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Abstract

The majority of remindersystemsare in�e xible; reminders
areissuedatstatic,prespeci�edtimes.To beeffective,cogni-
tive orthoticsshouldreasonaboutwhat remindersshouldbe
issuedandwhen.This paperdescribesthepersonalizedcog-
nitive orthotic (PCO),a systemthatusesplan-basedreason-
ing to attain�e xibility . PCOrelieson localsearchtechniques
to generatehigh-qualityreminderplansbasedon knowledge
of the user's plansandher typical behavior. PCOis being
developedin concertwith other technologiesaimedat im-
proved plan management,including systemsthat updatea
user'splansandtrackactionexecution.WedescribethePCO
as it is implementedin the Nursebotapplication: where it
providestimely andrelevantremindersto elderlypeoplewho
have cognitive declinethatnecessitatesassistancein manag-
ing their daily activities.

Intr oduction
It hasbecomecommonpracticeto usepersonalorganizers
to manageour daily activities. Most systemsareequipped
with remindercapabilities,but thesetoolsaregenerallyin-
�e xible; remindersare issuedat static, prespeci�edtimes.
The goal of our currentwork is to develop betterpersonal
cognitive orthotics,or moregenerally, betterplan manage-
ment tools. Cognitive orthoticsshouldreasonaboutwhat
remindersshouldbe issuedandwhen,so asto balancethe
needto (i) ensurethattheuseris awareof plannedactivities;
(ii) avoid introducinginef�ciency into the user's activities
(iii) avoid annoyance;and(in somecases)(iv) avoid making
theuseroverly relianton thereminders.

This paperdescribesthePersonalizedCognitive Orthotic
(PCO),a systemthat usesplan-basedreasoningto achieve
thesegoals. PCOrelieson local searchtechniquesto gen-
eratehigh-quality reminderplansbasedon knowledgeof
the user's daily plan and her typical behavior. PCO is
being developedin concertwith other technologiesaimed
at improved plan management,including systemsthat up-
datea user's plansand track action execution. Currently,
PCOis designedto interactwith thesesystemsin an over-
all plan-managementsystemcalledAutominder(Pollacket
al. 2001). We describethePCOin a particularapplication,
theNursebotproject: whereit providestimely andrelevant
remindersto elderlypeoplewhohavecognitivedeclinethat
necessitatesassistancein managingtheir daily activities.

Moti vation
The proportion of elderly people in the United Statesis
growing at a phenomenalrate.Currently, 12.5%of thepop-
ulationis age65or older;by 2030,this fractionis projected
to surpass20%(Census1997). In thesametime frame,the
numberof personsresidingin nursinghomeswill double
or triple (Rivlin & Wiener1988). It is generallyaccepted
that quality of life is usuallybetterfor peoplewho areliv-
ing in their own homes,providedthey arecapableof doing
so. However, dueto thedeclineof cognitive functionoften
associatedwith aging, this option is not always available.
TheInitiativeonPersonalRoboticAssistantsfor theElderly
(Nursebot2000)is amulti-universityresearcheffort1 aimed
atinvestigationsof robotictechnologyfor theelderly. Its ini-
tial focusis on the designof an autonomousmobile robot,
currentlycalledPearl,thatwill “li ve” in thehomeof anel-
derlypersonandassistin themanagementof herdaily plan.

A centralsoftwarecomponentof Pearlis Autominder, an
automatedagentdesignedto serveasa “cognitiveorthotic,”
assistinganelderlyclient in carryingout therequiredactiv-
ities of daily life (ADLs) by providing herwith timely and
appropriatereminders.Autominderstoresandupdatesplans
representinga user's ADLs, trackstheir execution, learns
the typical behavior of the client with regardto the execu-
tion of theseplans,andprovidescarefullychosenandtimed
remindersof theactivities to beperformed.

