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Abstract

The majority of remindersystemsarein e xible; reminders
areissuedatstatic,prespeci edtimes. To beeffective, cogni-
tive orthoticsshouldreasornaboutwhat remindersshouldbe
issuedandwhen. This paperdescribeghe personalizedog-
nitive orthotic (PCO),a systemthat usesplan-basedeason-
ing to attain e xibility. PCOreliesonlocal searchtechniques
to generatéhigh-qualityreminderplansbasedon knowledge
of the users plansand her typical behaior. PCOis being
developedin concertwith othertechnologiesaimedat im-
proved plan managementincluding systemsthat updatea
users plansandtrackactionexecution.We describehe PCO
asit is implementedin the Nursebotapplication: whereit
providestimely andrelevantreminderso elderlypeoplewho
have cognitive declinethatnecessitateassistancé manag-
ing their daily actvities.

Intr oduction

It hasbecomecommonpracticeto usepersonalbrganizers
to manageour daily actwities. Most systemsare equipped
with remindercapabilities but thesetools aregenerallyin-

e xible; remindersareissuedat static, prespeci edtimes.
The goal of our currentwork is to develop betterpersonal
cognitive orthotics,or more generally betterplan manage-
menttools. Cognitive orthoticsshouldreasonaboutwhat

remindersshouldbe issuedandwhen, so asto balancethe

needto (i) ensurehattheuseris awareof plannedactuities;

(ii) avoid introducinginef ciency into the users actities

(i) avoid anngyance;and(in somecasesjiv) avoid making

theuseroverly reliantonthereminders.

This paperdescribeghe Personalize€ognitive Orthotic
(PCO),a systemthat usesplan-basedeasoningo achiese
thesegoals. PCOrelieson local searchtechniquego gen-
erate high-quality reminderplans basedon knowledge of
the users daily plan and her typical behaior. PCO is
being developedin concertwith othertechnologiesaimed
at improved plan managementincluding systemshat up-
datea users plansandtrack action execution. Currently
PCOis designedo interactwith thesesystemsn an over-
all plan-managemerstystemcalled Autominder(Pollacket
al. 2001). We describethe PCOin a particularapplication,
the Nursebotproject: whereit providestimely andrelevant
reminderdo elderly peoplewho have cognitive declinethat
necessitateassistancen managingheir daily actiities.
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Motivation

The proportion of elderly peoplein the United Statesis
growing ata phenomenatate. Currently 12.5%of the pop-
ulationis age65 or older; by 2030,this fractionis projected
to surpas0% (Censusl997). In the sametime 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 the declineof cognitive function often
associatedvith aging, this option is not always available.
Thelnitiative on PersonaRoboticAssistantdor the Elderly
(Nursebo2000)is amulti-universityresearcteffort* aimed
atinvestigation®f robotictechnologyfor theelderly. Itsini-
tial focusis on the designof an autonomousnobile robot,
currentlycalledPearl,thatwill “live” in the homeof anel-
derly personandassisin the managemendf herdaily plan.

A centralsoftwarecomponentf Pearlis Autominder an
automatedhgentdesignedo sene asa “cognitive orthotic;
assistinganelderly clientin carryingout the requiredactiv-
ities of daily life (ADLs) by providing herwith timely and
appropriateeminders Autominderstoresandupdateglans
representinga users ADLs, trackstheir execution,learns
the typical behavior of the client with regardto the execu-
tion of theseplans,andprovidescarefullychoserandtimed
reminderf theactvities to be performed.

Autominderdiffersfrom mostof thetechnology-basewk-
mindersystemsn the medicaldomain. First, mostof these
systemaregearedowardsaidingthedoctorsandcareagivers
(Cannon& Allen 2000),but eventhosesystemghatdo ad-
dressthe need<of the patientgenerallyusesimple,scripted
remindersto promptthe userat prespeci edtimes. They
do not adaptto changessuchasthe introductionof a new
plan, or the executionof actwities. In generalthe current
suite of cognitive orthoticslack the power to reasonabout
therelevance timing, and/orinteractionof reminders Most
existing systemdack oneof moreof the following key ca-
pabilities:

Automatic scheduling
A cognitive orthotic shoulddecidewhat to remindersto
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issueandwhen. Someactiities arecentralto the safety
andwell-being of the userso theremustbe someguar
anteethat the orthotic will issuea reminderfor them.
However, lesscritical activities do not alwaysrequirea
reminder especiallyif the usertypically rememberghe
activity onherown. In addition,theadditionanddeletion
of remindershouldcoincidewith new usergoalsanduser
activity.

