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Abstract

This paperpresentsa generaldecisiontheoreticmodel
of interactionsbetweenusersand cognitive assistive
technologiesfor varioustasksof importanceto the el-
derly population. The model is a partially observable
Markov decisionprocess(POMDP) whosegoal is to
work in conjunctionwith a usertowardsthe comple-
tion of a givenactivity or task.This requiresthemodel
to monitorandassisttheuser, to maintainindicatorsof
overall userhealth,and to adaptto changes.The key
strengthsof the POMDP model are that it is able to
dealwith uncertainty, it is easyto specify, it canbeap-
plied to differenttaskswith little modi�cation, andit is
ableto learnandadaptto changingtasksandsituations.
This paperdescribesthe model,givesa generallearn-
ing methodwhichenablesthemodelto belearnedfrom
partially labeleddata,andshows how themodelcanbe
appliedwithin ourresearchprogramontechnologiesfor
wellness.In particular, we show how themodelis used
in threetasks:assistedhandwashing,healthandsafety
monitoring,andwheelchairmobility. The papergives
an overview of ongoingwork into eachof theseareas,
anddiscussesfuturedirections.

Intr oduction
A growing areaof activity in healthtechnologyis support
systemsfor olderadults,possiblywith cognitiveor physical
disabilities,who want to continueto live independentlyin
their own homesi.e. age-in-place.Suchsystemsaretypi-
cally engineeredfor a certaintaskto provide guidance,as-
sistance,or emergency response(Mihailidis & Fernie2002;
LoPresti, Mihailidis, & Kirsch 2004). However, this ap-
proachis labourintensive,andtheresultingsystemstendto
have no capacityto adaptover time or to differentusersor
tasks.In thispaper, wediscussanapproachto thisproblem:
aubiquitousmodelingtechniquethatcanadaptto usersover
time. The ideais to have a singlemodelandlearningtech-
niquethat canbe easilyappliedto different tasks,without
theneedto re-engineerthemodel.

A typical taskrequiringassistanceconsistsof four prin-
cipal elements.We discusstheseelementsherein thecon-
text of thehandwashingtaskfor cognitively disabledpeople,
who typically requireassistancefrom a humancaregiver to
washtheir hands.An exampleof this is shown in Figure1,
which shows key framesfrom about15 secondsof a video
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"I want you to use some soap now"

Figure1: Examplesequencein which a useris promptedto
put soapon their hands.

of auserwashingtheirhands,assistedby ahumancaregiver.
First, the task state is a characterisationof the high-level
stateof theuser, andis relatedto thegoalsin the task. For
example,handwashingcanbe describedby taskstatesthat
describewhetherthe handsarewet or dry, dirty, soapy or
clean.In Figure1, theuser'shandsaredirty andwetatframe
1331,but becomesoapy andwetby frame1745.Second,the
behaviorof theuseris thecourseof actiontheusertakesto
changethetaskstate.Commonbehaviorsduringhandwash-
ing may be things like rinsing handsor using soap, as in
Figure1. Third, thecaregiver's actionis whatthecaregiver
doesto help the userthroughthe task. During handwash-
ing, theseactionsaretypically verbalpromptsor reminders
suchasthe“I wantyouto usesomesoapnow” in Figure1.
However, aswewill show, actionscanincludemoregeneral
dialogueiterations,callsto otherresponsesystems,or phys-
ical controlof relatedsystems.Thefourthelement,theusers
attitude, is thecognitive stateof theuser, suchastheir level
of responsiveness,attention,frustrationwith thesystem,and
overall level of health.Theuser'sexpeditiousreactionto the
promptin Figure1, for example,mightgiveusanindication
that they areresponsive, andareattendingto theprompting
system.Over a longertime period,the user's overall level
of healthmaychange.For example,theirmedicalcondition
might take a turn for the worse,requiringattentionfrom a
professional.Sucha changemay be noticeablein their re-
sponsesandbehaviors.

Our goal is thento designa modelof theinteractionsbe-
tweenthesefour elements,and to optimize an automated
caregiving strategy by maximising(over the actions)some



notionof utility overthepossibleoutcomes.Themodelmust
beableto dealwith uncertaintyin theeffectsof actionsand
in sensormeasurements,it mustbeableto tailor to speci�c
individualsandcircumstances,it mustbe able to tradeoff
variousobjective criteria (e.g., task completion,caregiver
burden,userfrustrationandindependence),andit mustbe
relatively easyto specify. A partiallyobservableMarkov de-
cisionprocess(POMDP),a decisiontheoreticmodelwhich
hasrecentlyreceived muchattentionin the AI community,
ful�lls theseconstraints.

