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Abstract. We describea mobile robotsystem,designedto assistresidentsof anretirement
facility. This systemis beingdevelopedto respondto an agingpopulationanda predicted
shortageof nursingprofessionals.In this paper, we discussthetaskof �nding andescorting
peoplefromplacetoplacein thefacility, ataskcontaininguncertaintythroughouttheproblem.

Planningalgorithmsthat modeluncertaintywell suchasPartially ObservableMarkov
DecisionProcesses(POMDPs)donotscaletractablyto realworldproblemssuchasthehealth
caredomain.We demonstratean algorithmfor representingreal world POMDPproblems
compactly, which allows us to �nd goodpoliciesin reasonableamountsof time. We show
thatour algorithmis ableto �nd moving peoplein closeto optimal time,wheretheoptimal
policy startswith knowledgeof theperson's location.

1 Intr oduction

We describea mobile robot system,designedto assistresidentsof an retirement
facility. This systemis beingdevelopedto respondto an agingpopulationanda
predictedshortageof nursingprofessionals.Previously, we have reportedon work
focusedon thetaskof remindingpeopleof events(e.g.,appointments)andaccom­
panying themto theseevents[1], [2]. In this paper, we discussthe taskof ®nding
and escortingpeoplefrom placeto placein the facility. The problemof ®nding
peopleis a challengingonebecausethestateof theworld is not completelyknown
(theinitial positionof thepersonin theenvironmentis unknown), thestatechanges
(peopleare free to move around),andsensornoisecan leadto perceptualerrors.
Thesesubstantialsourcesof uncertaintycanleadto sub­optimalbehaviour on the
partof therobot.

Unfortunately, thekind of planningthat is requiredfor reliablerobotoperation
is dif®cult to approximatewith simpleheuristicsfor handlingtheuncertainty, sowe
mustusea planningmethodologythatexplicitly modelsthereal­world uncertainty.
Onesuchmodel is the Partially ObservableMarkov DecisionProcess(POMDP),
but conventionalapproachesto ®nding policiesfor POMDPsareoften intractable
for thesizeof problemswewish to address.

We will take advantageof dimensionalityreductiontechniquesto ®nd low­
dimensionalrepresentationsthat can be plannedfor much more easily, by using
structureinherentin many realworld domains.For example,PrincipalComponents
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Analysis(PCA)iswell­suitedtodimensionalityreductionfor dataonornearalinear
manifoldin thehigher­dimensionalspace.Unfortunately, POMDPbeliefmanifolds
arerarelylinear;in particular, sparsebeliefsareusuallyverynon­linear. Wetherefore
transformthedatainto aspacewhereit doeslie nearalinearmanifold;thealgorithm
which doesso (while also correctly handlingthe transformedresidualerrors) is
calledExponentialFamily PCA (E­PCA) [3,4]. E­PCA will allow us to represent
POMDPswith onlyahandfulof dimensions,evenfor beliefspaceswith thousandsof
dimensions.Wewill demonstratetheuseof thisplanningtechniqueon theproblem
of how to ®nd apersonwhoselocationis initially unknown.

(a)Pearl (b) Pearlin Longwood (c) Pearl in Long-
wood

Figure 1. (a) Pearl,theNursebot(b) & (c) Pearlinteractingwith residentsof Longwoodat
Oakmont.

2 Finding People

Theproblemwewishtosolveishow to®ndpeoplein ahealthcarefacility asquickly
aspossible.Therobotisassumedtobeginwith agridmapof theenvironment,butno
knowledgeof wherethepersonmightbelocated,in whichgrid cell of themap.The
robot canmove aboutthe environmentto look for the person,andreceivessensor
informationwhenthe robotcanandcannotseetheperson.Our implementationis
basedon a laserrange­®nder, but this work is independentof theparticularsensing
modality.

Weassumeaprobabilisticstateestimatorthatprovidesprobabilitydistributions
overwherepeoplemightbelocated.Wewill referto thisadistributionsasa“belief”
of the person's location. The belief is updatedover time after eachaction and
observation from the robotaccordingto a well­formedprobabilisticrules[5]. The
planningtaskcanthenbephrasedasoneof choosingthenext action,basedon the
currentbelief,asdepictedin ®gure2. Not shown in this®gureis thetruestateof the
world, which is alsonotobservableby theagent.