Utilization of multiple information sources
In developing a plan of action, the cognitive orthotic
should be able to combine information from mary
sourcesincludingbothhardconstraint®nactiity execu-
tion andinteraction,or the soft constraintof userhabits
andpreferences.

Plan quality assessment
Therearemary aspectdo a high quality plan. Justsome
of the reminderplan qualitiesthat a cognitive orthotic
shouldaddressre:

The spacingbetweerreminders Remindersareoften
more effective whenthey arenot issuedin quick suc-
cession(IPAT 1999).

Sharedpropertiesnherentin the actiities, suchaslo-
cation or timing - Remindersfor proximal actwities
shouldbe memgedinto a singlereminderwhenappro-
priate.

Potentialoverlapbetweeractiities - The cognitive or-
thotic shouldidentify andavoid issuingremindersdur-
ing the executionof otheractiities.

The focus of this paperis a nenv system,the Personal-
ized Cognitive Orthotic (PCO).The PCOwasdevelopedto
fulll therequirementsabove, andto do so efciently in a
dynamicervironment. The PCO:identi es thoseactvities
that requireremindersbasedon importanceandlik elihood
of beingforgotten; determineseffective timesto issuethe
reminders;andadaptgo ervironmentalchanges.The PCO
is anintegral part of the Automindersystemso we usethe
next sectionto provide an overview of the Autominderar-
chitectureandexplain how the PCOinteractswith the other
component®f the system.We thenproceedwith a detailed
descriptionof the PCOalgorithmandits implementation

Autominder

As alreadynoted Autominderis responsibldor Pearls plan
managemenand remindercapabilities. Autominderrelies
on a numberof Al techniquesjncluding interleaved plan-
ning and execution, sophisticatedemporalreasoningand
reasoningunderuncertainty Figure 1 shavs the Automin-
derarchitecture Note thattherearethreemain modules:a
PlanManager(PM), a Client Modeler(CM), andthe PCO.
Theexamplewe will usethroughouthis paperinvolvesa
dayin thelife of atypicaluserwhowe will call Rose.Rose
usuallywakesup by 7:00am.Sheeatsbreakfst,lunch,and
dinner, andtakesmedicatiortwice aday?. Her caregiverhas

2In theearlyversionsof the Autominder we arenotdirectly is-
suingremindersaboutmedicine-takingdueto safetyconcernswe
wantto ensurethe correctnessf Autominderbeforeseeking=DA

Figurel: The AutominderArchitecture

recommendethatshedrink wateratleast8 timesadayand
performherrehabilitationexercises3 timesa day Rosehas
afavorite television shav at 11:00amandattendsthe daily
Bingo gameat 3:00pm.Updatego Roses plan (e.g.,a new
doctor's appointment)can be madeby her carayiver. Fig-
ure2 shavsasimpli ed versionof theseactuities, omitting
causabndtemporalconstraintdor presentationatlarity.

Theinformationprovidedby the caragiveris usedby the
AutominderPlan Manager(again,seeFigure1). The PM
is anextensionof the PlanManagemenAgent, a prototype
intelligent calendartool (Pollack & Horty 1999). The PM
storesRoses plans,updatingthemasactiity constraintare
added deleted,or modi ed, and/oras Roseexecutesactiv-
ities. A centraltaskfor the PM is to ensurethatthereare
no con icts amongstheusers plans,suggestinglternative
waysto resole ary potentialcon icts it detectge.g.,sug-
gestingthe useof the toilet beforeleaving for the doctor's
of ce).

