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Abstract. We describea mobile robot system designedo assistresidentsof anretirement
facility. This systemis being developedto respondto an aging populationand a predicted
shortageof nursingprofessionalsln this paper we discusghetaskof nding andescorting
peoplefrom placeto placein thefacility, ataskcontaininguncertaintythroughoutheproblem.

Planningalgorithmsthat modeluncertaintywell suchas Partially Obsenable Markov
DecisionProcesse@OMDPs)onotscaletractablyto realworld problemssuchasthehealth
caredomain.We demonstraten algorithmfor representingeal world POMDP problems
compactly which allows usto nd good policiesin reasonabl@mountsof time. We shav
thatour algorithmis ableto nd moving peoplein closeto optimaltime, wherethe optimal
policy startswith knowledgeof the personslocation.

1 Intr oduction

We describea mobile robot system,designedto assistresidentsof an retirement
facility. This systemis being developedto respondto an aging populationand a
predictedshortageof nursingprofessionalsPreviously, we have reportedon work
focusedon thetaskof remindingpeopleof events(e.g.,appointmentsandaccom-
parying themto theseevents[1], [2]. In this paper we discussthe task of ®nding
and escortingpeoplefrom placeto placein the facility. The problemof ®nding
peopleis a challengingonebecausehe stateof the world is not completelyknown
(theinitial positionof thepersonin the ervironmentis unknavn), the statechanges
(peopleare free to move around),and sensomoisecanleadto perceptuakrrors.
Thesesubstantiakourcesf uncertaintycanleadto sub-optimalbehaiour on the
partof therobot.

Unfortunately the kind of planningthatis requiredfor reliablerobotoperation
is dif®cult to approximatewith simpleheuristicsor handlingthe uncertaintysowe
mustusea planningmethodologythatexplicitly modelsthereal-world uncertainty
Onesuchmodelis the Partially Obsenable Markov DecisionProces{POMDP),
but conventionalapproacheso ®nding policiesfor POMDPsare often intractable
for the sizeof problemswe wish to address.

We will take advantageof dimensionalityreductiontechniquesto ®nd low-
dimensionalrepresentationghat can be plannedfor much more easily by using
structureinherentin mary realworld domainsFor example,PrincipalComponents
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Analysis(PCA)is well-suitedto dimensionalityeductiorfor dataonor nearalinear
manifoldin the higherdimensionabpacelUnfortunately POMDPbelief manifolds
arerarelylinear;in particular sparsédeliefsareusuallyverynon-linearWetherefore
transformthedatainto aspacevhereit doedie nearalinearmanifold;thealgorithm
which doesso (while also correctly handlingthe transformedresidualerrors)is
called ExponentialFamily PCA (E-PCA) [3,4]. E-PCAwill allow usto represent
POMDPswith only ahandfulof dimensionsevenfor beliefspacesvith thousandsf
dimensionsWe will demonstratéhe useof this planningtechniqueonthe problem
of how to ®nd a personwhoselocationis initially unknown.

(a) Pearl (b) Pearlin Longwood (c) Pearlin Long-
wood
Figure 1. (a) Pearl,the Nursebot(b) & (c) Pearlinteractingwith residentsof Longwood at
Oakmont.

2 Finding People

Theproblemwewishto solveis how to ®nd peoplein ahealthcarefacility asquickly
aspossibleTherobotis assumedbo begin with agrid mapof theervironmentbut no
knowledgeof wherethepersormight belocated,in which grid cell of themap.The
robot canmove aboutthe ervironmentto look for the person,andrecevessensor
informationwhenthe robot canand cannotseethe person.Our implementationis
basedn alaserrange-®nderbut this work is independenodf the particularsensing
modality.

We assumae probabilisticstateestimatorthat providesprobability distributions
overwherepeoplemightbelocated We will referto thisadistributionsasa“belief”
of the persons location. The belief is updatedover time after eachaction and
obsenation from the robotaccordingto a well-formed probabilisticrules[5]. The
planningtaskcanthenbe phrasedasoneof choosingthe next action,basedon the
currentbelief,asdepictedn ®gure2. Not shavn in this®gureis thetrue stateof the
world, whichis alsonot obsenableby theagent.

