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Abstract

Thispaperdescribesanimplementedrobotsystem,which
relies heavily on probabilisticAI techniquesfor acting
underuncertainty. The robot Pearl and its predecessor
Flo have beendevelopedby a multi-disciplinaryteamof
researchersover the past threeyears. The goal of this
researchis to investigate the feasibility of assistingel-
derly peoplewith cognitive and physical activity limi-
tations through interactive robotic devices, therebyim-
proving their quality of life. The robot's task involves
escortingpeoplein an assistedliving facility—a time-
consumingtaskcurrentlycarriedout by nurses.Its soft-
warearchitectureemploysprobabilistictechniquesat vir-
tually all levelsof perceptionanddecisionmaking. Dur-
ing the courseof experimentsconductedin an assisted
living facility, the robot successfullydemonstratedthat
it couldautonomouslyprovide guidancefor elderly resi-
dents.While previousexperimentswith �elded robotsys-
temshaveprovidedevidencethatprobabilistictechniques
work well in thecontext of navigation,wefoundthesame
to betrueof humanrobotinteractionwith elderlypeople.

Intr oduction
The US populationis agingat an alarmingrate. At present,
12.5%of theUSpopulationis of age65or older. TheAdmin-
istrationof Aging predictsa100%increaseof this ratioby the
year2050[26]. By 2040,thenumberof peopleof ageof 65or
olderper100working-agepeoplewill haveincreasedfrom 19
to 39. At thesametime,thenationfacesasigni�cant shortage
of nursingprofessionals.TheFederationof NursesandHealth
CareProfessionalshasprojectedaneedfor 450,000additional
nursesby theyear2008. It is widely recognizedthat thesit-
uationwill worsenasthebaby-boomergenerationmovesinto
retirementage,with noclearsolutionin sight.Thesedevelop-
mentsprovide signi�cant opportunitiesfor researchersin AI,
to developassistivetechnologythatcanimprovethequalityof
life of our agingpopulation,while helpingnursesto become
moreeffective in their everydayactivities.

To respondto thesechallenges,the NursebotProject was
conceived in 1998 by a multi-disciplinary team of investi-
gators from four universities,consistingof four health-care
faculty, oneHCI/psychologyexpert,andfour AI researchers.
Thegoalof thisprojectis to developmobileroboticassistants
for nursesand elderly peoplein varioussettings. Over the
courseof 36 months,the teamhasdevelopedtwo prototype
autonomousmobilerobots,shown in Figure1.

Fromthemany servicessucharobotcouldprovide(see[11,
16]), thework reportedherehasfocusedonthetaskof remind-
ing peopleof events(e.g., appointments)and guiding them
throughtheir environments. At present,nursingstaff in as-
sistedliving facilities spendssigni�cant amountsof time es-
corting elderly peoplewalking from onelocationto another.

The numberof activities requiringnavigation is large, rang-
ing from regulardaily events(e.g.,meals),appointments(e.g.,
doctorappointments,physiotherapy, hair cuts),socialevents
(e.g.,visiting friends,cinema),to simply walking for thepur-
poseof exercising. Many elderly peoplemove at extremely
slow speeds(e.g.,5 cm/sec),makingthetaskof helpingpeo-
ple aroundoneof the most labor-intensive in assistedliving
facilities. Furthermore,the help provided is often not of a
physicalnature,aselderlypeopleusuallyselectwalking aids
overphysicalassistanceby nurses,thuspreservingsomeinde-
pendence.Instead,nursesoften provide importantcognitive
help, in the form of reminders,guidanceandmotivation, in
additionto valuablesocialinteraction.

In two day-longexperiments,our robot hasdemonstrated
the ability to guideelderly people,without the assistanceof
a nurse. This involves moving to a person's room, alert-
ing them, informing themof an upcomingevent or appoint-
ment,andinquiring abouttheir willingnessto be assisted.It
then involvesa lengthy phasewherethe robot guidesa per-
son,carefullymonitoringtheperson's progressandadjusting
the robot's velocity andpathaccordingly. Finally, the robot
alsoservesthesecondarypurposeof providing informationto
thepersonuponrequest,suchasinformationaboutupcoming
communityevents,weatherreports,TV schedules,etc.