ThegeneralPOMDPwe presentmodelsthetaskandthe
attitudeasconsequencesof thebehaviorof theuser, which
is a reactionto the actionsof the caregiver. We claim that
thetaskwill tendto besimpleto specify, andcanbede�ned
by a non-specialisedperson,while theattitudewill require
expert knowledge,but will tendto generaliseacrosstasks.
On the otherhand,the behaviors will be muchmoredif�-
cult to specify. Thestandardapproachto specifyingmodels
of behaviors occursin two phases.In the�rst phase,expert
knowledgeis usedto de�ne the behaviors that will occur,
andasupervisedclassi�er is trainedto recognisethesestati-
cally de�ned behaviors. In thesecondphase,a modelof the
relationshipbetweenthebehaviors (asgivenby the learned
classi�er) and the task is learned. The problemwith this
approachis the needto specifybehaviors a priori . This is
a labor-intensive taskrequiringexpert knowledge. Further,
different individualsperformthe samebehaviors in differ-
ent ways, exhibit different behaviors to perform the same
task,andchangetheir behaviors over time, usuallyasa re-
sult of their changingstateof health. Theseconsiderations
make it very dif�cult in many casesto de�ne a single set
of recognisablebehaviors. This aspectis emphasisedin the
rehabilitationliteratureextensively (LoPresti,Mihailidis, &
Kirsch 2004). Finally, usersrequireassistancefor very dif-
ferentaspectsof a task,andso recognisingall possiblebe-
haviors maybevery wasteful. Our approachis to discover
thebehaviors thatarebeingexhibited,andto learn their re-
lationshipto the tasksimultaneously(Hoey & Little 2004).
This learningmethodhasthedualadvantageof not requir-
ing extensive a priori knowledgeandtraining,andof being
capableof adaptingto differentusersin differentsituations.

The paper�rst describesrelatedwork, then describesa
generalPOMDPmodel,including theobservation function
and the methodsfor specifying, learning,and solving the
POMDP. We will thendiscussthe applicationof this gen-
eralmodelin ourown researchprogramon technologiesfor
wellness,wherewe focus on the developmentof systems
thatcanassistolderadultsin a varietyof contexts – specif-
ically, completionof activities of daily living (ADL), health
andsafetymonitoring,andimprovedmobility.

RelatedWork
Cognitive Assistive technologieshave beenthe subjectof
muchresearchoutsidethearti�cial intelligencecommunity,
andarereviewed in (LoPresti,Mihailidis, & Kirsch 2004).
Most relevant to our work, a systemfor monitoringhand-
washingusinga ceiling-mountedcamerawasdemonstrated
in (Mihailidis, Barbenel,& Fernie2004). Theuserwasre-
quired to wear a patternedbracelet,the location of which

wasdeterminedby a patternrecognitionalgorithm.There-
sulting locationwastheninput to a neuralnetwork for the
recognitionof prede�nedbehaviors. 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
part of the Autominderproject,which alsoincludesdesign
of a robotic nursingassistantthat usesa POMDPfor navi-
gation purposes(Montemerloet al. 2002). POMDPshave
recentlybeenappliedto dialoguemanagementin carefacil-
ities (Roy, Gordon,& Thrun2003).

Therehasbeensigni�cant progressin learningpatterns
of activity from a person's positionaldata. Theseinclude
datamining techniquesfor discoveringsequencesof activi-
tiesfrom discretedata(Guralnik& Haigh2002),andlearn-
ing the parametersof a hierarchicalhiddenMarkov model
to explainGPSdataof outdoortransportationpatterns(Liao
et al. 2004). We arelearninga similar model,but explic-
itly addsystemactionsandmodelvideosequencesdirectly
insteadof only positionaldata.Otherresearchersusesuper-
visedtechniquesto build modelsof meetingdynamics(Ryb-
ski & Veloso2004),of�ce activity (Nguyenetal. 2003),and
otherin-homeactivities (Hamid,Huang,& Essa2003).

Our previous work, (Hoey & Little 2004; Hoey et al.
2005),showedhow to learntheparametersof afully observ-
ableMarkov decisionprocess,while discoveringmodelsof
behaviors. We have alsoappliedsomepreliminaryversions
of thesystemspresentedhereto handwashing(Bogeret al.
2005b),emergency response(Mihailidis etal. 2005)andfall
detection(Lee& Mihailidis 2005).

