibility study we collecteddata
from a single userover a period of six weeks. Every f-
teensecondsye checledall sensordor actiity andstored
thesevaluesto a le. Next, we extractedthe following six
featuresrom the raw data[10]: Any5, if the sensoris ac-
tiveduringary of the fteen secondntervalsduringthelast

ve minutes. All5, if the sensoris active during all of the
fteen secondntenvalsduringthelast ve minutes.Any1,
if the sensoiis active duringary of the fteen secondnter-
valsduringthelastminute.All1, if thesensoiis active dur-
ing all of the fteen secondntervalsduringthelastminute.
Immed, if thesensoiis active duringthelast fteen second
interval. Count, the numberof intervals during which the
sensolis active duringthelast ve minutes. Thereforeev-
ery sensoprovidedsix features We considerecachof the

Ve userprocesseasa separatésensof’ sothe numberof
sensorgrew to nineandwe thereforeendedup with atotal
of 54 features. Finally, we alsoincludeda useridenti er
andthe next appointmentime.

Sycophantanbe instructedto reminda usert minutes
beforea scheduledppointmentWhenit is time to remind
a user(say5 minutesbeforethe appointmentime), Syco-
phantinitially checksfor the existenceof a learneduser
model (a mappingof context featuresto remindertype).
If so, it usesthe remindertype as dictatedby the model
to remind the user Initially, when no model has been
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Figure 2. Sycophant Architecture

learned,we usea hand-codedule set. This static hand-
codedrule setis useduntil we getthe minimum of ten ex-
emplarsneedediy Weka (10-fold cross-alidationrequire-
ment). Oncethe reminderis generatedthe usercangive
feed-backto Sycophantagreeingwith the remindertype
generatedor providing their preference. It is this user
feedbackwhichis usedfor creatingthetrainingdatasetfor
our machindearningalgorithms.
Hereis anexemplarfrom our dataset:

Userl, 05.00, 0O, 0, 0, O, O,
o, 7, 0, 1, 0, 0, O, 20, 1, 1,
i, 1, 1, 20, 1, 1, 1, 1, 1, 20,
i, 1, 1, 1, 1, O, O, O, O, O, O,
2, 1, 1, 1, 1, 1, O, O, O, O,
o, 0 0 O0 O O O O O

wherethe rst two featurescorrespondo Userld andTime
of Appointment The remainingsetof featuresin groups
of six representSensorCount, SensofAll5, SensorAny5,
SensotAlll, SensorAnyland Sensofimmed The sensors
are orderedas follows: Motion, Talk, Process,Keyboad
and Mouse Eachof thesesix featuresis derived for each
sensomode.Thelastvaluefrom the above datarow corre-



spondgo thetypeof reminderactuallypreferredby a user
whichis obtainedthroughuserfeedback.

Once thecontet-sensitve datasetis available,it is used
to build a usermodelto learnthe type of reminderto gen-
erate. We useand comparemultiple machinelearningal-
gorithmsfrom the Wekamachinelearningtool-kit for this
purpose

As an aside,in the currentversionof the program,the
remindersvhich getvotedby the modelto be of type-0 (do
notinterrupt/remindgetbuffered. Whenit is time to usea
reminderof typesotherthan0, the bufferedremindersare
alsooutputalongthereminderfor that particularinstantof
time. Thusno appointmentsreever “forgotten’

4. Results

For our study we chosethe following machinelearn-
ing algorithmsfrom the Wekatool-kit: Zero-R,0One-R J48,
Bagging, Logit-Boostand NaiveBayesZero-R simply pre-
dictsthe majority classin cateyorical dataor averageclass
if theclassis numeric.One-Rgenerateaonelevel decision
treewhichtestsonly oneparticularattribute andformsaset
of rulesbasednly onthatattribute. J48buildsa C4.5deci-
siontree[12]. Baggingcreates arti cial datasetsfromthe
original datasetandappliesa decisiontreeinduceron each
of them. Then generatedlassi ersthenvote for the class
to be predicted. LogitBoostusesa learningalgorithm for
numericpredictionanda combinedmodelis formedwhich
is thenusedfor classi cation[7]. NaiveBayeselectsthe
mostlikely classi cationbasedon a setof attribute values
usingprior probabilitiesandconditionaldensitief thein-
dividualfeatures.