From an AI point of view, several factorsmake this task
a challengingone. In addition to the well-developedtopic
of robot navigation [15], the task involves signi�cant inter-
actionwith people.Our presentrobotPearlinteractsthrough
speechandvisual displays. Whenit comesto speech,many
elderly have dif�culty understandingeven simplesentences,
andmoreimportantly, articulatinganappropriateresponsein
a computer-understandableway. Thosedif�culties arisefrom
perceptualandcognitivede�ciencies,ofteninvolving amulti-
tudeof factorssuchasarticulation,comprehension,andmen-
tal agility. In addition,people's walking abilities vary dras-
tically from personto person. Peoplewith walking aidsare
usually an order of magnitudeslower than peoplewithout,
andpeopleoften stopto chator catchbreathalongthe way.
It is thereforeimperative that the robot adaptsto individual
people—anaspectof peopleinteractionthathasbeenpoorly
exploredin AI androbotics.Finally, safetyconcernsaremuch
higherwhendealingwith theelderlypopulation,especiallyin
crowdedsituations(e.g.,diningareas).

Thesoftwaresystempresentedhereseeksto addressthese
challenges.All softwarecomponentsuseprobabilistictech-
niques to accommodatevarious sorts of uncertainty. The
robot's navigation systemis mostly adoptedfrom [5], and
thereforewill notbedescribedin thispaper. Ontopof this,our
softwarepossessesa collectionof probabilisticmodulescon-
cernedwith peoplesensing,interaction,andcontrol. In par-
ticular, Pearlusesef�cient particle�lter techniquesto detect



Figure1: NursebotsFlo (left) andPearl(centerandright) interacting
with elderlypeopleduringoneof our �eld trips.

andtrack people. A POMDPalgorithmperformshigh-level
control, arbitrating information gatheringand performance-
relatedactions. And �nally , safetyconsiderationsare incor-
poratedeven into simpleperceptualmodulesthrougha risk-
sensitive robot localizationalgorithm. In systematicexperi-
ments,we found the combinationof techniquesto be highly
effective in dealingwith theelderlytestsubjects.

Hardware,Software,And Envir onment
Figure1 shows imagesof therobotsFlo (�rst prototype,now
retired) and Pearl (the presentrobot). Both robotspossess
a differentialdrive system. They areequippedwith two on-
boardPentiumPCs,wirelessEthernet,SICK laserrange�nd-
ers,sonarsensors,microphonesfor speechrecognition,speak-
ers for speechsynthesis,touch-sensitive graphicaldisplays,
actuatedheadunits,andstereocamerasystems.Pearldiffers
from its predecessorFlo in many respects,including its vi-
sualappearance,two sturdyhandle-barsaddedto providesup-
port for elderlypeople,amorecompactdesignthatallows for
cargo spaceanda removable tray, doubledbatterycapacity,
a secondlaserrange�nder, anda signi�cantly moresophis-
ticatedheadunit. Many of thosechangeswerethe resultof
feedbackfrom nursesandmedicalexpertsfollowing deploy-
mentof the �rst robot, Flo. Pearlwas largely designedand
built by theStandardRobotCompany in Pittsburgh,PA.

On the softwareside,both robotsfeatureoff-the-shelfau-
tonomousmobile robot navigation system[5, 24], speech
recognitionsoftware[20], speechsynthesissoftware[3], fast
image captureand compressionsoftware for online video
streaming,facedetectiontrackingsoftware[21], andvarious
new softwaremodulesdescribedin this paper. A �nal soft-
warecomponentis a prototypeof a �e xible remindersystem
usingadvancedplanningandschedulingtechniques[18].

The robot's environment is a retirementresort locatedin
Oakmont,PA. Like mostretirementhomesin thenation,this
facility suffers from immensestaf�ng shortages.All exper-
imentsso far primarily involved peoplewith relatively mild
cognitive, perceptual,or physical inabilities, thoughin need
of professionalassistance.In addition,groupsof elderly in
similar conditionswerebroughtinto researchlaboratoriesfor
testinginteractionpatterns.

Navigating with People
Pearl's navigation systembuilds on the onedescribedin [5,
24]. In this section,we describethreemajornew modules,all
concernedwith peopleinteractionandcontrol.Thesemodules
overcomeanimportantde�ciency of thework describedby [5,
24], whichhada rudimtaryability to interactwith people.