GeneralModel
A discrete-timePOMDPconsistsof: a �nite setS of states;
a �nite setA of actions;a stochastictransitionmodelPr :
S � A ! �( S), with Pr( tjs;a) denotingthe probability
of moving from states to t when action a is taken; a �-
nite observationsetO; a stochasticobservationmodelwith
Pr(ojs) denotingthe probability of making observation o
while thesystemis in states; andarewardassigningreward
R(s;a; t) to statetransitions to t inducedby actiona. Fig-
ure2(a)shows thePOMDPasa Bayesiannetwork. Givena
speci�c POMDP, ourgoalis to �nd a policy thatmaximizes
theexpecteddiscountedsumof rewardsattainedby thesys-
tem. Sincethe systemstateis not known with certainty, a
policy mapseither belief states(i.e., distributions over S)
or action-observation historiesinto choicesof actions. We
will not delve into detailsof POMDPsolutionmethods,but
notethat currentresearchhasenabledthe approximateso-
lution of very large POMDPs(Poupart& Boutilier 2004;
Hoey & Poupart2005),andwearecon�dent thatourcurrent
work will allow usto solve thePOMDPswe arepresenting
in thispaper. Wereferto (Lovejoy 1991)for anoverview of
POMDPconceptsandalgorithms.

Figure2(b) shows thesamemodel,exceptthat thestate,
S, hasbeenfactoredinto threesetsof variables:task(Sh ),
attitude(Sp) andbehavior(Sb). Herewe describeeachof
thesesets,aswell asthe actionsof the system,A, andthe
observationsfrom which thestateof themodelis inferred.
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Figure2: (a) Two time slicesof generalPOMDP. Thestate,
S, is modi�ed by actionA, andproducesobservationO. (b)
Two slicesof factoredPOMDPfor modelinguserbehavior
duringinteractionwith cognitive assistive technology.

Task,Sb: A characterisationof the domain in which the
task is taking placein termsof a setof high-level vari-
ables.Thesewill typically describethephysical stateof
itemsin thetask,suchasthecleanlinessof handsduring
handwashing,or the locationof a userin a mobility aid.
Thesevariablesneedto bespeci�edfor eachtask,but they
characterisetheworld at a suf�ciently high level to make
thisaccessibleto awidevarietyof non-technicalpeople.

Attitude, Sp: variablesdescribethe cognitive stateof the
user. This may include the level of dementiaand the
currentresponsiveness,or perhapsthelevel of frustration
the useris experiencingwith the systemitself. The at-
titudevariablesessentiallydescribeinternalpropertiesof
theuserthatgeneraliseacrosstasks,andwould bespec-
i�ed by expertsfor the generalsystem,andthencarried
over andpossiblyadaptedfor eachtaskthroughlearning.

Behavior, Sb: The task statesand the user's attitude are
changedby theuser's behavior, Sb. Theuser's behavior
evolvesdependingon the previous statesof the attitude
andthetaskaswell asthesystem'saction,A. Thebehav-
iors areprobablythe mostdif�cult to manuallyspecify,
andsoarelearnedby thesystemfrom data.

Action, A: Theactionsof systemmodify thebehavior, atti-
tude,andthetask.Theseactionscouldbeverbalprompts,
calls to humancaregivers or other responsesystems,or
physicalchangesto theenvironment.

Observations,O: Taskandbehaviorvariablesgenerateob-
servations,Oh andOb, respectively. Wewill assumehere
that theseobservationsare generatedfrom non-invasive
sensors,suchascameras(in which casetheobservations
arevideostreams),microphones(audiostreams),or envi-
ronmentalswitchessuchasthermostats.

Jointly, S = f Sb; Sp; Sh g is known as the state.
The transition function here, Pr (St jSt � 1 ; A t ) =
Pr (Sbt ; Sp t ; Sh t jSbt � 1 ; Sp t � 1 ; Sh t � 1 ; A t ), is written as a
productof threeterms,as follows. Pr (Sbt jSt � 1 ; A t ) gives
the expectedbehavior of the usergiven the previous state
and the systemaction. Pr (Sp t jSbt ; Sp t � 1 ; Sh t � 1 ; A t ) gives

the expected user state given the current behavior, the
previous attitude and task statesand the systemaction.
Pr (Sh t jSh t � 1Sbt ) gives the expectedtask stategiven the
currentbehavior andtheprevioustaskstate.Noticethatthe
only conditionalindependenciesintroducedherearein this
lastdistribution: thetaskstateis independentof theattitude,
Sp, andthe action,A. The ideais that changesin the task
statesarecausedby thebehaviorsof theuser, independently
of theuser's attitudeor thesystem's actions.Theaction,A,
only affectsthebehaviorandattitudeof theuser, which in
turnmaycausechangesto thetask.