ThePartially ObservableMarkov DecisionProcessis adecision­theoreticmodel
for planningsuccessfullywith beliefs.ThePOMDPis solvedby de®ninga “value
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Figure 2. Theexecutionprocessfor �nding people.Theobservation is generatedaccording
to an emissionprobability modelconditionedon the currentstate,that is hiddenfrom the
controller. Thecontrolleronly hasaccessto theobservation,not thetruestategeneratingthe
observation.

function” over thespaceof beliefs,which assignsa valueandactionto eachbelief.
By iteratively updatingthevaluefunctionappropriately, thevaluefunctioncanbe
madetoconvergeto thegreatestexpectedrewardfromeachbelief,andtheactionthat
will achieve thatrewardin expectation.ThePOMDP®ndsa policy thatmaximises
theexpectedsumof future(possiblydiscounted)rewardsof theagentexecutingthe
policy; for theproblemof ®nding people,we canwrite a reward function for each
possiblecon®gurationof theworld suchthat themaximumreward is achieved for
®ndingpeoplefastest.

Therearea large numberof value function approaches[6] [7] that explicitly
computethe expectedreward of every belief. Suchapproachesproducecomplete
policies(theoptimalactionfor everybelief),andcanguaranteethisoptimalityunder
a wide rangeof conditions.However, �nding a valuefunction this way is usually
computationallyintractable[6,8].

Large POMDPs are generally very dif®cult to solve, especiallywith stan­
dard value iteration techniques.Maintaining a full value function over the high­
dimensionalbeliefspaceentails®ndingtheexpectedrewardof everypossiblebelief
underthe optimal policy. In reality, mostPOMDPpoliciesgenerateonly a small
percentageof possiblebeliefs.For example,a mobile robot tracking a personis
extremelyunlikely to everencounterabeliefabouttheperson'sposethatresembles
a checkerboard.If the executionof a POMDPis viewed asa trajectoryinsidethe
beliefspace,trajectoriesfor mostlarge,realworld POMDPslie onlow­dimensional
manifoldsembeddedin the belief space.So, POMDPalgorithmsthat computea
valuefunctionover thefull belief spacedoa lot of unnecessarywork.

3 Dimensionality Reduction

In orderto ®nd thelow­dimensionalmanifoldfor representingour belief space,we
takeadvantageof dimensionalityreductiontechniques.Onepossibletechniquethat
we couldconsideris PrincipalComponentAnalysis1 (PCA). We collecta dataset
of beliefs X , and usePCA to ®nd a low­dimensionalrepresentation;so long as
the collecteddataset is representative of the beliefswe will encounterduring the

1 Also known asSingularValueDecomposition
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(a)ConventionalPCA
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(b) E-PCA
Figure3.A comparisonof thereconstructionqualityof conventionalPCAandE-PCA,using
aprobabilisticdistancemeasure,Kullback-Leiblerdivergence,onapeople-trackingdataset.
Notice that even with 30 bases,the PCA performspoorly and hasvery high variancein
reconstructionquality. TheE-PCAerrorfallsrapidly initially, andthevariancein erroris low,
indicatingconsistentperformanceacrosstheentiredataset.(Notethedifferentscaleson the
Y axes.)

executionof the people­®ndingplan, thenwe shouldbe able to track the current
beliefon thelow­dimensionalmanifoldaccurately.

PCAoperatesby®ndingasetof featurevectorsU = f u1; : : : ; un gthatminimise
thelossfunction

L(U; V ) = jjX � UV jj 2 (1)

whereX is theoriginal dataandV is thematrix of low­dimensionalcoordinatesof
X . Thisparticularlossfunctionassumesthatthedatalie neara linearmanifold,and
that displacementsfrom this manifold aresymmetricandhave the samevariance
everywhere.(For example,i.i.d. Gaussianerrorssatisfy theserequirements.)Un­
fortunately, probabilitydistributionsfor POMDPsrarelyform a linearsubspace.In
addition,squarederrorlossis inappropriatefor modellingprobabilitydistributions:
it doesnotenforcepositiveprobabilitypredictions.