ThePartially ObsenableMarkov DecisionProcesss adecision-theoretimodel
for planningsuccessfullywith beliefs. The POMDPis solved by de®ninga “value
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Figure 2. The executionprocesdor nding people.The obsenationis generatedccording
to an emissionprobability model conditionedon the currentstate,thatis hiddenfrom the
controller The controlleronly hasaccesgo the obsenation, not the true stategeneratinghe
obsenation.

function” over the spaceof beliefs,which assignsa valueandactionto eachbelief.
By iteratively updatingthe value function appropriatelythe value function canbe
madeto corvergeto thegreatesexpectedewardfrom eachbelief,andtheactionthat
will achieve thatrewardin expectation.The POMDP®ndsa policy thatmaximises
the expectedsumof future (possiblydiscountedyewardsof theagentexecutingthe
policy; for the problemof ®nding people we canwrite a reward functionfor each
possiblecon®gurationof the world suchthatthe maximumreward is achieved for
®nding peoplefastest.

Thereare a large numberof value function approache$6] [7] that explicitly
computethe expectedreward of every belief. Suchapproachegproducecomplete
policies(theoptimalactionfor everybelief),andcanguarante¢his optimalityunder
a wide rangeof conditions.However, nding a valuefunction this way is usually
computationallyintractable6,8].

Large POMDPs are generally very dif®cult to solve, especiallywith stan-
dard value iteration techniquesMaintaining a full value function over the high-
dimensionabelief spaceentails®ndingtheexpected-ewardof every possiblebelief
underthe optimal policy. In reality, most POMDP policies generateonly a small
percentagef possiblebeliefs. For example,a mobile robot tracking a personis
extremelyunlikely to ever encounten beliefaboutthe persons posethatresembles
a checlerboard.If the executionof a POMDPis viewed asa trajectoryinside the
beliefspacetrajectoriefor mostlarge,realworld POMDPsdlie onlow-dimensional
manifoldsembeddedn the belief space.So, POMDP algorithmsthat computea
valuefunctionoverthefull beliefspacedo alot of unnecessarwork.

3 Dimensionality Reduction

In orderto ®nd the low-dimensionamanifoldfor representingur belief spacewe
take advantageof dimensionalityreductiontechniquesOnepossibletechniquethat
we could consideris Principal Componentnalysist (PCA). We collecta dataset
of beliefs X, and use PCA to ®nd a low-dimensionalrepresentationso long as
the collecteddatasetis representatie of the beliefswe will encounterduring the

! Also known asSingularValueDecomposition
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Figure 3. A comparisorof thereconstructiomuality of corventionalPCAandE-PCA,using
aprobabilisticdistancemeasureKullback-Leiblerdivergence on a people-trackinglataset.
Notice that even with 30 basesthe PCA performspoorly and hasvery high variancein
reconstructiomuality. TheE-PCAerrorfallsrapidlyinitially, andthevariancen erroris low,
indicatingconsistenperformancecrosghe entiredataset.(Note the differentscaleson the
Y axes.)

executionof the people-®ndingplan, thenwe shouldbe ableto track the current
belief on thelow-dimensionamanifoldaccurately

thelossfunction
L(U;V) = jiX UVjj? 1)

whereX is theoriginal dataandV is the matrix of low-dimensionatoordinate ®f

X . This particularlossfunctionassumeshatthedatalie nearalinearmanifold,and
that displacement$rom this manifold are symmetricand have the samevariance
everywhere.(For example,i.i.d. Gaussiarerrorssatisfy theserequirements.)JJn-

fortunately probability distributionsfor POMDPsrarelyform alinearsubspacen

addition,squarecerrorlossis inappropriatéor modellingprobability distributions:
it doesnot enforcepositive probability predictions.

We useexponentiafamily PCAto addresshis problem.Othernonlineardimen-
sionality-reductiortechniqueq9,10] could alsowork for this purpose but would
have differentdomainsof applicability Exponentialfamily Principal Component
Analysis[3] (E-PCA)variesfrom corventionalPCA by addinga link function,in
analogyto generalisedinearmodels andmodifying thelossfunctionappropriately
As long aswe choosea link function that correspondg¢o an exponentialfamily
distribution log likelihood,andaslong asthelink andlossfunctionsto matcheach
other therewill exist ef®cientalgorithmsfor ®ndingU andV givenX . By picking
particularlink functions(with theirmatchinglosses)we canreducethe modelto an
SVD.