TheobservationsO = f Ob; Oh g aregeneratedby thetask
and behavior variables,Sh and Sb, respectively, through
some observation functions Pr (Oh jSh ) and Pr (ObjSb).
Thesedistributionscanbeof many differenttypes,depend-
ing on what the observationsare. In general,however, the
time scalesat which observations occur will be of much
shorterdurationthanthoseat which taskor attitudechange.
Observations of behaviors will typically be frames from
somevideocamera(at30Hz),or somesegmentsof anaudio
stream(at 10kHz),whereasthetaskstateswill only change
everyfew seconds.For example,duringhandwashing,atyp-
ical behavior may be “putting soapon hands”,which may
take a few secondsto perform,andresultin 30 videoframe
observations(e.g.Figure1), but only causea singlechange
of the taskstate:thehandsbecome“soapy”. Thus,theob-
servation functionsmay introducesomehierarchicalstruc-
tureinto themodel.

Specifying,Learning, and SolvingPOMDPs
Therearethreestepsto obtaininga workingPOMDP-based
system: speci�cation, learningandsolving. The POMDP
is �rst speci�edby de�ning a setof taskandattitudevari-
ables,the observation space(what the sensorswill be re-
portingto thesystem),asetof actionsthesystemcantake,a
rewardfunction,andtheconditionaldependenciesin theas-
sociatedBayesiannetwork (Figure2). The transitionfunc-
tion Pr (St +1 jSt ; A) andtheobservationfunctionPr (OjS)
are then learned from data, and the resultingPOMDP is
then solvedto yield a policy of action, mappingobserva-
tions to actions. Ideally, theselast two stepsarecombined
in one,and the systemlearnsboth the modeland the pol-
icy onlineasit interactswith users,known asreinforcement
learning(RL). However, onlinelearningrequiresagreatdeal
of exploration for the systemto discover how the domain
works,sothatit canexploit its knowledge(andreachgoals,
etc.). This exploration can be very costly, especiallyin a
clinical settingwith cognitively or physicallydisabledusers.
Bayesianreinforcementlearningoptimisesthe tradeoff be-
tweenexplorationandexploitation by including the model
parametersaspart of the statethat is beingestimateddur-
ing online inference(Dearden,Friedman,& Russell1998).
The intuition is that the systemshouldincludeits learning
taskasoneof its goals(alongwith thegoalsde�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 (eithermanually
or automatically)from users,expertsandcaregiving profes-



sionals. Second,we elicit a partial transitionfunction that
describesthe dynamicsof the attitudevariablesfrom data.
This informationwill be gatheredfrom experts(e.g. psy-
chologists)who know how the cognitive statesof a target
populationchangein situationsof interest.Third, we learn
aprior modelof�ine from asetof trainingdatagatheredus-
ing anexistingautomatedsystemor ahumancaregiver (dis-
cussedbelow). Finally, we solve themodelusinganof�ine
dynamicprogrammingtechnique(Hoey & Poupart2005),
to yield an initial policy of action. Bayesianreinforcement
learningcanthenbeusedto adjustthis modelfor eachtask
and eachuser. In the following, we only describethe of-
�ine learningof theprior model,which is designedto yield
a modelsuf�cient for deploymentin a clinical setting. We
do not discussthe subsequentapplicationof BayesianRL
furtherin thispaper.

Our method�rst gathersa corpusof training datausing
an existing automatedsystem,or usinga humancaregiver.
The training data is then be partially labeledfor the task
variablesby non-experts. Finally, the model is learnedus-
ing the expectation-maximization(EM) algorithm(Bengio
& Frasconi1996), which �nds the model parametersthat
maximizethe posteriordensityof all observationsand the
model.Denotethesetof observationsin thetrainingsetO,
thecaregiver's promptsA , andtaskstatesSh . Thelearning
problemis to �nd thesetof parameters� � thatmaximizes
Pr (O; Sh ; A ; � ), subjectto constraintson theparameters,
which involvesintegratingover all possibleuserbehaviors
Sb andattitudesSp TheEM algorithmeasesthismaximiza-
tion by writing it

argmax
�

� X

Sb ;Sp

Pr (Sb Sp jOSh � 0) logPr (OSj� )

+ logPr (� )
�

The “E” step of the EM algorithm is to compute
the expectation over the hidden behaviors and attitude,
Pr (Sb Sp jOSh � 0), given� 0, acurrentguessof theparam-
etervalues.The“M” stepis thento performthemaximiza-
tion which,in thiscase,canbecomputedanalyticallyby tak-
ing derivativeswith respectto eachparameter, settingthem
to zeroandsolving for the parameters(Bengio& Frasconi
1996). Oneof the mostinterestingaspectsof this learning
methodis thatit discoversclassesof behaviors thatoccurin
thedata(Hoey & Little 2004).