Although Figure 2 only shavs a simple list of actii-
ties,in fact, within Autominder the daily actuities arerep-
resentedas Disjunctive Temporal Problems(DTP) (Oddi
& Cesta2000; Stegiou & Koubarakis1998; Tsamardinos
2001).A DTPis anexpressve framework for temporalrea-
soningproblemsthat extendsthe well-known Simple Tem-
poralProblem(STP)(DechterMeiri, & Pearl1991)andthe
TemporalConstrainSatishctionProblem(TCSP)[ibid.] by
allowing arbitrary disjunctions;e.greadthe newspaperbe-
fore noonor watchthenews at5 p.m. Theuserplanis also
ableto supportarich setof temporalconstraintbetweerthe
actities, including relative starttime, duration,and mini-
mum and maximumtime betweenactvities. The PM uses
ef cient, constraint-baserkasoninglgorithmsfor DTPsto
updatethe userss plansby recordingthe time of execution
andpropagatingary affectedconstraintso otheractivities
(Tsamardino2001). For instance,if Roseis supposedo
take medicineno lessthantwo hoursafter eating,the time
for medicine-takingcanbe mademaore preciseuponlearn-

apprao/al to includemedicinereminders We do however includea
rangeof othermodeledactvities.



Figure 2: Library of Daily Activities (Causal& Temporal
Links Omitted)

ing thattheuserhashegunlunch. Oncethe constrainthave
beenpropagatedndthe DTP hasbeenshavn to be consis-
tent,asingleSTPis choserasthe users daily plan. Figure
3 shaws a userplanextractedfrom the DTP constructedor
Figure 2. The startand endtimes of someactvities have
beenconstrainedo meetthe temporalrequirementof the
actiities (e.g. Rosecannot do all threesetsof exercisesat
thesametime).

An effective cognitive orthotic should be aware of
changesn the ervironment. In somedomainsinformation
aboutactionsmaybedirect,suchasinputto aPalmPilot. In
otherdomainssuchasNursebotjnformationis obtainedvia
lessdirectsensorssuchascamerasWhile thesesensorgan
detectinformationsuchasthe locationof theelderly client,
they cannotdirectly recognizevhenanactvity suchas“eat
dinner”hasbeenperformed. Automindersnext component,
the Client Modeler(CM), usesthe userplan andsensorin-
formationto infer the probabilitythata plannedactiity has
beeninitiatedor hasendede.g.,goingto thekitchenaround
the normaldinnertime may indicatethat the useris begin-
ning dinner). This inferenceis performedusinga novel, bi-
level dynamicBayesiannetwork framework (Colbry, Peit-
ner, & Pollack2001). Over time, the CM shouldalsocon-
structa model of the users expectedbehaior (e.g., Rose
usuallyrememberso take medicinein themorning,but fre-
guentlyforgetsin the afternoon)however, this lastcapabil-
ity (learning)hasnotbeenimplemented.

The CM and PM provide input to the third component
of Autominder the Personalizeognitive Orthotic (PCO).
The PCO s designedto balanceusercomplianceand ef-

ciency againstanng/anceand over-reliance. Reminders
shouldensurethatthe useris awareof upcomingactuities,
but notatthe expenseof distractingor anng/ing theuser In
addition,adherencéo a remindershouldnot leadto inef -

Figure3: ExtractedUserPlan

cientexecutionof theuserplan,andif possiblethereminder
planshouldbestructuredo preventoverrelianceonthe sys-
tem. The PCOachievesthesegoalsby usingplanningtech-
niguesanddomainknowledgeto build andmaintaina plan
of reminders. This planis continouslyupdatedto reactto
useractionsand changesn userpreferencesnd carajiver
recommendations.