Locating People
Theproblemof locatingpeopleis theproblemof determining
theirx-y-locationrelativeto therobot.Previousapproachesto
peopletrackingin roboticswerefeature-based:they analyze
sensormeasurements(images,rangescans)for the presence
of features[13, 22] asthe basisof tracking. In our case,the
diversity of the environmentmandateda differentapproach.
Pearldetectspeopleusingmapdifferencing:therobot learns
a map,andpeoplearedetectedby signi�cant deviationsfrom
the map. Figure 3a shows an examplemap acquiredusing
preexistingsoftware[24].

Mathematically, the problemof peopletrackingis a com-
binedposteriorestimationproblemandmodelselectionprob-
lem. Let N be the numberof peoplenear the robot. The
posteriorover thepeople's positionsis givenby

p(y1;t ; : : : ; yN ;t jzt ; ut ; m) (1)
whereyn;t with 1 � n � N is thelocationof apersonat time
t, zt thesequenceof all sensormeasurements,ut thesequence
of all robotcontrols,andm is theenvironmentmap.However,
to usemapdifferencing,the robot hasto know its own loca-
tion. Thelocationandtotalnumberof nearbypeopledetected
by therobotis clearlydependenton therobot'sestimateof its
own locationandheadingdirection.Hence,Pearlestimatesa
posteriorof thetype:

p(y1;t ; : : : ; yN ;t ; x t jzt ; ut ; m) (2)

wherex t denotesthesequenceof robotposes(thepath)up to
time t. If N wasknown, estimatingthis posteriorwould bea
high-dimensionalestimationproblem,with complexity cubic
in N for Kalman�lters [2], or exponentialin N with particle
�lters [9]. Neither of theseapproachesis, thus, applicable:
Kalman�lters cannotglobally localizetherobot,andparticle
�lters wouldbecomputationallyprohibitive.

Luckily, undermild conditions(discussedbelow) theposte-
rior (2) canbefactoredinto N + 1 conditionallyindependent
estimates:

p(x t jzt ; ut ; m)
Y

n

p(yn;t jzt ; ut ; m) (3)

Thisfactorizationopensthedoorfor aparticle�lter thatscales
linearly in N . Our approachis similar (but not identical) to
theRao-Blackwellizedparticle�lter describedin [10]. First,
the robot path x t is estimatedusing a particle �lter , as in
theMonteCarlolocalization(MCL) algorithm[7] for mobile
robotlocalization.However, eachparticlein this �lter is asso-
ciatedwith asetof N particle�lters, eachrepresentingoneof
thepeoplepositionestimatesp(yn;t jzt ; ut ; m). Thesecondi-
tional particle�lters representpeoplepositionestimatescon-
ditionedon robotpathestimates—hencecapturingthe inher-
ent dependenceof peopleandrobot locationestimates.The
dataassociationbetweenmeasurementsand peopleis done
using maximumlikelihood, as in [2]. Under the (false)as-
sumptionthat this maximumlikelihood estimatoris always
correct,our approachcanbeshown to convergeto thecorrect
posterior, andit doessowith updatetime linearin N . In prac-
tice, we found that the dataassociationis correctin the vast
majority of situations. The nestedparticle �lter formulation
hasa secondaryadvantagethat the numberof peopleN can
be madedependenton individual robot path particles. Our
approachfor estimatingN usesthe classicalAIC criterion
for model selection,with a prior that imposesa complexity
penaltyexponentialin N .
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Figure 2: (a)-(d) Evolution of the conditionalparticle�lter from global uncertaintyto successfullocalizationandtracking. (d) The tracker
continuesto trackapersonevenasthatpersonis occludedrepeatedlyby asecondindividual.

Figure2 shows resultsof the �lter in action. In Figure2a,
the robot is globally uncertain,andthe numberandlocation
of the correspondingpeopleestimatesvariesdrastically. As
therobot reducesits uncertainty, thenumberof modesin the
robot poseposteriorquickly becomes�nite, and eachsuch
modehasa distinctsetof peopleestimates,asshown in Fig-
ure 2b. Finally, as the robot is localized, so is the person
(Figure2c). Figure2d illustratesthe robustnessof the �lter
to interferingpeople.Hereanotherpersonstepsbetweenthe
robot and its target subject. The �lter obtainsits robustness
to occlusionfrom a carefully craftedprobabilisticmodel of
people's motionp(yn;t +1 jyn;t ). This enablestheconditional
particle�lters to maintaintight estimateswhile theocclusion
takesplace,asshown in Figure2d. In asystematicanalysisin-
volving 31 trackinginstanceswith up to � ve peopleat a time,
theerrorin determiningthenumberof peoplewas9.6%.The
error in the robot positionwas2:5 � 5:7 cm, andthe people
positionerrorwasaslow as1:5 � 4:2 cm,whencomparedto
measurementsobtainedwith a carefullycalibratedstaticsen-
sorwith � 1 cmerror.