In our casethe entriesof X arenon-ngative, andwe wish to ensureaccurate
representatioof low-probabilityevents.Consequentlya link andlossfunctionthat



PlanningunderUncertaintyfor ReliableHealthCareRobotics 5

correspondo thePoissordistributionaremostappropriate’. Thecorrespondingink
functionis

X = f(UV) = exp(UV) (2)
(takencomponent-wiseandits associatedbssfunctionis
L(U;V) = exp(UV) X UV 3)

wherethe “matrix dot product”A B is the sum of productsof corresponding
elementsilt is worth notingthatusingthe Poissorossfor dimensionalityreduction
is relatedto Lee and Seungs non-n@ative matrix factorisatior{11]. Gordon[12,4]
hasa Newton's Methodsolutionfor computingU andV quickly.

In ®gures3 and 4 we comparethe ability of PCA and E-PCA to represent
belief statedor persortracking.We collected500 samplebeliefsfrom the erviron-
mentshavn in ®gure 4, thentried to compresghemusingboth PCA andE-PCA.
Figure 3(a) shaws the averageKullback-Leiblerdivergence(a distancemetric for
probabilitydistributions)betweerthehigh-dimensionabeliefandits reconstruction
for corventionalPCA. We seethatthe distances large, doesnot improve quickly
with moredimensionsandthe representatioguality is inconsisten{asshowvn by
thewideerrorbars) Figure3(b) shavsthesameavaluation(averageKL divergence)
whereE-PCAwasusedto ®nd thelow-dimensionatepresentatiorin this casethe
erroris small,improvesquickly initially, andis consistenacrosgheentiredataset,
in all waysoutperformingconventionalPCA.

(a) Original distribution (b) Reconstruction

Figure 4. Examplesof distributionsin the Longwood at Oakmontretirementfacility. The
smallgrey dotsshow particlesdravn from theoriginal distribution; thehighertheprobability,
the denserthe particles.(a) An exampledistribution of potential positionsof the person
being searchedor. This distribution is representedising 1961 dimensions(b) The same
distribution, reconstructedising only 6 dimensionsThe true position of the personis not
obsenableby therobotat a distance.

2 Examplesof other choicesare the Exponentialdistribution, the multinomial, the Beta,
etc. The Gaussians alsoan Exponentialfamily distribution, but a Gaussiadink andloss
functionreduceto corventionalPCA.
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Figure4 shavs anexampleof thetrackingprocessn progressThetrueposition
of the personis unknavn, andthe robot insteadmaintainsa probability distribu-
tion over possibleposesof the person.The small grey dotsshov particlesdravn
from the original distribution. As the robot movesaroundthe ervironment,sensor
informationis integratedinto thedistribution. The spaceof possibledistributionsis
1961kdimensionalthe ervironment53 37m discretisednto 1m grid cells, and
the belief has1 dimensionfor eachgrid cell. However, by taking advantageof the
E-PCAdecompositiorwe cangenerate faithful representationf the spaceof ac-
tual distributionsin only 6 dimensionsFigure4(b) shavs the original distribution
projectedto the low-dimensionakpaceandthenreconstructedAlthoughthis is a
lossy projection,the reconstructioris accuratefor planningpurposesRemember
thatthe taskis not to reconstrucbnly the distribution shovn in ®gure 4(a), but to
be ableto represenall of the distributionsthat we expectto seeas pointsin the
6-dimensionakpace.

4 Planning

GiventhebelieffeaturesacquiredhroughE-PCA, it remaingo computethe policy.
Unfortunately the non-linearity of the E-PCA projectionpreventsary guarantees
of value function corvexity over the low-dimensionalspace,which meansthat
standard?OMDP valueiterationtechniquesannotbe usedto ®nd policieson the
low-dimensionalmanifold directly. Instead,we approximatethe low-dimensional
spaceliscretely corvertingthe POMDPInto abelief spaceMDP. During execution,
theactiontakenateachtime stepis takenfrom thediscretebelief statethatis closest
to the currentactualbelief.