Autominderdiffersfrom mostof thetechnology-basedre-
mindersystemsin themedicaldomain.First, mostof these
systemsaregearedtowardsaidingthedoctorsandcaregivers
(Cannon& Allen 2000),but eventhosesystemsthatdo ad-
dresstheneedsof thepatientgenerallyusesimple,scripted
remindersto prompt the userat prespeci�edtimes. They
do not adaptto changessuchas the introductionof a new
plan, or the executionof activities. In general,the current
suiteof cognitive orthoticslack the power to reasonabout
therelevance,timing, and/orinteractionof reminders.Most
existing systemslack oneof moreof the following key ca-
pabilities:

Automatic scheduling
A cognitive orthotic shoulddecidewhat to remindersto

1Theinitiativeincludesresearchersfrom theUniversityof Pitts-
burgh, Carnegie Mellon University, andthe University of Michi-
gan.



issueandwhen. Someactivities arecentralto thesafety
andwell-beingof the userso theremustbe someguar-
anteethat the orthotic will issuea reminderfor them.
However, lesscritical activities do not always requirea
reminder, especiallyif the usertypically remembersthe
activity onherown. In addition,theadditionanddeletion
of remindersshouldcoincidewith new usergoalsanduser
activity.

Utilization of multiple information sources
In developing a plan of action, the cognitive orthotic
should be able to combine information from many
sources,includingbothhardconstraintsonactivity execu-
tion andinteraction,or thesoft constraintsof userhabits
andpreferences.

Plan quality assessment
Therearemany aspectsto a high quality plan. Justsome
of the reminderplan qualities that a cognitive orthotic
shouldaddressare:

� Thespacingbetweenreminders- Remindersareoften
moreeffective whenthey arenot issuedin quick suc-
cession(IPAT 1999).

� Sharedpropertiesinherentin theactivities, suchaslo-
cation or timing - Remindersfor proximal activities
shouldbe mergedinto a singlereminderwhenappro-
priate.

� Potentialoverlapbetweenactivities - Thecognitiveor-
thotic shouldidentify andavoid issuingremindersdur-
ing theexecutionof otheractivities.

The focus of this paperis a new system,the Personal-
izedCognitive Orthotic(PCO).ThePCOwasdevelopedto
ful�ll the requirementsabove, andto do so ef�ciently in a
dynamicenvironment. The PCO:identi�es thoseactivities
that requireremindersbasedon importanceandlikelihood
of being forgotten;determineseffective times to issuethe
reminders;andadaptsto environmentalchanges.ThePCO
is an integral part of theAutomindersystemso we usethe
next sectionto provide an overview of the Autominderar-
chitectureandexplain how thePCOinteractswith theother
componentsof thesystem.We thenproceedwith a detailed
descriptionof thePCOalgorithmandits implementation

Autominder
As alreadynoted,Autominderis responsiblefor Pearl'splan
managementandremindercapabilities. Autominderrelies
on a numberof AI techniques,including interleaved plan-
ning andexecution,sophisticatedtemporalreasoning,and
reasoningunderuncertainty. Figure1 shows the Automin-
derarchitecture.Note that therearethreemainmodules:a
PlanManager(PM), a ClientModeler(CM), andthePCO.

Theexamplewewill usethroughoutthispaperinvolvesa
dayin thelife of a typical userwhowe will call Rose.Rose
usuallywakesup by 7:00am.Sheeatsbreakfast,lunch,and
dinner, andtakesmedicationtwiceaday2. Hercaregiverhas

2In theearlyversionsof theAutominder, wearenotdirectly is-
suingremindersaboutmedicine-taking,dueto safetyconcerns:we
wantto ensurethecorrectnessof AutominderbeforeseekingFDA

Figure1: TheAutominderArchitecture

recommendedthatshedrink waterat least8 timesadayand
performherrehabilitationexercises3 timesa day. Rosehas
a favorite television show at 11:00am,andattendsthedaily
Bingo gameat 3:00pm.Updatesto Rose's plan(e.g.,a new
doctor's appointment)canbe madeby her caregiver. Fig-
ure2 showsasimpli�ed versionof theseactivities,omitting
causalandtemporalconstraintsfor presentationalclarity.

Theinformationprovidedby thecaregiver is usedby the
AutominderPlanManager(again,seeFigure1). The PM
is anextensionof thePlanManagementAgent,a prototype
intelligent calendartool (Pollack& Horty 1999). The PM
storesRose'splans,updatingthemasactivity constraintsare
added,deleted,or modi�ed, and/orasRoseexecutesactiv-
ities. A centraltask for the PM is to ensurethat thereare
nocon�icts amongsttheuser'splans,suggestingalternative
waysto resolve any potentialcon�icts it detects(e.g.,sug-
gestingthe useof the toilet beforeleaving for the doctor's
of�ce).