Whenguidingpeople,theestimateof thepersonthatis be-
ing guidedis usedto determinethe velocity of the robot, so
that the robot maintainsroughly a constantdistanceto the
person. In our experimentsin the target facility, we found
theadaptive velocity control to beabsolutelyessentialfor the
robot's ability to copewith the hugerangeof walking paces
foundin theelderlypopulation.Initial experimentswith �x ed
velocity led almostalwaysto frustrationon thepeople's side,
in thattherobotwaseithertooslow or too fast.

SaferNavigation
Whennavigating in the presenceof elderly people,the risks
of harmingthemthroughunintendedphysicalcontactis enor-
mous. As notedin [5], the robot's sensorsareinadequateto
detectpeoplereliably. In particular, the laserrangesystem
measuresobstacles18 cm above ground,but is unableto de-
tect any obstaclesbelow or above this level. In the assisted
living facilities,we foundthatpeopleareeasyto detectwhen
standingor walking,but hardwhenonchairs(e.g.,they might
bestretchingtheir legs). Thus,therisk of accidentallyhitting
a person's foot dueto poor localizationis particularlyhigh in
denselypopulatedregionssuchasthediningareas.

Following an idea in [5], we restrictedthe robot's opera-
tion areato avoid denselypopulatedregions,usingamanually
augmentedmapof theenvironment(black lines in Figure3a
– thewhite spacecorrespondsto unrestrictedfreespace).To
staywithin its operatingarea,therobotneedsaccuratelocal-
ization, especiallyat the boundariesof this area. While our
approachyields suf�ciently accurateresultson average,it is

��
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Figure3: (a)Mapof thediningareain thefacility, with diningareas
markedby arrows. (b) Samplesat thebeginningof global localiza-
tion, weightedexpectedcumulative risk function.

important to realizethat probabilistic techniquesnever pro-
vide hardguaranteesthat the robotobeys a safetyconstraint.
To addressthis concern,we augmentedtherobot localization
particle�lter by a samplingstrategy thatis sensitive to thein-
creasedrisk in thediningareas(seealso[19,25]). By generat-
ing samplesin high-risk regions,we minimize the likelihood
of beingmislocalizedin suchregions,or worse,thelikelihood
of enteringprohibitedregionsundetected.Conventionalparti-
cle �lters generatesamplesin proportionto theposteriorlike-
lihood p(x t jzt ; ut ; m). Our new particle�lter generatesrobot
posesamplesin proportionto

l(x t ) p(x t jzt ; ut ; m)
Y

n

p(yn;t jzt ; ut ; m) (4)

where l is a risk function that speci�es how desirableit is
to samplerobot posex t . The risk function is calculatedby
consideringanimmediatecostfunctionc(x; u), whichassigns
coststo actionsa androbot statesx (in our case:high costs
for violating anareaconstraints,low costselsewhere).To an-
alyzetheeffect of poor localizationon this costfunction,our
approachutilizes an augmentedmodel that incorporatesthe
localizeritself asa statevariable. In particular, thestatecon-
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sistsof therobotposex t , andthestateof thelocalizer, bt . The
latter is de�ned asaccurate(bt = 1) or inaccurate(bt = 0).
Thestatetransitionfunction is composedof theconventional
robotmotionmodelp(x t jut � 1; x t � 1), anda simplisticmodel
thatassumeswith probability� , thatthetrackerremainsin the
samestate(goodor bad).Putmathematically:

p(x t ; bt jut � 1; x t � 1; bt � 1) =

p(x t jut � 1; x t � 1) �
�
� I bt = bt � 1 + (1� � )I bt 6= bt � 1

�
(5)

Our approach calculates an MDP-style value function,
V (x; b), under the assumptionthat good tracking assumes
goodcontrol whereaspoor tracking implies randomcontrol.
This is achievedby thefollowing valueiterationapproach:

V (x; b)  �
8
>>><

>>>:

minu c(x; u) + 

P

x 0b0 p(x0; b0jx; b;u)V (x0; b0)
if b = 1 (goodlocalization)



P

u c(x; u) +
P

x 0b0 p(x0; b0jx; b;u)V (x0; b0)
if b = 0 (poorlocalization)

(6)

where
 is thediscountfactor. Thisgivesawell-de�ned MDP
that can be solved via value iteration. The risk function is
themsimply the differencebetweengoodandbad tracking:
l(x) = V (x; 1) � V (x; 0). When appliedto the Nursebot
navigation problem,this approachleadsto a localizational-
gorithm that preferentiallygeneratessamplesin the vicinity
of thedining areas.A samplesetrepresentinga uniform un-
certaintyis shown in Figure3b—noticethe increasedsample
densitynearthe dining area. Extensive testsinvolving real-
world datacollectedduringrobotoperationshow notonly that
therobotwaswell-localizedin high-riskregions,but thatour
approachalsoreducedcostsafter (arti�cially induced)catas-
trophic localizationfailure by 40.1%,whencomparedto the
plainparticle�lter localizationalgorithm.

High Level Robot Control and Dialog Management
The mostcentralnew modulein Pearl's software is a prob-
abilistic algorithmfor high-level control anddialog manage-
ment.High-level robotcontrolhasbeenapopulartopic in AI,
anddecadesof researchhasled to a reputablecollectionof
architectures(e.g.,[1, 4, 12]). However, existingarchitectures
rarelytakeuncertaintyinto accountduringplanning.

Pearl's high-level control architectureis a hierarchical
variant of a partially observable Markov decision process
(POMDP)[14]. POMDPsaretechniquesfor calculatingop-
timal controlactionsunderuncertainty. Thecontroldecision
is basedon the full probability distribution generatedby the

Observation TrueState Action Reward
pearlhello requestbegun sayhello 100
pearlwhatis like startmeds ask repeat -100
pearlwhattime is it

for will the want time say time 100
pearlwasonabc want tv askwhich station -1
pearlwasonabc want abc sayabc 100
pearlwhatis onnbc want nbc con�rm channel nbc -1
pearlyes want nbc saynbc 100
pearlgo to thethat

prettygoodwhat sendrobot ask robot where -1
pearlthatthathellobe sendrobot bedroomcon�rm robot place -1
pearlthebedroomany i sendrobot bedroomgo to bedroom 100
pearlgo it eightahello sendrobot ask robot where -1
pearlthekitchenhello sendrobot kitchen go to kitchen 100

Table 1: An exampledialogwith anelderlyperson.Actionsin bold
font areclari�cation actions,generatedby the POMDPbecauseof
highuncertaintyin thespeechsignal.

stateestimator, suchasin Equation(2). In Pearl's case,this
distribution includesa multitudeof multi-valuedprobabilistic
stateandgoalvariables:
� robotlocation(discreteapproximation)
� person's location(discreteapproximation)
� person's status(asinferredfrom speechrecognizer)
� motiongoal(whereto move)
� remindergoal(whatto inform theuserof)
� userinitiatedgoal(e.g.,aninformationrequest)
Overall, there are 288 plausible states. The input to the
POMDPis afactoredprobabilitydistributionoverthesestates,
with uncertaintyarisingpredominantlyfrom the localization
modulesand the speechrecognitionsystem. We conjecture
that the considerationof uncertaintyis importantin this do-
main,asthecostsof mistakingauser's replycanbelarge.

Unfortunately, POMDPsof the size encounteredhereare
anorderof magnitudelarger thantoday's bestexactPOMDP
algorithmscan tackle [14]. However, Pearl's POMDP is a
highly structuredPOMDP, wherecertainactionsareonly ap-
plicable in certainsituations. To exploit this structure,we
developeda hierarchical versionof POMDPs,which breaks
down thedecisionmakingprobleminto acollectionof smaller
problemsthatcanbesolvedmoreef�ciently . Our approachis
similar to the MAX-Q decompositionfor MDPs [8], but de-
�ned overPOMDPs(wherestatesareunobserved).