We also constructedhree other datasetswith reduced
numbersof featuresafter ranking the individual features
basedon theinformationgainratio [12] from decisiontree
induction. Thetop 29 featuresareconsideredn oneset(Set
1), thetop 25 in the next set(Set2), andthetop 20 in the
lastset(Set3). Next, we comparedhe performancef J48
onthesedatasetsagainsthe completedataset(Set0) with
all the55 features We provide thetop 25 featuresbelow in
orderof informationgain:

Keybd-Count5, Keybd-Any5, Mouse-Count5,
Mouse-Any5Keybd-Any1,Mouse-Any1Keybd-
Immed, Mouse-ImmedMotionCount5, Motion-
Any5, Motion-Anyl, Apptime Mouse-All1,
Keybd-All1, Motion-Immed, P3-Count5, P1-
Count5, P2-Count5,P1-All5, P2-All5, P4-AlI5,
P4-Count5,Talk-Count5 Motion-All1.

Figure3 shavs the performanceof J48 on differentdata
sets. J48 correctly classi ed 64:4% of the instancesand
generated5 rulesfor the completedataset (with 55 fea-
tures).Thealgorithmalsocorrectlyclassi ed 62:5% of the

instancen the reduceddatasetwith 25 featureswith 36
rulesbeinggeneratedThe gure shavstherelative perfor
manceof thedecisiontreeinduceron our four datasetsand
thereseemdo belittle performancealegradationevenwith
only 20features We choseto useSet2 with 25 featuredor
furtherstudy Oncewe hadpreliminaryidenti cation of the
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Figure 3. Performance of J-48 on ranked data
sets with diff erent number of features

top 25 featureswe comparedhe classi cationaccurag of
differentmachinéearningalgorithmson the completedata
set(Set0) andSet2. Figure4 shavsthiscomparisorfor the
four classreminderproblem. We alsoinvestigatedhe two
classreminderproblemwherethe two classesarewhether
or not to generatea reminder Thatis remindertypesone
throughthreewherelumpedinto one category. Figure5
shaws performancdor this problem.All thelearningalgo-
rithms have almostthe sameperformanceon both the four
classreminderproblemand the two classreminderprob-
lem. Note that they are ableto do signi cantly betteron
thetwo classproblemachieving aclassi cationaccurag of
above 80% This implies that predictingwhetherto gen-
eratea reminderor not is a signi cantly simpler problem
than predictingwhich of four remindertypesto generate.
We alsonotedthatOne-Rchosekeyboardusageasthemost
usefulfeature. It tiesin well our obsenationthatthe user
understudyexpertly usesa numberof keyboardshortcuts.
The confusionmatrix obtainedfor the completedataset
is shawvn in Table1. J48 correctlyclassi es64:40% of the
instancesn the completedataset. The elementsalongthe
principal diagonalarethe true-classvalues. Fromthe con-
fusionmatrix we caninfer that 170/188instance®f type-0
(no-reminder)are correctly classi ed. The learningalgo-
rithm is not able to very accuratelydiscernwhen to use



Predicted 0 112 3
Actual +
0 170 7 | 7| 4
1 19 | 20| 8] 15
2 11 | 6 | 4] 10
3 6 |17|5]| 14

Table 1. Confusion Matrix for the four classes
of reminder s for the full featured data set with
55 features

Predicted 0 1123
Actual +
0 165| 8 | 10| 5
1 18 | 24| 5 | 15
2 13|18 2| 8
3 10 |14 7 | 11

Table 2. Confusion Matrix for the four classes
of reminder s for the reduced data set with 25
features

Predicted No-Reminder| Generate-Reminde|
Actual +
No-Reminder 162 26
Generate-Reminder 36 99

Table 3. Confusion Matrix for the two-class
reminder for the full featured data set with 55
features

Predicted No-Reminder| Generate-Reminde|
Actual +
No-Reminder 164 24
Generate-Reminder 32 103

