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Abstract

This paperpresentsa generaldecisiontheoreticmodel
of interactionsbetweenusersand cognitive assistve

technologiedor varioustasksof importanceto the el-

derly population. The modelis a partially obsenable
Markov decisionprocess(POMDP) whosegoal is to

work in conjunctionwith a usertowardsthe comple-
tion of agivenactiity or task. This requiresthe model
to monitorandassistthe user to maintainindicatorsof

overall userhealth,andto adaptto changes.The key

strengthsof the POMDP model are that it is able to

dealwith uncertaintyit is easyto specify it canbe ap-
plied to differenttaskswith little modi cation, andit is

ableto learnandadaptto changingasksandsituations.
This paperdescribegshe model, givesa generallearn-
ing methodwhich enableghe modelto belearnedrom

partially labeleddata,andshows how the modelcanbe
appliedwithin ourresearciprogramontechnologiegor

wellness.In particular we shav how themodelis used
in threetasks:assistechandwashing,healthandsafety
monitoring, andwheelchairmobility. The papergives
anoverview of ongoingwork into eachof theseareas,
anddiscusses$uturedirections.

Intr oduction

A growing areaof actiity in healthtechnologyis support
systemdor olderadults,possiblywith cognitive or physical
disabilities,who want to continueto live independentlyin
their own homesi.e. age-in-place.Suchsystemsare typi-
cally engineeredor a certaintaskto provide guidance as-
sistancepr emegeng responséMihailidis & Fernie2002;
LoPresti, Mihailidis, & Kirsch 2004). However, this ap-
proachis labourintensive, andtheresultingsystemgendto
have no capacityto adaptover time or to differentusersor
tasks.In this paperwe discussanapproacho this problem:
aubiquitousmodelingtechniquahatcanadapto usersover
time. Theideais to have a singlemodelandlearningtech-
nigue that can be easily appliedto differenttasks,without
theneedto re-engineethemodel.

A typical taskrequiring assistanceonsistsof four prin-
cipal elements.We discusstheseelementsherein the con-
text of thehandwashingtaskfor cognitively disabledpeople,
who typically requireassistancérom a humancaregiver to
washtheir hands.An exampleof thisis shavn in Figurel,
which shows key framesfrom about15 secondf a video
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"l want you to use some soap now"
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Figurel: Examplesequencén which a useris promptedto
putsoapon their hands.

of auserwashingtheirhandsassistedy ahumancaregiver.
First, the task stateis a characterisatiorof the high-level
stateof the user andis relatedto the goalsin the task. For
example,handwashingcanbe describedby task statesthat
describewhetherthe handsare wet or dry, dirty, soagy or
clean.In Figurel, theusershandsaredirty andwetatframe
1331,but becomesoagy andwetby framel1745.Secondthe
behaviorof the useris the courseof actionthe usertakesto
changeahetaskstate.Commonbehaiors duringhandwash-
ing may be things like rinsing handsor using soap asin
Figurel. Third, the caregiver's actionis whatthe careiver
doesto help the userthroughthe task. During handvash-
ing, theseactionsaretypically verbalpromptsor reminders
suchasthe“l wantyouto usesomesoapnow” in Figurel.
However, aswe will shaw, actionscanincludemoregeneral
dialogueiterations callsto otherresponsaystemsor phys-
ical controlof relatedsystemsThefourth elementtheusers
attitude is the cognitive stateof the user suchastheir level
of responsienessattention frustrationwith thesystemand
overalllevel of health.Theusers expeditiousreactionto the
promptin Figurel, for example mightgive usanindication
thatthey areresponsie, andareattendingto the prompting
system. Over a longertime period, the users overall level
of healthmay change For example their medicalcondition
might take a turn for the worse,requiring attentionfrom a
professional.Sucha changemay be noticeablein their re-
sponsegandbehaiors.

Our goalis thento designa modelof theinteractionsbe-
tweenthesefour elements,andto optimize an automated
cargyiving stratgy by maximising(over the actions)some



notionof utility overthepossibleoutcomesThemodelmust
beableto dealwith uncertaintyin the effectsof actionsand
in sensomeasurements, mustbe ableto tailor to speci ¢
individuals and circumstancesit mustbe ableto trade off
various objectie criteria (e.g., task completion, careyiver
burden,userfrustrationandindependence)ndit mustbe
relatively easyto specify A partially obsenableMarkov de-
cision procesyPOMDP),a decisiontheoreticmodelwhich
hasrecentlyreceved muchattentionin the Al community
ful lls theseconstraints.