Although Figure 2 only shows a simple list of activi-
ties,in fact,within Autominder, thedaily activities arerep-
resentedas Disjunctive TemporalProblems(DTP) (Oddi
& Cesta2000;Stergiou & Koubarakis1998;Tsamardinos
2001).A DTP is anexpressive framework for temporalrea-
soningproblemsthatextendsthewell-known SimpleTem-
poralProblem(STP)(Dechter, Meiri, & Pearl1991)andthe
TemporalConstraintSatisfactionProblem(TCSP)[ibid.] by
allowing arbitrarydisjunctions;e.greadthe newspaperbe-
fore noonor watchthenews at 5 p.m. Theuserplanis also
ableto supportarich setof temporalconstraintsbetweenthe
activities, including relative start time, duration,andmini-
mumandmaximumtime betweenactivities. The PM uses
ef�cient, constraint-basedreasoningalgorithmsfor DTPsto
updatetheusers's plansby recordingthe time of execution
andpropagatingany affectedconstraintsto otheractivities
(Tsamardinos2001). For instance,if Roseis supposedto
take medicineno lessthantwo hoursafter eating,the time
for medicine-takingcanbe mademorepreciseuponlearn-

approval to includemedicinereminders.We do however includea
rangeof othermodeledactivities.



Figure2: Library of Daily Activities (Causal& Temporal
Links Omitted)

ing thattheuserhasbegunlunch.Oncetheconstraintshave
beenpropagatedandtheDTP hasbeenshown to beconsis-
tent,a singleSTPis chosenastheuser's daily plan. Figure
3 showsa userplanextractedfrom theDTP constructedfor
Figure2. The start andend timesof someactivities have
beenconstrainedto meetthe temporalrequirementsof the
activities (e.g. Rosecannot do all threesetsof exercisesat
thesametime).

An effective cognitive orthotic should be aware of
changesin the environment. In somedomainsinformation
aboutactionsmaybedirect,suchasinput to aPalmPilot. In
otherdomainssuchasNursebot,informationis obtainedvia
lessdirectsensors,suchascameras.While thesesensorscan
detectinformationsuchasthelocationof theelderlyclient,
they cannotdirectly recognizewhenanactivity suchas“eat
dinner”hasbeenperformed.Autominder'snext component,
theClient Modeler(CM), usestheuserplanandsensorin-
formationto infer theprobabilitythata plannedactivity has
beeninitiatedor hasended(e.g.,goingto thekitchenaround
thenormaldinnertime may indicatethat theuseris begin-
ning dinner).This inferenceis performedusinga novel, bi-
level dynamicBayesiannetwork framework (Colbry, Peit-
ner, & Pollack2001). Over time, theCM shouldalsocon-
struct a model of the user's expectedbehavior (e.g.,Rose
usuallyremembersto takemedicinein themorning,but fre-
quentlyforgetsin theafternoon);however, this lastcapabil-
ity (learning)hasnotbeenimplemented.

The CM and PM provide input to the third component
of Autominder, thePersonalizedCognitive Orthotic(PCO).
The PCO is designedto balanceusercomplianceand ef-
�ciency againstannoyanceand over-reliance. Reminders
shouldensurethat theuseris awareof upcomingactivities,
but notat theexpenseof distractingor annoying theuser. In
addition,adherenceto a remindershouldnot leadto inef�-

Figure3: ExtractedUserPlan

cientexecutionof theuserplan,andif possible,thereminder
planshouldbestructuredto preventoverrelianceonthesys-
tem. ThePCOachievesthesegoalsby usingplanningtech-
niquesanddomainknowledgeto build andmaintaina plan
of reminders.This plan is continouslyupdatedto reactto
useractionsandchangesin userpreferencesandcaregiver
recommendations.

PCO
ThePCOusesanapproachbasedonthePlanningbyRewrit-
ing paradigm(PbR)(Ambite & Knoblock2001).PbRis an
anytime planningsystemthat useslocal searchandrewrite
rulesto transformsuboptimalplansinto high quality plans.
PbRconsistsof four stages:(i) generationof an initial so-
lution, (ii) applicationof rewrite rulesto producenew can-
didatesolutions,(iii) evaluationof the candidates,and(iv)
selectionof the next solution for further expansion. The
PbRapproachis well-suitedto thedevelopmentof reminder
planssinceit is easyto generatean initial plan, but harder
to generatea high-qualityplan. While the numberof dif-
ferentactivities in a daily planmaybesmall, the �e xibility
in the timing of the reminderswould createa searchspace
that is prohibitively large for a global search.Using local
searchallows theplannerto develophigh-qualityplans(im-
portantfor usersatisfactionin ourdomain)but still provides
ananytimeproperty.