PCO

ThePCOusesanapproactbasednthePlanningoy Rewrit-
ing paradigm(PbR) (Ambite & Knoblock2001).PbRis an
arnytime planningsystemthat useslocal searchandrewrite
rulesto transformsuboptimalplansinto high quality plans.
PbR consistsof four stages:(i) generatiorof aninitial so-
lution, (ii) applicationof rewrite rulesto producenew can-
didatesolutions,(iii) evaluationof the candidatesand (iv)
selectionof the next solution for further expansion. The
PbRapproachs well-suitedto thedevelopmenbf reminder
planssinceit is easyto generateaninitial plan, but harder
to generatea high-quality plan. While the numberof dif-
ferentactvities in a daily planmay be small, the e xibility
in the timing of the reminderswould createa searchspace
thatis prohibitively large for a global search. Using local
searchallowsthe plannerto develophigh-qualityplans(im-
portantfor usersatisactionin our domain)but still provides
anarytime property

The PCOadaptsthe PbRframawork to the requirements
of a cognitive orthotic and extendsit to supportcontinued
maintenanceof those plans as the environment changes.
Pseudo-codalgorithm for the PCO algorithmis givenin
Figure4, andwe now considereachstagein turn.

To createan initial reminderplan, the PCO needsonly
to setareminderfor the earlieststarttime of every activity.
This informationis availablefrom the userplan. Reminder
plansarerepresente@sa graphstructurewhereeachnode



PCO
1. Generateénitial reminderplan
Loop:
While nointerrupt:
2. a. Useall applicablerewrite rulesto createa
neighborhooaf reminderplans
b. For eachplan
i. Repairremindemplanasneeded
ii. Checkfor consisteng
c. Evaluatereminderplanquality
d. Choose ) with maxvalue

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

4. If otherinterrupt:
a. Updatereminderplan
EndLoop

Figure4: The PCOalgorithm

representareminderstepandeachedgedenotesatemporal
or causalconstraintbetweerthe steps. Eachreminderstep
has elds representinghe associatediserplan step(s)and
time of issuance.Causaland temporalinformationin the
reminderplan areinheritedfrom the userplan becausehe
remindersmustrespectthe orderingof the actvities in the
userplan. As we will discusdater, thereasorfor maintain-
ing causaktructure(in theform of causalinks) is to enable
appropriatereminderplan updatewhen there are erviron-
mentalchangesThegoalstatein theinitial reminderplanis
areminderfor every actiity. Figure5 (next page)shovsan
initial reminderplan for our running example, constructed
with remindersatthe earlieststarttime.

Generating an initial plan
The rewrite rules

It is easyto seethat the initial reminderplan may be far
from optimal. In this example themajority of thereminders
areclusteredearlyin the morning,eventhoughsomeof the
actiities could (andpossiblyshould)be deferredto the af-
ternoon.Thereforethe next stepin the PCOalgorithmis to
improve the quality of the remindemlan. For this, the PCO
usesrewrite rulesto generatea neighborhoodf candidate
plans.

For thecurrentNursebotapplicationtherulesarecreated
from informationaboutthe planactiities andstructure the
users habitsandpreferencesandary caragyiverrecommen-
dations.Therewrite rulesin the currentversionof thePCO
aredesignedo:

usetimesrecommendedly the caragiver,

usetimessimilar or afterthe expectedime of activity ex-
ecution,

useearliestandlateststarttimes,

Rule Type: Timeto Issue:

PreferredPR(A) At time recommendeby
caraiver

ExpectedExR(A) After theexpectediime

SpreadouSOR(A) At evendistribution overtime

Conict CR(A) Beforeor aftercon icting actiity

MergedMR(A) In combinatiorwith other

reminders
At earlieststarttime
At lateststarttime

EarliestER(A)
LatestLR(A)

Figure6: Typesof rewrite rules

spaceout actiities of similar types,

deleteremindersfor actvities that are seldomforgotten
by theuser and/or

memgereminders.

Reawrite rules consistof an antecedenaind an instantia-
tion. The antecedentatchesoperators,links, and goals
againstobjectsin the reminderplan . The instantiation
of arule involvesdeletinga goalor remaving somesubplan

from andinsertinga new (possibly empty) subplan

. In Autominder rewrite rulesremove anodedesignating
areminderfor actvity = andreplaceit with anothermode
designatingone of the remindertypesin Figure6. Sample
rulesareshownin Figure?7.