Weuseexponentialfamily PCAto addressthisproblem.Othernonlineardimen­
sionality­reductiontechniques[9,10] could alsowork for this purpose,but would
have differentdomainsof applicability. Exponentialfamily PrincipalComponent
Analysis[3] (E­PCA)variesfrom conventionalPCA by addinga link function, in
analogyto generalisedlinearmodels,andmodifyingthelossfunctionappropriately.
As long as we choosea link function that correspondsto an exponentialfamily
distribution log likelihood,andaslong asthelink andlossfunctionsto matcheach
other, therewill exist ef®cientalgorithmsfor ®ndingU andV givenX . By picking
particularlink functions(with theirmatchinglosses),wecanreducethemodelto an
SVD.

In our casethe entriesof X arenon­negative, andwe wish to ensureaccurate
representationof low­probabilityevents.Consequently, a link andlossfunctionthat
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correspondto thePoissondistributionaremostappropriate.2 Thecorrespondinglink
functionis

�X = f (UV) = exp(UV) (2)

(takencomponent­wise)andits associatedlossfunctionis

L (U; V ) = exp(UV) � X � UV (3)

wherethe “matrix dot product” A � B is the sum of productsof corresponding
elements.It is worthnotingthatusingthePoissonlossfor dimensionalityreduction
is relatedto LeeandSeung's non­negative matrix factorisation[11]. Gordon[12,4]
hasaNewton's Methodsolutionfor computingU andV quickly.

In ®gures3 and 4 we comparethe ability of PCA and E­PCA to represent
belief statesfor persontracking.Wecollected500samplebeliefsfrom theenviron­
mentshown in ®gure4, thentried to compressthemusingbothPCA andE­PCA.
Figure3(a) shows the averageKullback­Leiblerdivergence(a distancemetric for
probabilitydistributions)betweenthehigh­dimensionalbeliefandits reconstruction
for conventionalPCA. We seethat thedistanceis large,doesnot improve quickly
with moredimensions,andthe representationquality is inconsistent(asshown by
thewideerrorbars).Figure3(b)showsthesameevaluation(averageKL divergence)
whereE­PCAwasusedto ®nd thelow­dimensionalrepresentation.In thiscase,the
erroris small,improvesquickly initially, andis consistentacrosstheentiredataset,
in all waysoutperformingconventionalPCA.

(a)Originaldistribution (b) Reconstruction

Figure 4. Examplesof distributions in the Longwood at Oakmontretirementfacility. The
smallgrey dotsshow particlesdrawn from theoriginaldistribution;thehighertheprobability,
the denserthe particles.(a) An exampledistribution of potentialpositionsof the person
being searchedfor. This distribution is representedusing 1961 dimensions.(b) The same
distribution, reconstructedusingonly 6 dimensions.The true positionof the personis not
observableby therobotatadistance.
2 Examplesof other choicesare the Exponentialdistribution, the multinomial, the Beta,

etc.TheGaussianis alsoanExponentialfamily distribution,but a Gaussianlink andloss
functionreduceto conventionalPCA.
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Figure4 showsanexampleof thetrackingprocessin progress.Thetrueposition
of the personis unknown, and the robot insteadmaintainsa probability distribu­
tion over possibleposesof the person.The small grey dotsshow particlesdrawn
from theoriginal distribution. As the robotmovesaroundtheenvironment,sensor
informationis integratedinto thedistribution.Thespaceof possibledistributionsis
1961­dimensional:the environment53 � 37m discretisedinto 1m grid cells, and
thebelief has1 dimensionfor eachgrid cell. However, by takingadvantageof the
E­PCAdecompositionwe cangeneratea faithful representationof thespaceof ac­
tual distributionsin only 6 dimensions.Figure4(b) shows theoriginal distribution
projectedto the low­dimensionalspaceandthenreconstructed.Although this is a
lossyprojection,the reconstructionis accuratefor planningpurposes.Remember
that the taskis not to reconstructonly thedistribution shown in ®gure4(a),but to
be able to representall of the distributions that we expect to seeaspoints in the
6­dimensionalspace.

4 Planning

Giventhebelief featuresacquiredthroughE­PCA,it remainsto computethepolicy.
Unfortunately, the non­linearityof the E­PCA projectionpreventsany guarantees
of value function convexity over the low­dimensionalspace,which meansthat
standardPOMDPvalueiterationtechniquescannotbeusedto ®nd policieson the
low­dimensionalmanifold directly. Instead,we approximatethe low­dimensional
spacediscretely, convertingthePOMDPinto abeliefspaceMDP. Duringexecution,
theactiontakenateachtimestepis takenfrom thediscretebeliefstatethatis closest
to thecurrentactualbelief.