The generaPOMDPwe presenimodelsthe taskandthe
attitudeasconsequencesf the behaviorof the user which
is a reactionto the actionsof the cargyiver. We claim that
thetaskwill tendto be simpleto specify andcanbede ned
by a non-specialisegerson,while the attitudewill require
expertknowledge,but will tendto generaliseacrosstasks.
On the otherhand,the behavios will be muchmore dif -
cult to specify The standardapproacho specifyingmodels
of behaviors occursin two phasesin the rst phasegxpert
knowledgeis usedto de ne the behaiors that will occug
andasupervisedlassi eris trainedto recogniseghesestati-
cally de ned behaiors. In the secondphasea modelof the
relationshipbetweerthe behaiors (asgivenby the learned
classi er) and the taskis learned. The problemwith this
approachs the needto specify behaiors a priori. Thisis
a laborintensie taskrequiringexpertknowledge. Further
differentindividuals performthe samebehaiors in differ-
ent ways, exhibit differentbehaiors to performthe same
task,andchangetheir behaiors over time, usuallyasare-
sult of their changingstateof health. Theseconsiderations
male it very dif cult in mary casesto de ne a single set
of recognisabléehaiors. This aspecis emphasiseih the
rehabilitationliteratureextensvely (LoPresti,Mihailidis, &
Kirsch 2004). Finally, usersrequireassistancéor very dif-
ferentaspectf a task,andso recognisingall possiblebe-
haviors may be very wasteful. Our approachs to discover
thebehaiors thatarebeingexhibited, andto learn their re-
lationshipto the tasksimultaneously{Hoey & Little 2004).
This learningmethodhasthe dual advantageof not requir
ing extensie a priori knowledgeandtraining,andof being
capableof adaptingo differentusersin differentsituations.

The paper rst describegelatedwork, then describesa
generalPOMDP model,including the obsenration function
and the methodsfor specifying, learning, and solving the
POMDR We will thendiscussthe applicationof this gen-
eralmodelin our own researciprogramon technologiesor
wellness,wherewe focus on the developmentof systems
thatcanassistlderadultsin a variety of contexts — specif-
ically, completionof actiities of daily living (ADL), health
andsafetymonitoring,andimproved mobility.

Related Work

Cognitive Assistive technologieshave beenthe subjectof
muchresearcloutsidethearti cial intelligencecommunity
andarereviewedin (LoPresti,Mihailidis, & Kirsch 2004).
Most relevant to our work, a systemfor monitoring hand-
washingusinga ceiling-mounteccameravasdemonstrated
in (Mihailidis, Barbenel & Fernie2004). The userwasre-
quiredto wear a patternedbracelet,the location of which

wasdetermineddy a patternrecognitionalgorithm. There-
sulting locationwastheninput to a neuralnetwork for the
recognitionof prede nedbehaiors. This systemwas in-

vasive and was not learnedfrom data. A POMDP model
for a schedulingsystemfor the careof the elderly wasde-
scribedin (Rudary Singh,& Pollack2004). Their work is
partof the Autominderproject,which alsoincludesdesign
of arobotic nursingassistanthat usesa POMDPfor navi-

gation purposegMontemerloet al. 2002). POMDPshave
recentlybeenappliedto dialoguemanagemerit carefacil-
ities (Roy, Gordon,& Thrun2003).

Therehasbeensigni cant progressin learning patterns
of actiity from a persons$ positionaldata. Theseinclude
datamining techniquedor discovering sequencesf activi-
tiesfrom discretedata(Guralnik& Haigh2002),andlearn-
ing the parameter®f a hierarchicalhiddenMarkov model
to explain GPSdataof outdoortransportatiompatterngLiao
etal. 2004). We arelearninga similar model, but explic-
itly addsystemactionsandmodelvideo sequencedirectly
insteadof only positionaldata.Otherresearcherasesuper
visedtechniqueso build modelsof meetingdynamicqRyb-
ski & Veloso2004),of ce actiity (Nguyenetal. 2003),and
otherin-homeactvities (Hamid,Huang,& Essa2003).

Our previous work, (Hoey & Little 2004; Hoey et al.
2005),shavedhow to learnthe parametersf afully observ-
ableMarkov decisionprocesswhile discorering modelsof
behaiors. We have alsoappliedsomepreliminaryversions
of the systemsresentedereto handvashing(Bogeret al.
2005b),emegeng responséMihailidis etal. 2005)andfall
detection(Lee & Mihailidis 2005).