For example,7(a) shovsthe useExpectedule, which can
replaceareminderto dosomeactivity —atanarbitrarytime
(perhapsearliestor latest),with areminder for its
expectedtime. Similarly, the remoszeReminderule in 7(b)
alsousesinformationfrom the usermodelto transformthe
remindermplan. If thereexistsavery high probabilitythatthe
userwill remembeto perform onherown, ary reminders
for areremoved.However, recallthatthegoalstateof the
initial remindemlanis to remindfor all actiities. Thus,the
removeReminderule alsodeleteghis toplevel goal.

Therulesshavn above affect only a singlereminderstep
or goal, but rewrite rulescanalsoalterlarger subplans.For
example,onerule in the PCOspacesut remindersfor ac-
tivities of the sametype. In Figure8 we show thereminder
planthatresultsfrom applyingthis “SpreadOut’rule to the
hydrationreminderdn theinitial reminderplanof Figure5.
As you cansee,the EarliestRemindestepsfor Hydration1
throughHydration8 have beenreplacedby remindersthat
spreacbuttheremindertimes.

Notethatnoneof therewrite ruleswe have describegro-
vide informationabouthow to embedhe new subplandgnto
the graphstructureof the plan, ie., how to add and delete
arcs.However, the PbRapproachallows for partially speci-

ed rewrite rules.In suchcasesrule applicationis followed
by invocationof a plannerto completethe plan. The current
versionof the PCOusesa handcraftegartial-ordemplanner

3This rule hasnot beenimplementedn the currentversionof
PCO.




useExpected(PlaR Activity A)

// Take a subplanfrom P
ReminderStefX(A) = PopsList(x);

//[Find the stepin userplanassociateavith A
ClientPlanStefs = A.associatedStep;

I/l Find operatorY thatusesexpectedime

ReminderStepY = createNe/Reminder(A'Expected”);

/1'1f Y exists,remove X andreplacewith Y
replace(X(A),Y(A), P);

returnP;

@)

remoreReminder(PlaR, Activity A)

// Take a subplanfrom P
ReminderStefX(A) = PopsList.get(x);

/[Find the stepin userplanassociateavith A
ClientPlanStefs = A.associatedStep;

I/ Find the probability of S beingexecuted
longY = getprobability(A);

/'l Y exceedghresholdremore reminder

if Y THRESHOLD)
remoreFromGoal(S,P);
replace(X(A),null, P);

returnP;

(b)

Figure7: SampleRewrite Rules

Figure5: Initial ReminderPlan

to correct aws in the candidatereminderplan, therefore,
the nodesandedgesn the planin Figure8 arecompletely
speci ed.

Therewrite rulesdo not alwaysproduce(valid) reminder
plans. Thatis, whena nodeis removedor replacedthere-
sultingplanmaybeinconsistentvith respecto thechaining
temporalor causalconstraintsFor instancejn Figure9 the
uselLatestewrite rule hasbeenappliedto theremindemlan
in Figure8. By changingthetime for Hydratelto its latest
possiblestarttime, we have violatedthe temporalordering
betweerHydratelandHydrate2.All invalid candidatglans
aredetectedy the planneranddiscardedy the PCO.

Evaluation

Onceaneighborhoof remindemplansis generateéndary
invalid plansarediscardedthe local searchalgorithmmust
evaluatethe remainingcandidatesolutions. Sincethereis
no way to directly measurdhe effectivenesof eachpossi-
ble individual reminder we have operationalizedvaluation
criterionthat“standin” for our actualgoals'.

The rst criterionin areminderplanis thatit mustinclude
a reminderfor all critical actiities or elsethe valueis set
to . After correctnessthe quality of the planis most
greatly affectedby the numberof reminders their timing,
andtheir relative spacing.

Number: In generalplanswith fewer remindersare as-
sessednore highly. Sincethe PCOguaranteeghat crit-
ical actiities are accountedor, having fewer reminders
meansthat unnecessaryemindershave beenremoved
and/orremindershave beenmemged.

Timing: Thetiming of a remindercanaffect plan quality
in severalways:

Reminderdssuedcloseto the preferredand/orrecom-
mendedimesshouldincreaseclient andcaregiver sat-
isfaction.

Remindersssuedaftertheexpectedime of activity ex-
ecutionshouldincreaseclientautonomy

“We will later conduct eld testswith usersand caragiversto
validatethis correlation.