ThePCOadaptsthePbRframework to therequirements
of a cognitive orthotic andextendsit to supportcontinued
maintenanceof those plans as the environment changes.
Pseudo-codealgorithm for the PCO algorithm is given in
Figure4, andwenow considereachstagein turn.

To createan initial reminderplan, the PCO needsonly
to seta reminderfor theearlieststarttime of every activity.
This informationis availablefrom theuserplan. Reminder
plansarerepresentedasa graphstructurewhereeachnode



PCO
1. Generateinitial reminderplan

�

Loop:
While no interrupt:
2. a. Useall applicablerewrite rulesto createa

neighborhoodof reminderplans
��� �

� . . .
���

�

b. For eachplan
���

i. Repairreminderplanasneeded
ii. Checkfor consistency

c. Evaluatereminderplanquality
d. Choose

� �

) with maxvalue

3. If reminderinterrupt:
a. Issuereminder;
b. Updatereminderplan

4. If otherinterrupt:
a. Updatereminderplan

EndLoop

Figure4: ThePCOalgorithm

representsareminderstepandeachedgedenotesatemporal
or causalconstraintbetweenthesteps.Eachreminderstep
has�elds representingthe associateduserplan step(s)and
time of issuance.Causaland temporalinformation in the
reminderplan areinheritedfrom the userplan becausethe
remindersmustrespectthe orderingof the activities in the
userplan. As we will discusslater, thereasonfor maintain-
ing causalstructure(in theform of causallinks) is to enable
appropriatereminderplan updatewhen thereare environ-
mentalchanges.Thegoalstatein theinitial reminderplanis
a reminderfor everyactivity. Figure5 (next page)showsan
initial reminderplan for our runningexample,constructed
with remindersat theearlieststarttime.

Generatingan initial plan
The rewrite rules
It is easyto seethat the initial reminderplan may be far
from optimal. In thisexample,themajorityof thereminders
areclusteredearly in themorning,eventhoughsomeof the
activities could (andpossiblyshould)bedeferredto theaf-
ternoon.Therefore,thenext stepin thePCOalgorithmis to
improvethequality of thereminderplan. For this, thePCO
usesrewrite rulesto generatea neighborhoodof candidate
plans.

For thecurrentNursebotapplication,therulesarecreated
from informationabouttheplanactivities andstructure,the
user'shabitsandpreferences,andany caregiverrecommen-
dations.Therewrite rulesin thecurrentversionof thePCO
aredesignedto:

� usetimesrecommendedby thecaregiver,
� usetimessimilaror aftertheexpectedtimeof activity ex-

ecution,
� useearliestandlateststarttimes,

RuleType: Time to Issue:

PreferredPR(A) At timerecommendedby
caregiver

ExpectedExR(A) After theexpectedtime
SpreadoutSOR(A) At evendistributionover time
Con�ict CR(A) Beforeor aftercon�icting activity
MergedMR(A) In combinationwith other

reminders
EarliestER(A) At earlieststarttime
LatestLR(A) At lateststarttime

Figure6: Typesof rewrite rules

� spaceoutactivitiesof similar types,
� deleteremindersfor activities that areseldomforgotten

by theuser, and/or
� mergereminders3.

Rewrite rulesconsistof an antecedentandan instantia-
tion. The antecedentmatchesoperators,links, and goals
againstobjectsin the reminderplan

�

. The instantiation
of a rule involvesdeletinga goalor removing somesubplan

�
�

from
�

and insertinga new (possiblyempty) subplan
�
	

. In Autominder, rewrite rulesremoveanodedesignating
a reminderfor activity � andreplaceit with anothernode
designatingoneof the remindertypesin Figure6. Sample
rulesareshown in Figure7.

For example,7(a)showstheuseExpectedrule,whichcan
replaceareminderto dosomeactivity � atanarbitrarytime
(perhapsearliestor latest),with a reminder��
�������� for its
expectedtime. Similarly, the removeReminderrule in 7(b)
alsousesinformationfrom theusermodelto transformthe
reminderplan. If thereexistsaveryhighprobabilitythatthe
userwill rememberto perform � onherown, any reminders
for � areremoved.However, recallthatthegoalstateof the
initial reminderplanis to remindfor all activities. Thus,the
removeReminderrulealsodeletesthis top level goal.