General Model

A discrete-time®?OMDPconsistf: a nite setS of states;
a nite setA of actions;a stochastidransitionmodelPr :
S Al (S), with Pr(tjs;a) denotingthe probability
of moving from states to t whenactiona is taken; a -
nite obseration setO; a stochastimbsenration modelwith
Pr(ojs) denotingthe probability of making obseration o
while thesystenis in states; andarewardassigningeward
R(s;a;t) to statetransitions to t inducedby actiona. Fig-
ure2(a)shavsthe POMDPasa Bayesiametwork. Givena
speci c POMDR ourgoalisto nd apolicy thatmaximizes
the expecteddiscountedsumof rewardsattainedby the sys-
tem. Sincethe systemstateis not known with certainty a
policy mapseither belief states(i.e., distributions over S)
or action-obseration historiesinto choicesof actions. We
will notdelve into detailsof POMDPsolutionmethodsput
notethat currentresearcthasenabledthe approximateso-
lution of very large POMDPs(Poupart& Boutilier 2004;
Hoey & Poupar2005),andwe arecon dentthatourcurrent
work will allow usto solve the POMDPswe arepresenting
in this paper We referto (Lovejoy 1991)for anoverview of
POMDPconceptsandalgorithms.

Figure2(b) shavs the samemodel, exceptthat the state,
S, hasbeenfactoredinto threesetsof variables:task(Sy,),
attitude (Sp) andbehavior(Sp). Herewe describeeachof
thesesets,aswell asthe actionsof the system,A, andthe
obsenationsfrom which the stateof the modelis inferred.
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Figure2: (a) Two time slicesof generaPOMDP The state,
S, ismodi ed by actionA, andproduceobsenationO. (b)
Two slicesof factoredPOMDPfor modelinguserbehaior
duringinteractionwith cognitive assistve technology

Task, Sp: A characterisatiorof the domainin which the
taskis taking placein termsof a setof high-level vari-
ables. Thesewill typically describethe physical stateof
itemsin thetask,suchasthe cleanlinesof handsduring
handwashing,or the locationof a userin a mobility aid.
Thesevariablemeedo bespeci edfor eachtask,but they
characteris¢he world at a sufciently highlevel to make
this accessibleéo awide variety of non-technicapeople.

Attitude, Sp: variablesdescribethe cognitive stateof the
user This may include the level of dementiaand the
currentresponsienessor perhapghelevel of frustration
the useris experiencingwith the systemitself. The at-
titude variablesessentiallydescribeinternal propertiesof
the userthatgeneraliseacrosstasks,andwould be spec-
i ed by expertsfor the generalsystem,andthen carried
over andpossiblyadaptedor eachtaskthroughlearning.

Behavior, Sp: The task statesand the users attitude are
changedby the users behavior Sy. The users behavior
evolves dependingon the previous statesof the attitude
andthetaskaswell asthesystem$action,A. Thebehav-
iors are probablythe mostdif cult to manuallyspecify
andsoarelearnedby the systemfrom data.

Action, A: Theactionsof systemmodify thebehaior, atti-
tude,andthetask. Theseactionscouldbeverbalprompts,
calls to humancaraivers or otherresponsesystems,or
physicalchangego theervironment.

Obselvations, O: Taskandbehaviorvariablegyenerateb-
senations, 0Oy andOy, respectrely. We will assuméere
that theseobsenationsare generatedrom non-invasve
sensorssuchascameragin which casethe obserations
arevideostreams)microphonegaudiostreams)or ervi-
ronmentakwitchessuchasthermostats.

Jointly, S = fSp;S5:Sh0 is known as the state.
The transition function here, Pr(S:jSt 1;A:) =
Pr(Sbe;Spy; SntiSot 1;Sp; 1:Sht 1;At), IS written as a
productof threeterms,asfollows. Pr(Sy:jS: 1;A:) gives
the expectedbehaior of the usergiven the previous state
andthe systemaction. Pr(Sp,jSot; Spy 1;Sht 1;At) gives

the expected user state given the current behaior, the
previous attitude and task statesand the systemaction.
Pr(Sn:jSnt 1Se:) givesthe expectedtask state given the
currentbehaior andthe previoustaskstate.Notice thatthe
only conditionalindependenciemtroducedherearein this
lastdistribution: thetaskstateis independentf theattitude,
Sp, andthe action,A. Theideais thatchangesn the task
statesarecausedy thebehavios of theuser independently
of theusers attitudeor the systems actions.Theaction,A,
only affectsthe behaviorandattitude of the user whichin
turn may causechangedo thetask

TheobsenrationsO = f Oyp; O g aregeneratedby thetask
and behaviorvariables,S;, and S, respectiely, through
some obsenation functions Pr(OnjSy) and Pr(OpjS).
Thesedistributionscanbe of mary differenttypes,depend-
ing on whatthe obsenrationsare. In general,however, the
time scalesat which obserations occur will be of much
shorterdurationthanthoseat which taskor attitudechange.
Obsenations of behaiors will typically be framesfrom
somevideocamergat 30Hz),or somesggmentsof anaudio
stream(at 10kHz),whereaghetaskstateswill only change
everyfew secondsFor example duringhandvashingatyp-
ical behaior may be “putting soapon hands”,which may
take afew secondgo perform,andresultin 30 videoframe
obsenations(e.g. Figurel), but only causea singlechange
of the taskstate:the handsbecome'soapy”. Thus,the ob-
senation functionsmay introducesomehierarchicalstruc-
tureinto themodel.