Figure8: Remindemplanafterthe applicationof a SpaceOutewrite rule

Figure9: Applicationof “useLatest”

Spacing: The elapsedime betweenremindersis impor-
tantin two ways. First, to increaseef ciency in plan ex-
ecutionthe overall distribution of remindersshouldavoid
ary clusteringand/oroverlap.Secondit is oftenthe case
thatasingleactvity shouldbe executedmultiple timesin
a day, suchasthe exercisesand hydrationin our current
example.In suchcasedt is especiallyhelpfulif thesepar
ticular actwities are performedthroughoutthe day rather
thanin rapidsuccessionin bothof thesecaseghereis no
speci c time thatis preferredfor theseactvities, rather
thereexistsa preferencen the spacingobetweerthem.

The relative importanceof thesedifferent attributesis re-
ected in the evaluationmetrics.

We evaluateplansby looking at theindividual reminders
andthenthe planasawhole. Thetime associatedvith each
reminderis comparedto ary specializedinput (expected,
preferred,etc.). The distancebetweenscheduledeminder
times and preferred/@pectedtime is then multiplied by a
weightingfactor, or respectiely. For repeated
actiities, we calculatethe differencebetweenthe actual
spacebetweereachpair of subsequerdctiities andtheop-
timal space.We thensumtheseandnormalizeby dividing
by the optimal spacing.We apply similar calculationsover
all remindergo checkthatthe reminderplanasa wholeis
evenly distributed.

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

given to evenly spaced actvities and plans,

respectiely. In
addition, we know the numberof reminders(#reminders),
numberof actwities in the client plan (#actvities), andthe
optimalspacingoetweertheremindery ). Planevaluation

is doneasfollows:

1) Loop throughreminders

If

Plan+=
If

Plan+=
If

Plan+=

2) Plan+= Deviation from preferred-spacing
3) Plan+= Deviationfrom
4) Plan+=

As anillustration, considerthe casewherethe uselLatest
and useExpectedules are appliedto the planin Figure8.
Therearenow two new plansto evaluate,shovn in Figures
10& 11. Thereminderplanin Figurel0wascreatecby ap-
plying therule uselLatestby moving thetime for Exercise3
to 8:30pm. In this scenariathe value of the planincreases
becausaveragespacingf theplanhasimproved. In Figure
11 the applicationof useExpectedewrite rule incorporates



Figure10: Anotherapplicationof “uselLatest”

Figure11: Applicationof “useExpected”

userinformationinto the reminderplan by moving the re-
minderfor Lunchto 1:30. This increasedNote thatthe ap-
plicationof a singlerewrite rule canaffectthe planvaluein

multiple ways. For instancemoving areminderto its latest
time might fortuitously satisfy somecriterianot ful lled in

anearlierplan(i.e. the preferredtime is also8:30pm),and
vice versa(the preferredime to eatlunchis 12:00pm).

Selection

The nal stepin the local searchof PCOis to choosethe
reminderplanwith the highestvalue.If theplanquality has
exceeded giventhresholdthe PCOwill pauseotherwise
the loop is continued. However, two typesof eventswill
causehealgorithmto breakthe pauseor loop: theissuance
of areminder or aninterruptfrom the Autominderindicat-
ing thattherehasbeena changein the ervironment. The
PCOmustreactto thesechangesn orderto ensurethe va-
lidity of theremindemlanandincreaseausersatistction.

Reactingto change

As remindersareissuedandactivity constraintsaareadded,
deleted,or modi ed, and/orasthe userexecutesactiities,

the reminderplan may needto be updated. At the startof

theday, mary temporalkonstraint®nthedaily activities are
extremely e xible, but astime progressesa numberof these
constraintwill tighten.For example,eatinglunchcanaffect
thetime boundsfor takingmedication.If the PCOdoesnot

reactappropriatelyto change remindersmay be issuedat
incorrecttimes.