Table 4. Confusion Matrix for the two-class
reminder for the reduced data set with 25 fea-
tures

‘[]AH-features (55) W Top 25 features‘

W R VA= R = L
= B v = =]
TR LM k]

Acouracy

U 35 :

0 T T
Zero R OneR 4 Bagging
Learning Algarithm

LogitBoost  Naive Bayes

Figure 4. Comparison of diff erent learning al-
gorithms on the complete data set and re-
duced features data set for the four class
problem

remindertypesl; 2, and3. Table2 shaws the confusion
matrix obtainedfor the top 25 featuresdataset. Herethe
decisiontree providesan accurag of 62:5% with 165/188
instance®f type-0 beingcorrectlyclassi ed.

The confusionmatricesfor the two classproblemsare
givenin Table3 andTable4. J48improvedits performance
to 80:81%in caseof the datasethaving all thefeaturesand
to 82:66% on the reducedfeaturedataset. Clearly Syco-
phantcanmoreaccuratelypredictwhetheror notto gener
ateareminder Predictingwhich remindertypeto generate
seemdarderandthis remainsanareaof active researchn
our group. Finally, removing motion and speechfeatures
from Set0 resultedin a statisticallysigni cant decreasén
predictionaccurag on the four classproblem- the clearly
pointsto theimportanceof payingattentionto thecomputer
systems ervironment(externalcontext) in improving user
interaction.

Althoughthedecisiontreesgeneratedor the usermodel
could not be includedin the limited spaceavailable, we
would like to notethe following. Keyboard,Mouse, Mo-
tion andTalk give themostusefulinformationasevidenced
by thetreegeneratedor dataSet0 aswell asfrom therank-
ing of individual featureshasedn theinformationgainra-
tio criterion. On the completedataset with four classes
of reminders,the decisiontree constructedan interesting
rulewith akeyboardfeature(Keyboard-Ary5)choserasthe
root node. The users working hourswhich startat approx-
imately9 a.m.is thenext signi cantly usefulfeature.Next
is talk count.For exampleif thetalk countwasgreaterthan



Figure 5. Comparison of diff erent learning al-
gorithms on the complete data set and re-
duced features data set for the two class prob-
lem

2, andthereis no motionin the last minuteandif the ap-

pointmentiimeis greaterl2.20(lunchtime)thenbothtypes
of remindersaregeneratedecausehe useris usuallyin a

comatosestateafter lunch and did not carewhich type of

remindershewantedandoften choseboth. Onthereduced
featuredataset,for the four classeof reminders,J48 con-

structedaninterestingrule with Keyboard-Ary5 attheroot

node. If thetalk countin thelast ve minuteswasgreater
than2 andthereis keyboardactuity in thelastminute,then
generatea voice reminder This seemedo make senseto

the userin thatshehasjust startedto useheary useof the

keyboardand thereforeprefersa soothingvoice reminder
overamoredistractingpop-upwindow.

5. Conclusionsand Futur e Work

In this paper we investigatedan approacho building a
contet-learninguserinterface applicationusing informa-
tion from simple sensorghat detectednternal (keyboard,
mouse andprocessactivity) andexternal(motion, speech)
contet. Our calendaringapplication,Sycophantysedma-
chinelearningtechniquedo learn,basednthis context in-
formation,a mappingfrom sensowvaluesto remindertypes.
We obtained64% accurag in learningto choosebetween
four remindertypes (four classproblem); more impres-
sively, we were able to obtain 80% accurag for the task
of learningwhetheror notto generat@reminder(two class
problem).We foundthatsimplesensoinformationlik e the
existenceof motionandspeechn theusers vicinity along

with keyboardandmouseactiity areusefulfor learningthe
mappingfrom sensowraluesto remindertypes.

We arenow gatheringmore datafrom differentgroups
of usersandare consideringthe suitability of otherappli-
cationsto our context-learningapproach. Investigationis
also beingdoneinto nding more sensorsor varying the
currentsensorgo increasethe performanceof the system.
Finally, wewouldlik eto investigateadaptve userinterfaces
thatcombinesexpertgenerateduleswith machinelearned
rulesin genetics-baseahachindearningsystemg8].
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