Specifying,Learning, and Solving POMDPs

Therearethreestepsto obtaininga working POMDP-based
system: speci cation, learningand solving. The POMDP
is rst speci edby de ning a setof taskandattitude vari-
ables,the obsenation space(what the sensorswill be re-
portingto thesystem)asetof actionsthe systemcantake, a
rewardfunction,andthe conditionaldependencieis theas-
sociatedBayesiametwork (Figure2). The transitionfunc-
tion Pr(Si+1 jSt; A) andthe obsenationfunctionPr (OjS)
are then learned from data, and the resulting POMDP is
then solvedto yield a policy of action, mappingobsena-
tionsto actions. Ideally, theselasttwo stepsare combined
in one, andthe systemlearnsboth the modelandthe pol-
icy onlineasit interactswith usersknown asreinforcement
learning(RL). However, onlinelearningrequiresagreatdeal
of exploration for the systemto discover how the domain
works,sothatit canexploit its knowledge(andreachgoals,
etc.). This exploration canbe very costly especiallyin a
clinical settingwith cognitively or physically disabledusers.
Bayesianreinforcementearningoptimisesthe tradeof be-
tweenexplorationand exploitation by including the model
parametersas part of the statethat is being estimateddur-
ing onlineinference(DeardenFriedman,& Russell1998).
The intuition is that the systemshouldincludeits learning
taskasoneof its goals(alongwith the goalsde ned by the
domainitself). In a principledway, BayesianRL alsoal-
lows incorporationof prior knowledgeto reducethe need
for exploration. We integratethis prior knowledgein three
stages. First, we elicit a reward function (either manually
or automatically)from users gxpertsandcaregiving profes-



sionals. Secondwe elicit a partial transitionfunction that
describeghe dynamicsof the attitude variablesfrom data.
This informationwill be gatheredfrom experts(e.g. psy-
chologists)who know how the cognitive statesof a tamget
populationchangen situationsof interest. Third, we learn
aprior modelof ine from asetof trainingdatagatheredus-
ing anexisting automatedystemor ahumancaregiver (dis-
cussedelow). Finally, we solve the modelusingan of ine
dynamicprogrammingtechnique(Hoey & Poupart2005),
to yield aninitial policy of action. Bayesianreinforcement
learningcanthenbe usedto adjustthis modelfor eachtask
andeachuser In the following, we only describethe of-
ine learningof the prior model,whichis designedo yield
amodelsufcient for deploymentin a clinical setting. We
do not discussthe subsequenapplicationof BayesianRL
furtherin this paper

Our method rst gathersa corpusof training datausing
an existing automatedsystem,or usinga humancaregiver.
The training datais then be partially labeledfor the task
variablesby non-perts. Finally, the modelis learnedus-
ing the expectation-maximizatiofEM) algorithm (Bengio
& Frasconi1l996), which nds the model parameterghat
maximizethe posteriordensityof all obsenationsandthe
model. Denotethe setof obsenationsin thetrainingsetO,
the caraiver's promptsA , andtaskstatesSy, . Thelearning
problemis to nd the setof parameters thatmaximizes
Pr(O;Sh;A; ), subjectto constraintonthe parameters,
which involvesintegrating over all possibleuserbehaiors
Sp andattitudesS, TheEM algorithmeaseshis maximiza-
tion by writing it

X

argmax Pr(SpSpjOSn 9YlogPr(0Sj )

Sb ;Sp

+ logPr( )

The “E” step of the EM algorithm is to compute
the expectationover the hidden behaiors and attitude,
Pr(SpSpjOSn 9, given % acurrentguesf theparam-
etervalues.The“M” stepis thento performthe maximiza-
tionwhich, in this case canbecomputedanalyticallyby tak-

ing derivativeswith respecto eachparametersettingthem
to zeroandsolving for the parameter¢Bengio& Frasconi
1996). One of the mostinterestingaspectf this learning
methodis thatit discovers classe®f behaiors thatoccurin

thedata(Hoey & Little 2004).

Activity Models

We will demonstraténow to apply the POMDP model to
threetasks: prompting assistancaluring handvashingfor
peoplewith Alzheimers, emegengy responsegor the el-
derly, and wheelchaircontrol for the cognitively disabled.
For eachtask, we introducethe domain,andthen give an
overview of thetaskandattitudevariablesandof thesystem
actions.We thendescribethe obserationsand obseration
functions,thetransitiondynamicsandthe reward function.
Finally, we describesomeof our currentwork.