Hardconstraintsn aplanareall theconstraintshat,when
changed,require re-evaluation of, and possiblemodi ca-
tionsto, theplan. In Automindertheclientplanmaychange
whena new actity is addedor time boundsare modi ed.
Thesechangesntroducein hardconstraintsn thereminder
plan,which, afterall, mustre ect theclient's scheduledc-
tivities. All changesn hardconstraintanustbe addressed:
andthe PCO mustcheckwhetherthe reminderplanis still
valid, andif necessaryeplaceary invalidatedremindersn
the currentreminderplanwith EarliestReminderéseeFig-
ure 12 for algorithmdetails).

The PCOalsohandleschangesn soft constraintqpref-
erencesrecommendationglient modelinformation, etc.).
Soft constraintsaffect the quality of the reminderplan, but
notthevalidity. Considethecasean whichtheuserindicates
that shewould like to changeher preferredreminderfor
lunchfrom 11:30anmto 12:30pm.Becausehetime bounds
onlunchhave notchangedthe PCOhastheoptionof ignor-
ing thepreferencehangen timecritical situations.Thecur-
rentreminderplan may not re ect the new soft constraints,
but it is still valid. However, asshavn in Figure 13, if the
PCOupdateghe ExpectedRemindéo re ect this new pref-
erencetheremindemplanmustbechecledto ensurghatthe
new remindertime is within the valid time boundsof the
userplan. Thatis, thevalidity of the soft constraintmustbe
ensured.



Changen hardconstraint

1. If changes planadditionA
a.addnew goalA to reminderplan
b. addEarliestRemindefor A to plan;
2. If time boundchangeor
a. changereminderstepto re ect
neweststartor executiontime
b. checkthatplanis still valid with newly
changedeminderstepandbounds,
i. if not, replacewith EarliestReminder

Figure12: Reactingto changesn hardconstraints

Changen soft constraint

1. If Changen preferenced®
a. If time-critical
i. ignore
else
b. updateoperatorsaffectedby
c. checkthatplanis still valid with newly
changedperators,

i. if not, replaceoperatomwith useEarliest

Figure13: Reactingo changesn soft constraints

Related Work

As describedearlier the Planning by Rewriting (PbR)
paradigm(Ambite & Knoblock2001)is a planningsystem
thatusedocal searchto generatglans.It works by quickly
generatingan initial plan andthen performingincremental
improvemento increasahe quality of theplans.PbRoffers
a numberof adwvantagesit is domain-independengccepts
comple quality metrics(asopposedo quality basedonly
on plan length), and is an anytime algorithm. In addition
PbRthe usesdeclaratve plan-revriting rules. PbRbalances
ef ciency andquality andhasbeenshowvn to generatéigh-
quality plansquickly; PbRwasoneof only threeplanners
ableto solve someof the problemsat the 2000 AIPS plan-
ning competition(BacchusFall 2001). To date, PbR has
beenusedprimarily in thedomainsof queryprocessing@nd
logistics. The PCOextendsthe PbRalgorithmby interleas-
ing planningandexecution.As notedabove, changesn the
environmentare handledby the applicationof rewrite rules
or a quick repairto the currentreminderplan. The rewrite
rulesin the PCOcanalsoadjustthe goal stateasopposedo
only theintermediateplansteps.

Execution Systems

Anotherrelevant classof systemsoverseegplan execution
(Pell et al. 1996; Bonassoet al. 1997). Thesesystems
typically includea plan deliberationcomponento produce
plansthat are then dispatchedo an executioncomponent,
or executive, which is responsiblefor the performanceof

the actionsin the plan. Similar to remindersystemsdis-

patchsystemsareresponsibldor ensuringthe timely com-

pletion of actuvities. Ef cient algorithmsfor dispatchhave

beenstudiedfor plansrepresentedsSimpleTemporalProb-
lems(STPs)andTemporalConstrainiSatishctionProblems
(TCSPs)XMuscettolaMorris, & Tsamardino4.998). How-

ever, thesesystemsdon't reasonaboutthe necessityof the

reminderor theirtiming. Insteadall actiities areexecuted
attheearliestpossibletime.