Activity Models

We will demonstratehow to apply the POMDP model to
threetasks: promptingassistanceduring handwashingfor
peoplewith Alzheimer's, emergency responsefor the el-
derly, and wheelchaircontrol for the cognitively disabled.
For eachtask,we introducethe domain,and thengive an
overview of thetaskandattitudevariables,andof thesystem
actions.We thendescribetheobservationsandobservation
functions,thetransitiondynamics,andtherewardfunction.
Finally, wedescribesomeof ourcurrentwork.

Handwashing
Older adults living with cognitive disabilities (such as
Alzheimer's diseaseor other forms of dementia)have dif-
�culty completingactivities of daily living (ADLs), andare
usually assistedby a humancaregiver who promptsthem
when necessary. Assistive technologywill allow this el-
derly populationto age-in-placeby non-invasively monitor-
ing usersin theirhomesduringADL, providing guidanceor
assistancewhennecessary(LoPresti,Mihailidis, & Kirsch
2004). In the handwashingADL, the userneedsto get his
handscleanby progressingthroughstagesthat includeus-
ing soap,turning the wateron andoff, rinsing anddrying
his hands. A caregiver monitorsthe progressof the user,
issuingremindersor promptsatappropriatetimes.

Task Thehandwashingtaskcanbedescribedby threepri-
mary task variables: handsclean, which can be f dirty,
soapy, cleang, handswet, which canbe f wet, dryg, and
water �ow , whichcanbef on,offg. Weassumethehands
startdirty anddry, andthegoal is to get themcleanand
dry, whichcanonly happenif they becomesoapyandwet
at someintermediatetime. Thewaterstartsoff andmust
beoff for taskcompletion.Only thewater�o w hasa cor-
respondingobservation (e.g. a water �o w switch) from
which it can be observed. Other task variablesare in-
volved with timing issues(suchas how much time the
systemhaswaitedfor, how many promptshave beenis-
suedwith no response,etc),andwith issuesrelatedto the
user'scurrentperformance(suchashow many timesthey
have regressedin the task). See(Bogeret al. 2005b)for
details.

Attitude Theattitudeof theusercanplay a critical role in
their ability to respondto prompts.We usetwo variables
for handwashing: attentiveness, describinghow likely
they are to attendto the an audio prompt, and respon-
siveness, describinghow likely they are to respondto a
promptif they hearit.

Actions Thesystemactionsarethepossibleremindersthat
canbegivento theuserin theform of audiblecues,corre-
spondingto thecanonicalstepsof handwashing:turn on
water, wethands, usesoap, dry handsandturn off water.
The promptscanbe issuedat threelevels of speci�city.
Thereis alsoonenull actionwherethe systemwaits (to
give more independenceto the user),andoneactionof
calling for humanassistance.This lastactionis important
for suchasystem:it mustknow whenits limitationshave
beenreached.Thegoalis to reduceburdenoncaregivers,
not to replacecaregiversentirely. Audio cueshave been
foundto besuf�cient to decreasecaregiverburdenin pre-
viousstudies(Mihailidis, Barbenel,& Fernie2004).

Observations The user's behaviors are inferred from
videostaken from anoverheadcamera.Thesebehaviors
have a temporalextent over multiple video framesand
requirea hierarchicalobservation function. The behav-
iorsarelearnedfrom data,but typically correspondto the
usualactivities in handwashing,suchasusingthesoap,or
reachingfor thetowel (Hoey etal. 2005).

Dynamics Thetransitiondynamicsencodetheprogression



of the handwashingtask. For example, handsbecome
cleanif they aresoapy andthe userperformsa behavior
of rinsing.Theprobabilityof anappropriateuserbehavior
asaresponseto promptsincreaseswith promptspeci�city
andwith userresponsiveness.

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

We have experimentedwith two simpli�ed versionsof
this POMDP. The�rst versionusesa simpli�ed setof vari-
ables(ignoring attitudeandtiming issues),andshows how
modelsof behaviors could be learnedfrom data,andhow
they could be subsequentlyusedto monitor userprogress
in the task (Hoey et al. 2005). The secondversion of
this POMDP usesan a-priori speci�cation of the model
parametersanda simpli�ed observation function (Bogeret
al. 2005a;2005b). Observationsof handpositionsarede-
rived from video framesusingskin color analysis(Mihai-
lidis, Carmichael,& Boger2004),andbehaviorsarede�ned
as the most likely locationof the handsover eachtempo-
ral sequence.Despitethesizeandcomplexity of themodel
(over 50 million states),we wereableto solve thePOMDP,
producing(approximately)sequentiallyoptimalpoliciesfor
ADL prompting. Clinical trials have beencompletedwith
a fully observable versionof this model. More trials are
plannedto validatethefull POMDP. Figure3 shows anex-
amplein which a personwith dementiais promptedby the
fully observableversionof thePOMDPmodelduringaclin-
ical trial.