Handwashing

Older adults living with cognitive disabilities (such as
Alzheimer's diseaseor otherforms of dementia)have dif-
culty completingactiities of daily living (ADLs), andare
usually assistedby a humancaregiver who promptsthem
when necessary Assistive technologywill allow this el-
derly populationto age-in-placédoy non-invasively monitor
ing userdn theirhomesduring ADL, providing guidanceor
assistancevhen necessaryLoPresti,Mihailidis, & Kirsch
2004). In the handwashingADL, the userneedsto get his
handscleanby progressinghroughstageghatinclude us-
ing soap,turning the water on and off, rinsing and drying
his hands. A cargyiver monitorsthe progressof the user
issuingremindersor promptsat appropriatdimes.

Task The handvashingtaskcanbe describedoy threepri-
mary task variables: handsclean which canbe f dirty,
soapy clearg, handswet, which canbe f wet, dryg, and
water. ow, which canbef on, offg. We assumeéhehands
startdirty anddry, andthe goalis to getthemcleanand
dry, whichcanonly happernif they becomesoapyandwet
at someintermediatdime. The waterstartsoff andmust
be off for taskcompletion.Only thewater o w hasa cor
respondingobsenation (e.g. a water ow switch) from
which it can be obsered. Othertask variablesare in-
volved with timing issues(suchas how muchtime the
systemhaswaitedfor, how mary promptshave beenis-
suedwith noresponseetc),andwith issuegelatedto the
users currentperformancésuchashow mary timesthey
have regressedn thetask). See(Bogeretal. 2005b)for
details.

Attitude Theattitudeof the usercanplay a critical role in
their ability to respondo prompts.We usetwo variables
for handvashing: attentivenessdescribinghow likely
they areto attendto the an audio prompt, and respon-
sivenessdescribinghow likely they areto respondto a
promptif they hearit.

Actions Thesystemactionsarethe possibleremindershat
canbegivento theuserin theform of audiblecues corre-
spondingto the canonicalstepsof handwashing:turn on
water, wethands usesoap dry handsandturn off water.
The promptscan be issuedat threelevels of speci city.
Thereis alsoonenull actionwherethe systemwaits (to
give moreindependencéo the user),and one action of
calling for humanassistancerThis lastactionis important
for sucha system:it mustknow whenits limitationshave
beenreachedThegoalis to reduceburdenon carajivers,
not to replacecaragiversentirely Audio cueshave been
foundto besufcient to decreasearayiver burdenin pre-
viousstudieg(Mihailidis, Barbenel& Fernie2004).

Obserwations The users behaiors are inferred from
videostaken from an overheadcamera.Thesebehaiors
have a temporalextent over multiple video framesand
requirea hierarchicalobsenration function. The beha-
iors arelearnedirom data,but typically correspondo the
usualactiitiesin handwashing suchasusingthesoapor
reachingfor thetowel (Hoey etal. 2005).

Dynamics Thetransitiondynamicsencodethe progression



of the handvashingtask. For example, handsbecome
cleanif they aresoaly andthe userperformsa behaior
of rinsing. Theprobabilityof anappropriateiserbehaior
asarespons¢o promptsincreasesvith promptspeci city
andwith userresponsieness.

Reward The reward function gives a positive reward for
taskcompletion,small negative rewardsfor eachprompt
(encodingthe preferenceof usersto completetaskson
their own), anda large negative reward for calling a hu-
mancareyiver.

We have experimentedwith two simplied versionsof
this POMDR The rst versionusesa simpli ed setof vari-
ables(ignoring attitudeandtiming issues).andshows how
modelsof behaiors could be learnedfrom data,and how
they could be subsequentlyusedto monitor user progress
in the task (Hoey et al. 2005). The secondversion of
this POMDP usesan a-priori speci cation of the model
parameterganda simpli ed obsenration function (Bogeret
al. 2005a;2005b). Obsenrationsof handpositionsarede-
rived from video framesusing skin color analysis(Mihai-
lidis, Carmichael& Boger2004),andbehaiorsarede ned
asthe mostlikely location of the handsover eachtempo-
ral sequenceDespitethe sizeandcompleity of the model
(over 50 million states)we wereableto solve the POMDR
producing(approximately)sequentiallyoptimal policiesfor
ADL prompting. Clinical trials have beencompletedwith
a fully obsenable versionof this model. More trials are
plannecto validatethe full POMDP Figure 3 shawvs an ex-
amplein which a personwith dementiais promptedby the
fully obsenableversionof thePOMDPmodelduringaclin-
ical trial.