Medical reminder systems

Therehasalso beenimportantwork donethat directly ad-
dressedssuing reminders. Kirsch and Levine (Kirsch et
al. 1987)developedanautomatedatuing systemintendecdto
achieve goalssimilarto ourown. In their systemcaregivers
inputadetailedsequencef stepsor targetactiitiesandthe
systenprovidescuesto anindividual useraboutthesestruc-
turedtasks.Their systemalsomonitoredtime in orderto re-
focusthe userin the caseof interruption(Kirsch & Levine
Junel988). Parente(Parentel991)alsoaddressethe need
for softwareto assistpersonsith memorydisordersby us-
ing expert systemtechniquedo provide cuesfor comple
actiities. Like the actvities usedby Kirsch andLevine, the
tasksmodeledby Parentearehierarchical Note thatin both
of thesesystemstheremindersareprescriptve —thereis no
reasoningaboutthe selectionor timing of reminders.

The PEAT system(Levinson 1997) goesbeyond most
otherautomatednedicalremindersystems.PEAT usesAl
planning technologyon a PDA to assistuserswith trau-
matic brain injury in planningand executingdaily activi-
ties. PEAT usesan Al planning systemcalled PROPEL,



the PROgramPlanningand ExecutionLanguagégLevinson
1995). In PROPEL, userde ned scriptsare usedto guide
the plannerandexecutionmonitor. Planninginvolvessimu-
lating the scriptbeforeit is executed.The plannerevaluates
eachsimulationwith respectto the goals,andit searches
for programvariationsthatmaximizegoalachiezement.Fi-
nally, theplannergenerateadvicerulesthatareusedduring
executionto promptthe userthrougheachplan step. PEAT
is ableto propagateéemporalinformation,but the reminder
systemis neitherselectve nor adaptve. Remindersareis-
suedfor all actvities andthe relative time of issuancaloes
notchange.

Conclusions

The PCO as describedin this paperis fully implemented
andintegratedwith the currentAutominderplatform. Un-

like traditional remindersystems,the PCO usesplanning
techniquego generatéigh quality remindemplansthatinte-

grateinformationaboutplanstructure careyiverrecommen-
dations,and userpreferences.The PCO generategimely,

relevant reminders. Whenit is time for a reminderto be

issued,a text stringis sentto Pearl(the robot platform on

which Autominderis deployed). Pearlthen doestext-to-

speechranslationandrelaysthe reminderto theuser The

PCOis designedio enablethe generationof justi cations

for remindersjn hopesthatuseradherenceo plansmaybe

improvedwhenthereasoningehindthe existenceandtim-

ing of a reminderis provided. For example,a reminderof

theform “If you take your medicinenow, you will not have

to doit in themiddle of your TV shav,” maybemorecom-

pelling thanthe genericmessageéTime for medicin€. In

generatinga justi cation for areminderthe PCOwill make

useof theunderlyinguserplan,the preferencesf the care-
giver andthe user andthe particularrewrite rules usedin

creatingthe currentreminderplan.

The PCO hasbeentestedon a library of planscreated
with the help of healthcargrofessionalérom the Nursebot
team. The PCOrunson a Pentiumlll 933 MH processor
with 262 MB of RAM andthe time to generateand main-
tainsmallplanshasbeeninsigni cant. Dueto alimited plan
library, testingon the speedof the PCO for large domains
hasnotyetbeendone.A neartermgoalis to conductexten-
sive interview with residentsandcaragiversat a retirement
community Thiswill notonly aidin evaluatingour quality
metrics, it will also provide additionalknowledgeacquisi-
tion.

Future work on the PCO will include additionsto the
currentcorpusof rewrite rules. In particular the inclusion
of rulesthatwill combineactvities that sharecommonre-
sourcesmustbe completed. Activity priorities needto be
implementedn the systemaswell. Finally, the PCOdoes
not currentlyexploit thefull e xibility of theplansencoded
in the PM. Wherethe PM handlesdisjunctive constraints,
the PCObasegheremindersonly onthe STPchoserasthe
currentdaily plan. Allowing disjunctionswould requirea
new initial plan generationscheme. We are investigating
the userof work on e xible dispatchof DTPs (Tsamardi-
nos, Pollack,& Ganche 2001)amongstothersolutionsto
addresshis problem.
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