Our conversionalgorithmfrom POMDPto MDP is a variantof theAugmented
MDP, or CoastalNavigationalgorithm[13], usingbelief featuresinsteadof entropy.
We can computethe model reward function R(si ) easily from the reconstructed
beliefs,usingR(b) = b� R(s). To learnthetransitionfunctionp(bi ja; bj ), we can
samplestatesfrom thereconstructedbeliefs,sampleobservationsfrom thosestates,
andincorporatethoseobservationsto producenew beliefstates.Table1 outlinesthe
stepsof thisalgorithm.

1. Collectsamplebeliefs
2. UseE-PCAto generatelow-dimensionalbelief features
3. Convert low-dimensionalspaceinto discretespaceS
4. Learnbelief transitionprobabilitiesT (si ; a; sj ), andrewardfunctionR (si ).
5. Performvalueiterationonnew model,usingstatesS, transitionprobabilitiesT andR .
Table1. Algorithm for planningin low-dimensionalbelief space.

Thestatespacecanbediscretisedin anumberof ways,suchaslayingagrid over
thebelief featuresor usingdistanceto theclosesttrainingbeliefsto divide feature
spaceintoVoronoiregions.Thrun[14] hasproposednearest­neighbourdiscretisation
in high­dimensionalbelief space;we proposeinsteadto usenearest­neighbourin a
low­dimensionalfeaturespace,whereneighboursshouldbemorecloselyrelated.
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In orderto ®nd a goodpolicy, we mustbesureto discretisecarefully. In some
regionsof thelow­dimensionalmanifold,beliefsthatareclosetogetherwecancluster
into thesame,largediscretecellwithouthurtingperformance.In otherregionsof the
beliefspace,thecellsmustbemuchsmaller, in orderto distinguishdifferentbeliefs
thatrequiredifferentactions.Thisleadsto avariableresolutionrepresentationof the
low­dimensionalmanifold.

We typically do not have enoughbelief samplesinitially to determinethe full
discretisationacrosstheentirespace;in placesthediscretisationwill beinsuf®ciently
®ne.We compensateby periodicallyre­evaluatingthemodelat eachgrid cell, and
splittingthegrid­cellintosmallerdiscretecellswherethemodeldisagreeswith some
statisticsof the real world. A numberof different statisticshave beensuggested
for testingthe model against datafrom the real world [15], suchas reductionin
rewardvariance,orvaluefunctiondisagreement.Wehaveoptedinsteadfor asimpler
criterionof transitionprobabilitydisagreement,althoughoneimprovementwe are
exploring is to usetheKolmogorov­Smirnov criterionfor reducingexpectedreward
disagreement[16].

5 Performance

Figure5(a) shows an exampletrajectoryfor a simpleenvironment3. Even for this
verysimpleproblem,thetrajectoryis relatively complicated.Therobotstartsat the
far endof thecorridor, with theperson's positioncompletelyunknown (the initial
belief is uniform over theentirespace).Therobottravelspasttheopendooron the
right, partwaydown thecorridor, returnsto exploretheroom,andthen®nishesthe
corridor. This trajectoryensuresthatby thetime therobot is ®nishedexploring the
room,the personmusteitherhave beenfound,or be at the far endof the corridor
– thereis no possibility for the personto escapeinto already­exploredsectionsof
theenvironment.This is anexampleof thekind of planningwe hopeto see– our
plannerhasfound a strategy that is not obvious,nor easyto captureusingsimple
heuristics.Figure 5(b) shows a more obvious but sub­optimaltrajectory in mid­
execution.Notice theprobabilitymassthatappearsin thealready­exploredregion
nearthe robot start location,causingthe robot eventually to retraceits steps.The
optimalstrategy in ®gure5(a)explicitly avoidsthisproblem.