Health Monitoring and EmergencyResponse

Aging-in-placeis dif cult for adultswho live alone, pos-
sibly in rural areaswhere assistancanay not be readily
available (Mynatt, Essa,& Rogers2000;Mihailidis & Fer
nie 2002). For example,they may have a heartattack or
stroke, fall, or becomesomehw incapacitatedvithout the
ability to call for help. In additionto thesespontaneouad-
verseevents,theremay alsobe a gradualdeclinein overall
healthstatusbothphysicalandcognitive, thatfurtherplaces
older adultsat risk. Thereare currently several attempts
to addresgheseissuesand supportaging-in-placethrough
the use of technologicalsolutions,the most commonbe-
ing emegeng responseystemsandhealthmonitoringde-
vices. Themostcommonemegeng responsaystemERS)
is thetelephone-basegkersonakmegeng responseystem
(PERS),which consistsof the subscribemwearinga small
helpbuttonasa necklaceor wristband,andahomecommu-
nicatorthatis connectedo a residentialphoneline. In the
eventof anemegeng, thesubscribepresseshehelpbutton
andis connectedo alive emegengy responseentre which
arrangedor appropriatéhelp,suchascalling paramedic®r
thepersons family. Remotehealthmonitoringdeviceshave
also beendevelopedthat measureand track various phys-
iological parameterssuchas pulse, skin temperatureand
bloodpressureg¢Asadaetal. 2003).

However, thesesystemsareinvasive: they requiretheuser

towearthedevice atall timesand/orto manuallytake there-
quiredmeasurementddany of thePERSandphysiological-
basedmonitoring systemsare inappropriate obtrusve and
dif cult for anolderadultto operatefor variousreasonge.g.
requireeffort from the user long training periods etc.),and
they becomeéneffective duringmoreseriousemegeny sit-
uations(e.g. the personhasa stroke). As aresult,new sys-
temsarebeingdevelopedthatdo notrequiremanuainterac-
tion from the user andthatusenon-plysiologicalmeasures
to determinehealth(Lee & Mihailidis 2005).Herewe showv
howv the POMDP modelwe have discussectanbe usedto
modelthe healthmonitoringandemegeng responseasks.
The conceptis to have camerasmicrophonesandspeak-
ersinstalledthroughouta home, monitoring the users ac-
tivities during the day (for healthmonitoring) and provid-
ing assistancer emepgengy responsavhenneeded.In this
casetherearetwo inputs: videoandaudio,which relateto
visually obserable behaiors of the userandtheir speech
acts,respectiely. This POMDP combineselementsof hu-
manactiity modeling(Wrenetal. 1997;Oliver, Horvitz,
& Gamg 2002)anddialoguemanagemen{Roy, Gordon,&
Thrun2003;Williams, Poupart& Young2005).

Task Taskvariablesincludedescriptorsof the persons lo-
cation,thetime of day, thefrequeng of visitsto different
locations,andwhetherthey have fallenor not.

Attitude Attitude variablesherecanincludeoveralllevel of
health(suchasfatigue,recurrenceof diseasesymptoms,
etc),responsienesgo prompts.currentalertnessevel.

Actions Possibleactionsare questionor speechacts(dia-
logue),or callsto neighborscareayivers,or paramedics.

Obselvation Therearetwo behaviorvariables: the visu-
ally obsenable actions, such as motion (from room to
room or within a room) and unusualevents(falls), and
the audibleactions,suchas speechactsor othernoises.
Thevisualandaudiobehaiors of auserarerelatedto the
obsenationsof video(from camerasandaudio(from mi-
crophones)hroughseparatebsenationfunctions.Video
obsenations are processedusing adaptve background
subtractionand blob analysis(Wren et al. 1997). Au-
dio obsenations are processedising the Sphinx open-
sourcespeechrecognitionengine(Walker et al. 2004),
which givesthe ability to assesshe obseration proba-
bility Pr(ojs), whereo is the audiostreamands arethe
speechtokens,which correspondo the behaiors, Sy, in
our model. Sincethe speeclrecognitionengineuseshid-
den Markov models,this will implicitly be a hierarchi-
cal obsenationfunction. Theinformationfrom thevisual
modality hasalsobeenusedto help the speechrecogni-
tion usinga microphonearrayanda beam-formingalgo-
rithm. This allows sourcesof noiseto be attenuatedso
thattheaudiosignalcomeamainly from theareain which
apersorwasobsenedto have fallen.