Health Monitoring and EmergencyResponse
Aging-in-placeis dif�cult for adultswho live alone,pos-
sibly in rural areaswhere assistancemay not be readily
available(Mynatt, Essa,& Rogers2000;Mihailidis & Fer-
nie 2002). For example, they may have a heartattackor
stroke, fall, or becomesomehow incapacitatedwithout the
ability to call for help. In additionto thesespontaneousad-
verseevents,theremayalsobea gradualdeclinein overall
healthstatus,bothphysicalandcognitive,thatfurtherplaces
older adultsat risk. Thereare currently several attempts
to addresstheseissuesandsupportaging-in-placethrough
the useof technologicalsolutions,the most commonbe-
ing emergency responsesystemsandhealthmonitoringde-
vices.Themostcommonemergency responsesystem(ERS)
is thetelephone-basedpersonalemergency responsesystem
(PERS),which consistsof the subscriberwearinga small
helpbuttonasanecklaceor wristband,andahomecommu-
nicatorthat is connectedto a residentialphoneline. In the
eventof anemergency, thesubscriberpressesthehelpbutton
andis connectedto a liveemergency responsecentre,which
arrangesfor appropriatehelp,suchascalling paramedicsor
theperson's family. Remotehealthmonitoringdeviceshave
also beendevelopedthat measureand track variousphys-
iological parameters,suchas pulse,skin temperature,and
bloodpressures(Asadaetal. 2003).

However, thesesystemsareinvasive: they requiretheuser

to wearthedeviceatall timesand/orto manuallytakethere-
quiredmeasurements.Many of thePERSandphysiological-
basedmonitoringsystemsare inappropriate,obtrusive and
dif�cult for anolderadultto operatefor variousreasons(e.g.
requireeffort from theuser, long trainingperiods,etc.),and
they becomeineffective duringmoreseriousemergency sit-
uations(e.g. thepersonhasa stroke). As a result,new sys-
temsarebeingdevelopedthatdonotrequiremanualinterac-
tion from theuser, andthatusenon-physiologicalmeasures
to determinehealth(Lee& Mihailidis 2005).Hereweshow
how the POMDPmodelwe have discussedcanbe usedto
modelthehealthmonitoringandemergency responsetasks.

Theconceptis to have cameras,microphonesandspeak-
ers installedthroughouta home,monitoring the user's ac-
tivities during the day (for healthmonitoring)andprovid-
ing assistanceor emergency responsewhenneeded.In this
case,therearetwo inputs: videoandaudio,which relateto
visually observablebehaviors of the userand their speech
acts,respectively. This POMDPcombineselementsof hu-
manactivity modeling(Wren et al. 1997;Oliver, Horvitz,
& Garg 2002)anddialoguemanagement(Roy, Gordon,&
Thrun2003;Williams, Poupart,& Young2005).

Task Taskvariablesincludedescriptorsof theperson's lo-
cation,thetimeof day, thefrequency of visits to different
locations,andwhetherthey have fallenor not.

Attitude Attitudevariablesherecanincludeoverall level of
health(suchasfatigue,recurrenceof diseasesymptoms,
etc),responsivenessto prompts,currentalertnesslevel.

Actions Possibleactionsarequestionsor speechacts(dia-
logue),or callsto neighbors,caregivers,or paramedics.

Observation Thereare two behaviorvariables: the visu-
ally observable actions,suchas motion (from room to
room or within a room) and unusualevents(falls), and
the audibleactions,suchasspeechactsor othernoises.
Thevisualandaudiobehaviorsof auserarerelatedto the
observationsof video(from cameras)andaudio(from mi-
crophones)throughseparateobservationfunctions.Video
observations are processedusing adaptive background
subtractionand blob analysis(Wren et al. 1997). Au-
dio observations are processedusing the Sphinx open-
sourcespeechrecognitionengine(Walker et al. 2004),
which gives the ability to assessthe observation proba-
bility Pr (ojs), whereo is theaudiostreamands arethe
speechtokens,which correspondto the behaviors, Sb in
our model.Sincethespeechrecognitionengineuseshid-
den Markov models,this will implicitly be a hierarchi-
calobservationfunction.Theinformationfrom thevisual
modality hasalsobeenusedto help the speechrecogni-
tion usinga microphonearrayanda beam-formingalgo-
rithm. This allows sourcesof noiseto be attenuated,so
thattheaudiosignalcomesmainly from theareain which
apersonwasobservedto 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 frequency
of visits to a particularlocation(e.g. thebathroom)sud-
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Figure4: Examplefall detection.(a)originalimageshowing
known regions(b) silhouetteextractedusingadaptive back-
groundsubtraction(c) segmentedimageshowing fall and
regions. The size,shapeand locationof the personin (c)
signalsa fall.