Therulesshown aboveaffect only a singlereminderstep
or goal,but rewrite rulescanalsoalter largersubplans.For
example,onerule in the PCOspacesout remindersfor ac-
tivities of thesametype. In Figure8 we show thereminder
planthatresultsfrom applyingthis “SpreadOut”rule to the
hydrationremindersin theinitial reminderplanof Figure5.
As you cansee,theEarliestReminderstepsfor Hydration1
throughHydration8have beenreplacedby remindersthat
spreadout theremindertimes.

Notethatnoneof therewrite ruleswehavedescribedpro-
vide informationabouthow to embedthenew subplansinto
the graphstructureof the plan, ie., how to addanddelete
arcs.However, thePbRapproachallows for partially speci-
�ed rewrite rules.In suchcases,ruleapplicationis followed
by invocationof aplannerto completetheplan.Thecurrent
versionof thePCOusesa handcraftedpartial-orderplanner

3This rule hasnot beenimplementedin the currentversionof
PCO.



Figure5: Initial ReminderPlan

useExpected(PlanP, Activity A)
�

// Take a subplanfrom P
ReminderStepX(A) = P.opsList(x);

//Find thestepin userplanassociatedwith A
ClientPlanStepS = A.associatedStep;

// FindoperatorY thatusesexpectedtime
ReminderStepY = createNewReminder(A,”Expected”);

// If Y exists,remove X andreplacewith Y
replace(X(A),Y(A), P);

returnP;
�

(a)

removeReminder(PlanP, Activity A)
�

// Take a subplanfrom P
ReminderStepX(A) = P.opsList.get(x);

//Find thestepin userplanassociatedwith A
ClientPlanStepS = A.associatedStep;

// Find theprobabilityof Sbeingexecuted
long Y = getprobability(A);

// If Y exceedsthreshold,remove reminder
if (Y � THRESHOLD)

removeFromGoal(S,P);
replace(X(A),null, P);

returnP;
�

(b)

Figure7: SampleRewrite Rules

to correct �a ws in the candidatereminderplan, therefore,
thenodesandedgesin theplan in Figure8 arecompletely
speci�ed.

Therewrite rulesdo not alwaysproduce(valid) reminder
plans.That is, whena nodeis removedor replaced,the re-
sultingplanmaybeinconsistentwith respectto thechaining
temporalor causalconstraints.For instance,in Figure9 the
useLatestrewrite rulehasbeenappliedto thereminderplan
in Figure8. By changingthetime for Hydrate1to its latest
possiblestarttime, we have violatedthe temporalordering
betweenHydrate1andHydrate2.All invalidcandidateplans
aredetectedby theplanneranddiscardedby thePCO.

Evaluation

Onceaneighborhoodof reminderplansis generatedandany
invalid plansarediscarded,the local searchalgorithmmust
evaluatethe remainingcandidatesolutions. Sincethereis
no way to directly measuretheeffectivenessof eachpossi-
ble individual reminder, we have operationalizedevaluation
criterionthat“standin” for our actualgoals4.

The�rst criterionin areminderplanis thatit mustinclude
a reminderfor all critical activities or elsethe value is set
to ��� . After correctness,the quality of the plan is most
greatlyaffectedby the numberof reminders,their timing,
andtheir relativespacing.

Number: In generalplanswith fewer remindersare as-
sessedmorehighly. Sincethe PCOguaranteesthat crit-
ical activities areaccountedfor, having fewer reminders
meansthat unnecessaryremindershave beenremoved
and/orremindershavebeenmerged.

Timing: The timing of a remindercanaffect planquality
in severalways:

� Remindersissuedcloseto thepreferredand/orrecom-
mendedtimesshouldincreaseclient andcaregiversat-
isfaction.

� Remindersissuedaftertheexpectedtimeof activity ex-
ecutionshouldincreaseclientautonomy.

4We will later conduct�eld testswith usersandcaregivers to
validatethis correlation.