Dynamics The model encodestwo distinct, but related,
functions. First, the monitoring of the overall level of
healthof the personis doneby the dynamicsof the at-
titude andtaskvariables. For example,if the frequeny
of visits to a particularlocation (e.g. the bathroom)sud-
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Video
Image
handsstate dirty dirty dirty soapy
handswet dry wet wet wet
water off on off off
Prompt “put some "turn the
soapon water on
your hands now"

355 400 657 726 746
soapy clean clean clean clean
wet wet wet wet dry
on on off off off
"use the towel
on your right"

Figure3: ExamplehandvashingsequenceTheuserindependentlyurnsthewateron andwetstheirhandgup to frame87), at
which point the systempromptsthemto usethe soap. The userturnsthe wateroff beforeusingthe soap,soa secondorompt
is givento turnthewateron again at frame316. The userthenmanageso nish washingtheir hands but stallsbeforedrying
them,sothe systemissuesonelastpromptfor themto dry theirhandsat frame726.

@) (b) ()

Figure4: Examplefall detection.(a) originalimageshawving
known regions(b) silhouetteextractedusingadaptve back-
groundsubtraction(c) segmentedimage shawving fall and
regions. The size, shapeand location of the personin (c)
signalsafall.

denlyincreasesthis may be anindicationof the onsetor
recurrencenf a healthcondition,andthe transitionfunc-
tion will assigna higher probability to this conditionas
a resultof the obserationsof increasedathroomtrips.
Similarly, the presencef the personin anunusualloca-
tion at sometime of the day may also be an indication
of a changingstateof health. The response$o changes
in theseattitude variablesmay be to schedulea visit to
a doctor or to call a family member The secondfunc-
tion of the systemis emegeng responseén the caseof a
fall. In this case,it is not the attitude variablesthat are
important, but the task variablesdirectly. The systems
responseavill beto initiate a dialoguewith the personto
uncover moreinformation, followed by possiblecalls to
emegeny responseéeams.

For bothof thesefunctionsof the systemspeectactswill
be usedto carry on dialoguesin casesvherethe system
attemptgo uncover additionalinformationfrom the user
suchaswhetherthey needhelp, etc. This requiressome
form of dialoguemanagement¢ncodedn the dynamics,
which is an active areaof researchn POMDP model-
ing (Roy, Gordon, & Thrun 2003; Zhanget al. 2001;
Williams, Poupart& Young2005).

Reward Rewardsaregivenfor calling for helpif undesir
ablesituationsareencounterede.g. unrecwerablefalls,
declinein healthlevels,etc.)

A preliminary version of this systemhas beenimple-

mentedMihailidis etal. 2005)andis currentlybeingtested.
An exampleof thefall detectionrcomponents shovn in Fig-

ure4. In this preliminarywork, we simply engineeia policy

of actionwithout specifyingthe POMDP model,sothereis

no learning. Further the healthmonitoringandemegeny

responsesystemsare implementedseparately Our current
work is to combinetheseinto asinglePOMDPmodelwhich

canbelearnedirom data.

Wheelchair Mobility

Many older adults face variousimpairmentsand disabili-
ties that resultin their mobility being compromised. Fur-
thermore,mary of thesepeoplelack the strengthto man-
ually propelthemseles, andrequirepowveredwheelchairs.
However, poweredwheelchairsarenotappropriatdor older
adults with a cognitve impairment, such as dementiaor
Alzheimer's diseaseasthey do not have the cognitive ca-
pacity requiredto effectively and safely manoeuvrethe
wheelchair In addition,their sometimesggressie andun-
predictablebehaior makeswheelchairuseunsafefor both
themselesandotherssharingthe ervironment.As aresult,
mary careinstitutions(e.g. hospitals,Jong-termcarefacil-
ities, etc.) have implementedpolicies that restrictdriving
for reason®of safety especiallyfor residentswith cognitive
impairment.

Reducedmobility resultsin reducedquality of life. The
combination of social isolation, limited life spaceand
choice learneddependencée.g.requiringsomeonéo push
a manualwheelchair), frustration, and limited autonomy
likely contributesto symptomsof depressiorandexacerba-
tion of cognitive impairmentand undesirabléebehaiors. It
shouldalsobenotedthatthis chainreactionof symptomge-
sultingfrom reducednobility arealsoobseredin otheruser
groupsbeyond older adults(e.g. disabledchildren, adults
with traumaticbraininjury, etc.),thusbroadeninghe scope
of theseproblemsandrequirement$rom potentialsolutions.

In this case our POMDPmodelimplementsa mixedini-
tiative controller for the powveredwheelchair Suchideas
have beenexploredbefore(Yanco1998;Nuttin etal. 2001).
Theideais to let the usercontrol their wheelchairindepen-
dently until potentiallydangerousituationsarise,at which
point the systemwill attemptto modify or stop the users



controls. The systemcanalsoactin amorepassve way;, is-
suingverbalpromptsor reminderdf unusualor detrimental
actiities arenoticed.