denly increases,this maybeanindicationof theonsetor
recurrenceof a healthcondition,andthe transitionfunc-
tion will assigna higherprobability to this conditionas
a resultof the observationsof increasedbathroomtrips.
Similarly, thepresenceof thepersonin anunusualloca-
tion at sometime of the day may also be an indication
of a changingstateof health. The responsesto changes
in theseattitudevariablesmay be to schedulea visit to
a doctor, or to call a family member. The secondfunc-
tion of thesystemis emergency responsein thecaseof a
fall. In this case,it is not the attitudevariablesthat are
important,but the task variablesdirectly. The system's
responsewill be to initiate a dialoguewith thepersonto
uncover moreinformation,followed by possiblecalls to
emergency responseteams.
For bothof thesefunctionsof thesystem,speechactswill
be usedto carry on dialoguesin caseswherethe system
attemptsto uncover additionalinformationfrom theuser,
suchaswhetherthey needhelp,etc. This requiressome
form of dialoguemanagementencodedin the dynamics,
which is an active areaof researchin POMDP model-
ing (Roy, Gordon,& Thrun 2003; Zhanget al. 2001;
Williams, Poupart,& Young2005).

Reward Rewardsaregiven for calling for help if undesir-
ablesituationsareencountered(e.g. unrecoverablefalls,
declinein healthlevels,etc.)

A preliminary version of this systemhas been imple-

mented(Mihailidis etal. 2005)andis currentlybeingtested.
An exampleof thefall detectioncomponentis shown in Fig-
ure4. In thispreliminarywork, wesimplyengineerapolicy
of actionwithout specifyingthePOMDPmodel,sothereis
no learning. Further, thehealthmonitoringandemergency
responsesystemsareimplementedseparately. Our current
work is to combinetheseinto asinglePOMDPmodelwhich
canbelearnedfrom data.

Wheelchair Mobility

Many older adults facevarious impairmentsand disabili-
ties that result in their mobility beingcompromised.Fur-
thermore,many of thesepeoplelack the strengthto man-
ually propel themselves,andrequirepoweredwheelchairs.
However, poweredwheelchairsarenotappropriatefor older
adults with a cognitive impairment, such as dementiaor
Alzheimer's disease,as they do not have the cognitive ca-
pacity required to effectively and safely manoeuvrethe
wheelchair. In addition,their sometimesaggressive andun-
predictablebehavior makeswheelchairuseunsafefor both
themselvesandotherssharingtheenvironment.As a result,
many careinstitutions(e.g. hospitals,long-termcarefacil-
ities, etc.) have implementedpolicies that restrict driving
for reasonsof safety, especiallyfor residentswith cognitive
impairment.

Reducedmobility resultsin reducedquality of life. The
combination of social isolation, limited life space and
choice,learneddependence(e.g.requiringsomeoneto push
a manualwheelchair), frustration, and limited autonomy
likely contributesto symptomsof depressionandexacerba-
tion of cognitive impairmentandundesirablebehaviors. It
shouldalsobenotedthatthischainreactionof symptomsre-
sultingfrom reducedmobility arealsoobservedin otheruser
groupsbeyond older adults(e.g. disabledchildren,adults
with traumaticbraininjury, etc.),thusbroadeningthescope
of theseproblemsandrequirementsfrompotentialsolutions.

In this case,our POMDPmodelimplementsa mixedini-
tiative controller for the poweredwheelchair. Such ideas
havebeenexploredbefore(Yanco1998;Nuttin etal. 2001).
Theideais to let theusercontrol their wheelchairindepen-
dentlyuntil potentiallydangeroussituationsarise,at which
point the systemwill attemptto modify or stop the user's



controls.Thesystemcanalsoactin a morepassive way, is-
suingverbalpromptsor remindersif unusualor detrimental
activitiesarenoticed.