Thebasicideaof thehierarchicalPOMDPis to partitionthe
actionspace—notthe statespace,sincethe stateis not fully
observable—intosmallerchunks. For Pearl's guidancetask
theactionhierarchy is shown in Figure4, whereabstract ac-
tions(shown in circles)areintroducedto subsumelogicalsub-
groupsof lower-level actions.Thisactionhierarchy inducesa
decompositionof thecontrolproblem,whereat eachnodeall
lower-level actions,if any, areconsideredin the context of a
local sub-controller. At the lowestlevel, thecontrolproblem
is a regular POMDP, with a reducedactionspace.At higher
levels, the control problemis alsoa POMDP, yet involvesa
mixture of physical andabstractactions(whereabstractac-
tionscorrespondto lower level POMDPs.)

Let �u be suchan abstractaction,and � �u the control pol-
icy associatedwith the respective POMDP. The “abstract”
POMDP is then parameterized(in termsof statesx, obser-
vationsz) by assumingthatwhenever �u is chosen,Pearluses
lower-level controlpolicy � �u :

p(x0jx; �u) = p(x0jx; � �u (x))
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Figure5: EmpiricalcomparisonbetweenPOMDPs(with uncertainty, shown in gray)andMDPs(nouncertainty, shown in black)for high-level
robotcontrol,evaluatedon datacollectedin theassistedliving facility. Shown aretheaveragetime to taskcompletion(a), theaveragenumber
of errors(b), andtheaverageuser-assigned(notmodelassigned)reward(c), for theMDP andPOMDP. Thedatais shown for threeusers,with
good,averageandpoorspeechrecognition.

p(zjx; �u) = p(zjx; � �u (x))
R(x; �u) = R(x; � �u (x)) (7)

Here R denotesthe reward function. It is importantto no-
tice thatsucha decompositionmayonly bevalid if reward is
received at the leaf nodesof the hierarchy, andis especially
appropriatewhentheoptimalcontroltransgressesdown along
asinglepathin thehierarchy to receive its reward.This is ap-
proximatelythecasein thePearldomain,whererewardis re-
ceiveduponsuccessfullydeliveringa person,or successfully
gatheringinformationthroughcommunication.

Using the hierarchicalPOMDP, the high-level decision
makingproblemin Pearlis tractable,anda near-optimalcon-
trol policy canbecomputedoff-line. Thus,duringexecution
time the controller simply monitorsthe state(calculatesthe
posterior)andlooksuptheappropriatecontrol.Table1 shows
an exampledialog betweenthe robot anda testsubject. Be-
causeof the uncertaintymanagementin POMDPs,the robot
choosesto aska clari�cation questionat threeoccasions.The
numberof suchquestionsdependson theclarity of aperson's
speech,asdetectedby theSphinxspeechrecognitionsystem.

An importantquestionin our researchconcernsthe impor-
tanceof handlinguncertaintyin high-level control. To inves-
tigatethis,we rana seriesof comparative experiments,all in-
volving realdatacollectedin our lab. In oneseriesof experi-
ments,we investigatedthe importanceof consideringtheun-
certaintyarisingfrom the speechinterface. In particular, we
comparedPearl's performanceto a systemthat ignoresthat
uncertainty, but is otherwiseidentical.Theresultingapproach
is an MDP, similar to the one describedin [23]. Figure 5
shows resultsfor threedifferentperformancemeasures,and
threedifferentusers(in decreasingorderof speechrecogni-
tion performance).For poorspeakers,theMDP requiresless
timeto “satisfy” arequestdueto thelackof clari�cation ques-
tions(Figure5a).However, its errorrateis muchhigher(Fig-
ure 5b), which negatively affectsthe overall reward received
by the robot (Figure 5c). Theseresultsclearly demonstrate
theimportanceof consideringuncertaintyat thehighestrobot
controllevel, speci�cally with poorspeechrecognition.

In a secondseriesof experiments,we investigatedthe im-
portanceof uncertaintymanagementin thecontext of highly
imbalancedcostsand rewards. In Pearl's case,such costs
areindeedhighly imbalanced:askinga clari�cation question
is much cheaperthan accidentallydelivering a personto a
wronglocation,or guidinga personwho doesnot want to be
walked. In this experimentwe comparedperformanceusing
two POMDPmodelswhichdifferedonly in theircostmodels.
Onemodelassumeduniformcostsfor all actions,whereasthe
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moreerrorswhenusingtheuniformcostmodel.

secondmodelassumeda morediscriminative costmodel in
which thecostof verbalquestionswaslower thanthecostof
performingthewrongmotionactions.A POMDPpolicy was
learnedfor eachof thesemodels,andthentestedexperimen-
tally in our laboratory. Theresultspresentedin �gure 6 show
thatthenon-uniformmodelmakesmorejudicioususeof con-
�rmation actions,thus leadingto a signi�cantly lower error
rate, especiallyfor userswith low speechrecognitionaccu-
racy.