Task Thewheelchaircontrol problemcanbe characterised
usinga map of the environmentin which the wheelchair

operatesandmaintainingthelocationandvelocity of the
wheelchairwithin the map. The mapwe useis an oc-
cupany grid (Moravec & Elfes 1985; Murray & Little

1998),which estimateshe presencef anobstacleateach
2D locationf x; yg in the referenceframe of the (mov-

ing) wheelchairor in aglobalreferencdrame. Othertask
stategnayalsoincludedifferentaspect®f theusers situ-
ation,suchastheirschedulemuchlik ein thehealthmon-
itoring POMDPdescribedibove.

Attitude The cognitive stateof the userwill have a sig-
ni cant impact on their ability to control a powvered
wheelchair and so we will include useralertness.User
frustration(with thewheelchaircontrol) couldalsobein-
cludedhere.

Actions Theactionsof thesystermwill beto modify theuser
actions(their behaiors), suchasrestrictingmovementin
acertaindirection,or modifying the users controlsignal.
Actionswill alsoincludeaudiopromptsor alerts sincere-
strictedmovementon its own cancauseconfusionwhich
canbe mitigatedby appropriateserbalcues.

Obsewvation Thebehaiors of theuseraretheirdriving ac-
tions on the wheelchair(useof the control joystick, for
example). They are inferred from the joystick outputs
(controlto thewheelchaimotors). The mapandlocation
variablesareestimatedsimultaneouslyrom stereovision
measurement@urray & Little 1998;Elinas2005).

Dynamics The transitionfunction characterisethe effects
of userandsystemcontrolson the map,locationandve-
locity. Thedynamicswhenusedto computeapolicy, will
giverisetoimplicit safetyervelopesandtimesto collision
in termsof the actionsof the systemanduser For exam-
ple, if anobstaclesuddenlyappearsn front of a moving
wheelchairthe systemcanpredictthatthe only actionto
avoid acollisionis ahardbrakingone. Thedynamicscan
alsoencodethe larger scalepatternsof a persons move-
ment,suchastheir scheduleetc,asin thehealthmonitor
ing casedescribedabore.

Reward Therewardfunctionwill assignalarge penaltyfor
thewheelchailcominginto contactwith any occupiectell
in the map, but a positive reward for the wheelchairre-
spondingto the users command(e.g. from a joystick).
The control policy will thereforeoptimisesatistctionof
users needsfor mobility (their control commandswith
the requirementdor safetyin the wheelchairs location.
Other rewards can be given for keepingthe useron a
schedulefor example.

We have implementeca preliminary versionthis system
thatusedocal occupang grid mapsandavery simplecolli-
siondetection/soidancesystent. Thewheelchairandsen-

Thiswork is in collaboratiorwith the RobotPartnersgroupat
the University of British Columbia.

(@) (b)

(©) (d)

Figure 5: Wheelchair collision avoidance (a) Nimble
Rocket™™ wheelchair and BumblebeéM stereo vision
camera(inset) (b) wheelchaircameraview (c) occupang
grid map - the wheelchairis at the bottom center- white,
blackandgraycellsareunoccupiedpccupiedandunknovn
(d) stereamage- brighteris closer.

sor, and an example of a collision detectionis showvn in

Figure5?. Again, we have simply engineeredh policy for

this case,but our currentwork is focussedon implement-
ing the systemasPOMDPandusingit to derive policiesof

action.Methodsfor globalmappingandMonte-Carlolocal-
isation(Elinas2005)arealsobeinginvesticated.

Conclusionand Futur e Work

We have describeda generalmodelfor cognitive assistve
technologiesnteractingwith users. The modeldealswith
uncertaintyin actionoutcomesandin sensomeasurements
in a principled way, is able to learn and adaptover time
to usersand tasks, and avoids the needfor extensve re-
engineerindor new tasksby de ning aframework for mod-
elingassistve technology We shavedthreeexamplesof the
model's applicationto technologiedor wellness. Our cur
rentwork is involvedwith theimplementatiorandtestingof
versionsof themodelswe have describedabore.

A directionof interestis the combinationof the models
we have presentedabore in a single, hierarchicalframe-
work. HierarchicalPOMDPshave alreadybeendescribed
in the literature(TheocharougVurphy, & Kaelbling2004),
and we believe that similar conceptscan be applied here.
For example,while the healthmonitoringPOMDPwill take
careof thegrossmovementof auserthroughtheirhome,it
canhandover controlto the handvashingassistanPOMDP
when the userentersthe washroom,or to the wheelchair
controllerwhenthe userclimbsinto their mobility device.

2Also seewww.cs.toronto.edu/ jhoey/wheel
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