Task Thewheelchaircontrolproblemcanbecharacterised
usinga mapof theenvironmentin which thewheelchair
operates,andmaintainingthelocationandvelocityof the
wheelchairwithin the map. The map we useis an oc-
cupancy grid (Moravec & Elfes 1985; Murray & Little
1998),whichestimatesthepresenceof anobstacleateach
2D location f x; yg in the referenceframe of the (mov-
ing) wheelchairor in aglobalreferenceframe.Othertask
statesmayalsoincludedifferentaspectsof theuser'ssitu-
ation,suchastheirschedule,muchlikein thehealthmon-
itoring POMDPdescribedabove.

Attitude The cognitive stateof the userwill have a sig-
ni�cant impact on their ability to control a powered
wheelchair, andso we will includeuseralertness.User
frustration(with thewheelchaircontrol)couldalsobein-
cludedhere.

Actions Theactionsof thesystemwill betomodify theuser
actions(their behaviors),suchasrestrictingmovementin
acertaindirection,or modifying theuser'scontrolsignal.
Actionswill alsoincludeaudiopromptsor alerts,sincere-
strictedmovementon its own cancauseconfusionwhich
canbemitigatedby appropriateverbalcues.

Observation Thebehaviorsof theuseraretheirdriving ac-
tions on the wheelchair(useof the control joystick, for
example). They are inferred from the joystick outputs
(controlto thewheelchairmotors).Themapandlocation
variablesareestimatedsimultaneouslyfrom stereovision
measurements(Murray& Little 1998;Elinas2005).

Dynamics The transitionfunctioncharacterisestheeffects
of userandsystemcontrolson themap,locationandve-
locity. Thedynamics,whenusedto computeapolicy, will
giveriseto implicit safetyenvelopesandtimesto collision
in termsof theactionsof thesystemanduser. For exam-
ple, if anobstaclesuddenlyappearsin front of a moving
wheelchair, thesystemcanpredictthat theonly actionto
avoid acollision is ahardbrakingone.Thedynamicscan
alsoencodethe largerscalepatternsof a person's move-
ment,suchastheirschedule,etc,asin thehealthmonitor-
ing casedescribedabove.

Reward Therewardfunctionwill assigna largepenaltyfor
thewheelchaircominginto contactwith any occupiedcell
in the map,but a positive reward for the wheelchairre-
spondingto the user's command(e.g. from a joystick).
Thecontrolpolicy will thereforeoptimisesatisfactionof
user's needsfor mobility (their control commands)with
the requirementsfor safetyin the wheelchair's location.
Other rewards can be given for keepingthe user on a
schedule,for example.

We have implementeda preliminaryversionthis system
thatuseslocaloccupancy grid mapsandaverysimplecolli-
siondetection/avoidancesystem1. Thewheelchairandsen-

1Thiswork is in collaborationwith theRobotPartnersgroupat
theUniversityof British Columbia.

(a) (b)

(c) (d)

Figure 5: Wheelchair collision avoidance (a) Nimble
RocketT M wheelchair and BumblebeeT M stereo vision
camera(inset) (b) wheelchaircameraview (c) occupancy
grid map- the wheelchairis at the bottomcenter- white,
blackandgraycellsareunoccupied,occupiedandunknown
(d) stereoimage- brighteris closer.

sor, and an example of a collision detectionis shown in
Figure52. Again, we have simply engineereda policy for
this case,but our currentwork is focussedon implement-
ing thesystemasPOMDPandusingit to derive policiesof
action.Methodsfor globalmappingandMonte-Carlolocal-
isation(Elinas2005)arealsobeinginvestigated.

Conclusionand Futur eWork

We have describeda generalmodel for cognitive assistive
technologiesinteractingwith users. The modeldealswith
uncertaintyin actionoutcomesandin sensormeasurements
in a principled way, is able to learn and adaptover time
to usersand tasks,and avoids the needfor extensive re-
engineeringfor new tasksby de�ning aframework for mod-
elingassistivetechnology. Weshowedthreeexamplesof the
model's applicationto technologiesfor wellness.Our cur-
rentwork is involvedwith theimplementationandtestingof
versionsof themodelswehave describedabove.

A directionof interestis the combinationof the models
we have presentedabove in a single, hierarchicalframe-
work. HierarchicalPOMDPshave alreadybeendescribed
in theliterature(Theocharous,Murphy, & Kaelbling2004),
and we believe that similar conceptscan be appliedhere.
For example,while thehealthmonitoringPOMDPwill take
careof thegrossmovementsof auserthroughtheirhome,it
canhandovercontrolto thehandwashingassistantPOMDP
when the userentersthe washroom,or to the wheelchair
controllerwhentheuserclimbsinto theirmobility device.

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