Figure8: Reminderplanaftertheapplicationof a SpaceOutrewrite rule

Figure9: Applicationof “useLatest”

Spacing: The elapsedtime betweenremindersis impor-
tant in two ways. First, to increaseef�ciency in planex-
ecutiontheoveralldistributionof remindersshouldavoid
any clusteringand/oroverlap.Second,it is oftenthecase
thatasingleactivity shouldbeexecutedmultiple timesin
a day, suchastheexercisesandhydrationin our current
example.In suchcasesit is especiallyhelpful if thesepar-
ticular activities areperformedthroughoutthedayrather
thanin rapidsuccession.In bothof thesecasesthereis no
speci�c time that is preferredfor theseactivities, rather
thereexistsa preferenceon thespacingbetweenthem.

The relative importanceof thesedifferent attributes is re-
�ected in theevaluationmetrics.

We evaluateplansby looking at theindividual reminders
andthentheplanasa whole.Thetimeassociatedwith each
reminderis comparedto any specializedinput (expected,
preferred,etc.). The distancebetweenscheduledreminder
times and preferred/expectedtime is then multiplied by a
weightingfactor, ��������� or �	��
�� respectively. For repeated
activities, we calculatethe differencebetweenthe actual
spacebetweeneachpairof subsequentactivitiesandtheop-
timal space.We thensumtheseandnormalizeby dividing
by theoptimalspacing.We applysimilar calculationsover
all remindersto checkthat the reminderplanasa whole is
evenlydistributed.

Assume we weigh the value of the preferred,
recommended, and expected times and the value

given to evenly spaced activities and plans,
����������
���������
��	������
����

�


����

���


��! #"$�	
��&%���� respectively. In
addition,we know the numberof reminders(#reminders),
numberof activities in the client plan (#activities), andthe
optimalspacingbetweenthereminders( ' ). Planevaluation
is doneasfollows:

1) Loop throughremindersr
If ( )��

��*

� �,+-)/.10/�

�2*
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Plan+= �
�������87

( )
�

��*

�
�9+-)/.10
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�
(

If ( )
�
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Plan+= �
�����=7

( )
�

�2*

�
�>. 
$+

�

��*

�
(

If )&�

�2*

�@?<. 
A+��

��*

�

Plan+= �
���B�

2) Plan+= Deviation from preferred-spacing* �
�

�


����

���

3) Plan+= Deviation from '
7

�	
C��%����

4) Plan+= �CDE��;BF�G�HAG�F�G�./I �JDK)/.�L9G� #"!.�)/I �NM ��DK��;BF�G�H!G�F�G�./I �

As an illustration,considerthecasewheretheuseLatest
anduseExpectedrulesareappliedto the plan in Figure8.
Therearenow two new plansto evaluate,shown in Figures
10& 11. Thereminderplanin Figure10wascreatedby ap-
plying therule useLatest;by moving thetime for Exercise3
to 8:30pm. In this scenariothe valueof the plan increases
becauseaveragespacingof theplanhasimproved.In Figure
11 theapplicationof useExpectedrewrite rule incorporates



Figure10: Anotherapplicationof “useLatest”

Figure11: Applicationof “useExpected”

userinformationinto the reminderplan by moving the re-
minderfor Lunch to 1:30. This increasesNote that theap-
plicationof a singlerewrite rule canaffect theplanvaluein
multiple ways.For instance,moving a reminderto its latest
time might fortuitouslysatisfysomecriterianot ful�lled in
anearlierplan(i.e. thepreferredtime is also8:30pm),and
viceversa(thepreferredtime to eatlunchis 12:00pm).

Selection

The �nal stepin the local searchof PCOis to choosethe
reminderplanwith thehighestvalue.If theplanquality has
exceededa giventhreshold,thePCOwill pause,otherwise
the loop is continued. However, two typesof eventswill
causethealgorithmto breakthepauseor loop: theissuance
of a reminder, or an interruptfrom theAutominderindicat-
ing that therehasbeena changein the environment. The
PCOmustreactto thesechangesin orderto ensuretheva-
lidity of thereminderplanandincreaseusersatisfaction.

Reactingto change
As remindersareissuedandactivity constraintsareadded,
deleted,or modi�ed, and/orasthe userexecutesactivities,
the reminderplan may needto be updated.At the startof
theday, many temporalconstraintsonthedaily activitiesare
extremely�e xible,but astimeprogresses,anumberof these
constraintswill tighten.For example,eatinglunchcanaffect
thetime boundsfor takingmedication.If thePCOdoesnot

reactappropriatelyto change,remindersmay be issuedat
incorrecttimes.