Our corversionalgorithmfrom POMDPto MDP is a variantof the Augmented
MDP, or CoastaNavigationalgorithm[13], usingbelieffeaturesnsteadof entropy.
We can computethe model reward function R(s;) easily from the reconstructed
beliefs,usingR (b) = b R(s). To learnthetransitionfunctionp(lja; by ), we can
samplestatesrom thereconstructetbeliefs,sampleobsenationsfrom thosestates,
andincorporate¢hoseobsenationsto producenew beliefstatesTablel outlinesthe
stepsof this algorithm.

. Collectsamplebeliefs

UseE-PCAto generatdow-dimensionabelieffeatures

. Corvertlow-dimensionakpacento discretespaceS

. LearnbelieftransitionprobabilitiesT (s;; a; sj ), andrewardfunctionR (s;).

. Performvalueiterationon new model,usingstatesS, transitionprobabilitiesT andR.

Table 1. Algorithm for planningin low-dimensionabelief space.

GRWNPE

Thestatespacecanbediscretisedn anumberof ways,suchaslayingagrid over
the belief featuresor usingdistanceto the closesttraining beliefsto divide feature
spacento Voronoiregions.Thrun[14] hasproposechearest-neighbouliscretisation
in high-dimensionabelief spacewe proposensteadto usenearest-neighboun a
low-dimensionafeaturespacewhereneighbourshouldbe morecloselyrelated.
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In orderto ®nd a good policy, we mustbe sureto discretisecarefully In some
regionsof thelow-dimensionamanifold,beliefsthatareclosetogethemwecancluster
into thesame)argediscretecell without hurtingperformanceln otherregionsof the
beliefspacethe cellsmustbemuchsmaller in orderto distinguishdifferentbeliefs
thatrequiredifferentactions.Thisleadsto avariableresolutiorrepresentationf the
low-dimensionamanifold.

We typically do not have enoughbelief samplednitially to determinethe full
discretisatiomcrosgheentirespacein placeghediscretisatiomwill beinsuf®ciently
®ne.We compensatéy periodicallyre-evaluatingthe modelat eachgrid cell, and
splittingthegrid-cellinto smallerdiscretecellswherethemodeldisagreesvith some
statisticsof the real world. A numberof different statisticshave beensuggested
for testingthe model againstdatafrom the real world [15], suchasreductionin
rewardvariancepr valuefunctiondisagreementVe have optedinsteador asimpler
criterion of transitionprobability disagreementlthoughoneimprovementwe are
exploringis to usethe Kolmogoro/-Smirnov criterionfor reducingexpectedreward
disagreementL6].

5 Performance

Figure 5(a) shavs an exampletrajectoryfor a simple ervironmeng. Even for this
very simpleproblem thetrajectoryis relatively complicatedTherobotstartsat the
far endof the corridor, with the persons positioncompletelyunknownn (the initial
beliefis uniform over the entirespace)Therobottravels pastthe opendooronthe
right, partway down the corridor, returnsto exploretheroom,andthen®nishesthe
corridor. This trajectoryensureghatby thetime the robotis ®nishedexploring the
room, the personmusteitherhave beenfound, or be at the far endof the corridor
— thereis no possibility for the personto escapénto already-&plored sectionsof
the environment.This is an exampleof the kind of planningwe hopeto see— our
plannerhasfound a stratey thatis not obvious, nor easyto captureusingsimple
heuristics.Figure 5(b) shavs a more obvious but sub-optimaltrajectoryin mid-
execution.Notice the probability massthatappearsn the already-&ploredregion
nearthe robot startlocation, causingthe robot eventuallyto retraceits steps.The
optimalstratgy in ®gure5(a)explicitly avoidsthis problem.