Results
We testedtherobot in � ve separateexperiments,eachlasting
onefull day. The �rst threedaysfocusedon open-endedin-
teractionswith a largenumberof elderlyusers,duringwhich
therobotinteractedverballyandspatiallywith elderlypeople
with thespeci�c taskof deliveredsweets.This allowedusto
gaugepeople's initial reactionsto therobot.

Following this, we performedtwo daysof formal experi-
mentsduringwhich therobotautonomouslyled 12 full guid-
ances,involving 6 differentelderly people. Figure7 shows
anexampleguidanceexperiment,involving anelderlyperson
who usesa walking aid. The sequenceof imagesillustrates
themajorstagesof a successfuldelivery: from contactingthe
person,explainingto her thereasonfor thevisit, walking her
throughthe facility, andproviding informationafter the suc-
cessfuldelivery—in thiscaseon theweather.

In all guidanceexperiments,the task was performedto
completion. Post-experimentaldebrie�ngs illustrateda uni-
form high level of excitementon thesideof theelderly. Over-
all, only a few problemsweredetectedduring the operation.
Noneof thetestsubjectsshoweddif�culties understandingthe
majorfunctionsof therobot.They all wereableto operatethe
robot after lessthan � ve minutesof introduction. However,
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(c) Guidancethroughcorridor (d) Enteringphysiotherapy dept.

(e)Asking for weatherforecast (f) Pearlleaves

Figure7: Exampleof asuccessfulguidanceexperiment.Pearlpicks
up thepatientoutsideher room,remindsherof a physiotherapy ap-
pointment,walks the personto the department,and respondsto a
requestof theweatherreport.In this interaction,theinteractiontook
placethroughspeechandthetouch-sensitivedisplay.

initial �a ws with a poorlyadjustedspeechrecognitionsystem
ledto occasionalconfusion,whichwas�x edduringthecourse
of this project. An additionalproblemarosefrom therobot's
initial inability to adaptits velocity to people's walking pace,
whichwasfoundto becrucialfor therobot'seffectiveness.

Discussion
Thispaperdescribedamobileroboticassistantfor nursesand
elderly in assistedliving facilities. Building on a robot nav-
igation systemdescribedin [5, 24], new software modules
speci�cally aimedat interactionwith elderlypeoplewerede-
veloped. The systemhasbeentestedsuccessfullyin exper-
iments in an assistedliving facility. Our experimentswere
successfulin two maindimensions.First, they demonstrated
therobustnessof thevariousprobabilistictechniquesin achal-
lengingreal-world task.Second,they providedsomeevidence
towardsthe feasibility of usingautonomousmobile robotsas
assistantsto nursesand institutionalizedelderly. Oneof the
key lessonslearnedwhile developingthis robot is that theel-
derly populationrequirestechniquesthat cancopewith their
degradation(e.g.,speakingabilities)andalsopaysspecialat-
tentionto safetyissues.Weview theareaof assistive technol-
ogyasaprimesourcefor greatAI problemsin thefuture.

Possiblythemostsigni�cant contributionof thisresearchto
AI is the fact that therobot's high-level controlsystemis en-
tirely realizedby a partially observableMarkov decisionpro-
cess(POMDP) [14]. This demonstratesthat POMDPshave
maturedto a level that makes themapplicableto real-world
robot control tasks. Furthermore,our experimentalresults

suggestthat uncertaintymattersin high-level decisionmak-
ing. These�ndings challengea long termview in mainstream
AI thatuncertaintyis irrelevant,or atbestcanbehandleduni-
formly at thehigherlevelsof robotcontrol[6, 17]. Weconjec-
tureinsteadthatwhenrobotsinteractwith people,uncertainty
is pervasive andhasto beconsideredat all levelsof decision
making,not solelyin low-level perceptualroutines.
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