Hardconstraintsin aplanareall theconstraintsthat,when
changed,require re-evaluationof, and possiblemodi�ca-
tionsto, theplan.In Autominder, theclientplanmaychange
whena new activity is addedor time boundsaremodi�ed.
Thesechangesintroducein hardconstraintsin thereminder
plan,which,afterall, mustre�ect theclient's scheduledac-
tivities. All changesin hardconstraintsmustbeaddressed:
andthePCOmustcheckwhetherthe reminderplan is still
valid, andif necessary, replaceany invalidatedremindersin
thecurrentreminderplanwith EarliestReminders(seeFig-
ure12 for algorithmdetails).

The PCOalsohandleschangesin soft constraints(pref-
erences,recommendations,client modelinformation,etc.).
Soft constraintsaffect thequality of the reminderplan,but
notthevalidity. Considerthecasein whichtheuserindicates
that she would like to changeher preferredreminderfor
lunchfrom 11:30amto 12:30pm.Becausethetime bounds
onlunchhavenotchanged,thePCOhastheoptionof ignor-
ing thepreferencechangein timecritical situations.Thecur-
rent reminderplanmaynot re�ect thenew soft constraints,
but it is still valid. However, asshown in Figure13, if the
PCOupdatestheExpectedReminderto re�ect thisnew pref-
erence,thereminderplanmustbecheckedto ensurethatthe
new remindertime is within the valid time boundsof the
userplan. Thatis, thevalidity of thesoft constraintmustbe
ensured.



Changein hardconstraint

1. If changeis planadditionA
a. addnew goalA to reminderplan
b. addEarliestReminderfor A to plan;

2. If timeboundchangefor �

a. changereminderstepto re�ect
neweststartor executiontime

b. checkthatplanis still valid with newly
changedreminderstepandbounds,

i. if not, replacewith EarliestReminder

Figure12: Reactingto changesin hardconstraints

Changein soft constraint

1. If Changein preferenceP
a. If time-critical

i. ignore
else
b. updateoperatorsaffectedby

�

c. checkthatplanis still valid with newly
changedoperators,

i. if not, replaceoperatorwith useEarliest

Figure13: Reactingto changesin soft constraints

RelatedWork
As describedearlier, the Planning by Rewriting (PbR)
paradigm(Ambite & Knoblock2001)is a planningsystem
thatuseslocal searchto generateplans.It worksby quickly
generatingan initial plan andthenperformingincremental
improvementto increasethequalityof theplans.PbRoffers
a numberof advantages:it is domain-independent,accepts
complex quality metrics(asopposedto quality basedonly
on plan length), and is an anytime algorithm. In addition
PbRtheusesdeclarativeplan-rewriting rules.PbRbalances
ef�ciency andqualityandhasbeenshown to generatehigh-
quality plansquickly; PbRwasoneof only threeplanners
ableto solve someof theproblemsat the2000AIPS plan-
ning competition(BacchusFall 2001). To date,PbR has
beenusedprimarily in thedomainsof queryprocessingand
logistics.ThePCOextendsthePbRalgorithmby interleav-
ing planningandexecution.As notedabove,changesin the
environmentarehandledby theapplicationof rewrite rules
or a quick repairto thecurrentreminderplan. The rewrite
rulesin thePCOcanalsoadjustthegoalstateasopposedto
only theintermediateplansteps.

ExecutionSystems
Another relevant classof systemsoverseesplan execution
(Pell et al. 1996; Bonassoet al. 1997). Thesesystems
typically includea plandeliberationcomponentto produce
plansthat are thendispatchedto an executioncomponent,
or executive, which is responsiblefor the performanceof
the actionsin the plan. Similar to remindersystems,dis-
patchsystemsareresponsiblefor ensuringthe timely com-
pletion of activities. Ef�cient algorithmsfor dispatchhave
beenstudiedfor plansrepresentedasSimpleTemporalProb-
lems(STPs)andTemporalConstraintSatisfactionProblems
(TCSPs)(Muscettola,Morris, & Tsamardinos1998).How-
ever, thesesystemsdon't reasonaboutthe necessityof the
remindersor their timing. Instead,all activitiesareexecuted
at theearliestpossibletime.