Figure 6 shows a quantitatve comparisorof our techniqueand otherpossible
heuristics.The horizontalline is the baseline,“True MDP” situation where the
positionof the personis alwaysknown correctly thatis, thereis no hiddenstate.
This algorithmis essentiallycheating but senesasa usefullower boundin thatthe
robot®nd the personasquickly aspossibleevery iteration. The “Closest” heuristic
takesthe robotto the nearesgrid cell wherethe personmight be. The “Densest”
heuristictakes the robot to the locationwherethe mostparticlesare visible. The
“MDP” heuristictakestherobotto themaximum-likelihoodlocation(thesinglegrid
cellwith themostparticles). The“E-PCA 72" and“E-PCA 260" is acomparisorof
the E-PCA plansbeforestatesplitting (with 72 low-dimensionabelief states)and

% Forthiservironmenttheoriginalspacavas47m 17m with a0:2m resolutionfor 20,230
grid cells,reducedo 6 dimensions.
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afteriteratve re®@nemendf themanifold (to 260low-dimensionabeliefstates)The
“E-PCA260"is clearlythebestperformingalgorithm,ableto ®ndthepersoralmost
asquickly asthe fully-obsenableplanner

6 RelatedWork

Therehave beena numberof recentadvancesn solvinglarge POMDPs Poupari&
Boutilier [17] make useof a similar dimensionalityreductiontechnique however,
their representatiomequiresa linear combinationof basesto representarbitrary
data,whichis a stronglimitation onthe compressiotthey canachieve. (Figure3(a)
demonstrateghe limitation of linear representationsPineauet al. [18] have had
succesi ®ndingapproximatevaluefunctionsquickly, but againtheirapproachas
not scaledo the sizeof the problemsdiscussedn this paper

Policy searctalgorithmg8,19]have addressedomeargeproblemsWe suggest
that a large part of the succesof policy searchis dueto the factthatit focuses
computationon relevant belief states.A disadwantageof policy searchhowever,
is thatcanbe data-ine®cientacrosgproblemsmary policy searchtechniquehave
troublereusingsampldrajectoriegienerateftom old policies.Ourapproachiocuses
computatioron relevantbelief statesput alsoallows usto useall relevanttraining
datato estimateheeffect of ary policy.

Relatedresearcthasdevelopedheuristicswhich reducethe belief spacerepre-
sentationln particular entropy-basedepresentationfor heuristiccontrol[20] and

@
,J
@ @ ©) °
(a) Optimaltrajectory
®
@
[ ]
v ®

(b) Sub-optimakrajectory
Figure5. Exampletrajectory (a) Evenfor thisvery simpleervironment,in orderto maximise
the likelihood of nding the person the trajectoryis relatively complicated(b) The more
ohvious,sub-optimaltrajectoryallows someprobabilitymasso 2leakdnto already-&plored
regions.
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Figure 6. A comparisonof different pIanninpgnmneéthods,including somesimple heuristic
planners.The2Tfue MDP° methodis the lower-boundacheating%olution which assumes
thatthetrue positionof therobotis alwaysknown. The optimal methodunderuncertaintyis
the2E-PCA-260Method which alsolearnsthe optimal statedecomposition.

full value-functiorplanning[13] have beerntried with somesuccess-However, these
approachemale strongassumptionaboutthekind of uncertaintieshata POMDP
generatesBy performingprincipled dimensionalityreductionof the belief space,
ourtechniqueshouldbe applicableto awider rangeof problems.

7 Conclusion

We have demonstrated systemfor ®nding andtracking peoplein the healthcare
setting. The problemof ®nding peopleis computationallydif®cult in mary envi-
ronments becauseof the high degreeof uncertainty Plannerghat do not reason
intelligently aboutthis uncertaintycan take arbitrarily long to performsuchreal

world tasks.ThePartially ObsenableMarkov Decisionprocesss aplannerthatcan

reasoraboutuncertaintybut is typically heldnot to scaleto large problems.

We have shavn thatby takingadwantageof dimensionalityreductiontechniques,
we canrepresenPOMDP problemscompactly andthereforegenerategoodplans.
We useda variantof PCA called Exponentiaffamily PCA (E-PCA)to ®nd a low-
dimensionalmanifold onewhich typical beliefslie, and computea valuefunction
over that manifold using a function approximatorWe have alsoshavn that naive
function approximationis not suf®cient for ®nding good plans.Our experimental
resultsndicatethattheoptimalplancanbesensitve to smallchangeso thefunction
approximatiorin differentregionsof thelow-dimensionamanifold.By appropriate
useof statisticaltests,we areableto ®nd goodvariableresolutionrepresentations
for thevaluefunctionthatleadto goodpolicies.
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