Medical reminder systems
Therehasalsobeenimportantwork donethat directly ad-
dressesissuing reminders. Kirsch and Levine (Kirsch et
al. 1987)developedanautomatedcuingsystemintendedto
achievegoalssimilar to ourown. In theirsystem,caregivers
inputadetailedsequenceof stepsfor targetactivitiesandthe
systemprovidescuesto anindividualuseraboutthesestruc-
turedtasks.Theirsystemalsomonitoredtime in orderto re-
focustheuserin thecaseof interruption(Kirsch & Levine
June1988).Parente(Parente1991)alsoaddressedtheneed
for softwareto assistpersonswith memorydisordersby us-
ing expert systemtechniquesto provide cuesfor complex
activities. Like theactivitiesusedby KirschandLevine, the
tasksmodeledby Parentearehierarchical.Notethatin both
of thesesystems,theremindersareprescriptive– thereis no
reasoningabouttheselectionor timing of reminders.

The PEAT system(Levinson 1997) goesbeyond most
otherautomatedmedicalremindersystems.PEAT usesAI
planning technologyon a PDA to assistuserswith trau-
matic brain injury in planningand executingdaily activi-
ties. PEAT usesan AI planningsystemcalled PROPEL,



thePROgramPlanningandExecutionLanguage(Levinson
1995). In PROPEL, user-de�ned scriptsareusedto guide
theplannerandexecutionmonitor. Planninginvolvessimu-
lating thescriptbeforeit is executed.Theplannerevaluates
eachsimulationwith respectto the goals,and it searches
for programvariationsthatmaximizegoalachievement.Fi-
nally, theplannergeneratesadvicerulesthatareusedduring
executionto prompttheuserthrougheachplanstep.PEAT
is ableto propagatetemporalinformation,but thereminder
systemis neitherselective nor adaptive. Remindersareis-
suedfor all activities andtherelative time of issuancedoes
not change.

Conclusions
The PCO as describedin this paperis fully implemented
andintegratedwith the currentAutominderplatform. Un-
like traditional remindersystems,the PCO usesplanning
techniquesto generatehighquality reminderplansthatinte-
grateinformationaboutplanstructure,caregiverrecommen-
dations,anduserpreferences.The PCO generatestimely,
relevant reminders. When it is time for a reminderto be
issued,a text string is sentto Pearl(the robot platform on
which Autominder is deployed). Pearl then doestext-to-
speechtranslationandrelaysthe reminderto theuser. The
PCO is designedto enablethe generationof justi�cations
for reminders,in hopesthatuseradherenceto plansmaybe
improvedwhenthereasoningbehindtheexistenceandtim-
ing of a reminderis provided. For example,a reminderof
theform “If you take your medicinenow, you will not have
to do it in themiddleof your TV show,” maybemorecom-
pelling than the genericmessage“Time for medicine.” In
generatinga justi�cation for a reminder, thePCOwill make
useof theunderlyinguserplan,thepreferencesof thecare-
giver and the user, and the particularrewrite rulesusedin
creatingthecurrentreminderplan.

The PCO hasbeentestedon a library of planscreated
with thehelpof healthcareprofessionalsfrom theNursebot
team. The PCOrunson a PentiumIII 933 MH processor
with 262 MB of RAM andthe time to generateandmain-
tainsmallplanshasbeeninsigni�cant. Dueto a limited plan
library, testingon the speedof the PCOfor large domains
hasnotyetbeendone.A near-termgoalis to conductexten-
sive interview with residentsandcaregiversat a retirement
community. This will not only aid in evaluatingour quality
metrics,it will alsoprovide additionalknowledgeacquisi-
tion.

Future work on the PCO will include additionsto the
currentcorpusof rewrite rules. In particular, the inclusion
of rulesthat will combineactivities that sharecommonre-
sourcesmustbe completed. Activity priorities needto be
implementedin the systemaswell. Finally, the PCOdoes
not currentlyexploit thefull �e xibility of theplansencoded
in the PM. Wherethe PM handlesdisjunctive constraints,
thePCObasestheremindersonly on theSTPchosenasthe
currentdaily plan. Allowing disjunctionswould requirea
new initial plan generationscheme. We are investigating
the userof work on �e xible dispatchof DTPs (Tsamardi-
nos,Pollack,& Ganchev 2001)amongstothersolutionsto
addressthisproblem.
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