Figure6 shows a quantitative comparisonof our techniqueandotherpossible
heuristics.The horizontal line is the baseline,“True MDP” situation where the
positionof the personis alwaysknown correctly, that is, thereis no hiddenstate.
Thisalgorithmis essentiallycheating,but servesasausefullowerboundin thatthe
robot®nd thepersonasquickly aspossibleevery iteration.The“Closest”heuristic
takesthe robot to the nearestgrid cell wherethe personmight be.The “Densest”
heuristictakes the robot to the locationwherethe mostparticlesarevisible. The
“MDP” heuristictakestherobotto themaximum­likelihoodlocation(thesinglegrid
cell with themostparticles).The“E­PCA 72” and“E­PCA 260” is acomparisonof
theE­PCAplansbeforestatesplitting (with 72 low­dimensionalbelief states)and

3 For thisenvironment,theoriginalspacewas47m � 17m with a0:2m resolution,for 20,230
grid cells,reducedto 6 dimensions.
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afteriterativere®nementof themanifold(to 260low­dimensionalbeliefstates).The
“E­PCA 260” is clearlythebestperformingalgorithm,ableto ®ndthepersonalmost
asquickly asthefully­observableplanner.

6 RelatedWork

Therehavebeenanumberof recentadvancesin solvinglargePOMDPs.Poupart&
Boutilier [17] make useof a similar dimensionalityreductiontechnique,however,
their representationrequiresa linear combinationof basesto representarbitrary
data,which is astronglimitation on thecompressionthey canachieve. (Figure3(a)
demonstratesthe limitation of linear representations.)Pineauet al. [18] have had
successin ®ndingapproximatevaluefunctionsquickly, but againtheirapproachhas
notscaledto thesizeof theproblemsdiscussedin thispaper.

Policy searchalgorithms[8,19]haveaddressedsomelargeproblems.Wesuggest
that a large part of the successof policy searchis due to the fact that it focuses
computationon relevant belief states.A disadvantageof policy search,however,
is thatcanbedata­inef®cientacrossproblems:many policy searchtechniqueshave
troublereusingsampletrajectoriesgeneratedfromoldpolicies.Ourapproachfocuses
computationon relevantbelief states,but alsoallows usto useall relevant training
datato estimatetheeffectof any policy.

Relatedresearchhasdevelopedheuristicswhich reducethebelief spacerepre­
sentation.In particular, entropy­basedrepresentationsfor heuristiccontrol[20] and

Robot start

2

4 1
3

(a)Optimaltrajectory

Robot start2

3

4
1

Current robot position

(b) Sub-optimaltrajectory

Figure5.Exampletrajectory. (a)Evenfor thisverysimpleenvironment,in orderto maximise
the likelihoodof �nding the person,the trajectoryis relatively complicated.(b) The more
obvious,sub-optimaltrajectoryallowssomeprobabilitymassto ªleakºinto already-explored
regions.
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Figure 6. A comparisonof different planningmethods,including somesimple heuristic
planners.TheªTrue MDPº methodis the lower-boundªcheatingºsolutionwhich assumes
thatthetruepositionof therobotis alwaysknown. Theoptimalmethodunderuncertaintyis
theªE-PCA-260ºmethod,whichalsolearnstheoptimalstatedecomposition.

full value­functionplanning[13] havebeentriedwith somesuccess.However, these
approachesmakestrongassumptionsaboutthekind of uncertaintiesthataPOMDP
generates.By performingprincipleddimensionalityreductionof the belief space,
our techniqueshouldbeapplicableto awider rangeof problems.

7 Conclusion

We have demonstrateda systemfor ®nding andtrackingpeoplein the healthcare
setting.The problemof ®nding peopleis computationallydif®cult in many envi­
ronments,becauseof the high degreeof uncertainty. Plannersthat do not reason
intelligently aboutthis uncertaintycan take arbitrarily long to perform suchreal
world tasks.ThePartially ObservableMarkov Decisionprocessis aplannerthatcan
reasonaboutuncertainty, but is typically heldnot to scaleto largeproblems.

Wehaveshown thatby takingadvantageof dimensionalityreductiontechniques,
we canrepresentPOMDPproblemscompactly, andthereforegenerategoodplans.
We useda variantof PCA calledExponentialfamily PCA (E­PCA) to ®nd a low­
dimensionalmanifold onewhich typical beliefslie, andcomputea valuefunction
over that manifold usinga function approximator. We have alsoshown that naive
function approximationis not suf®cient for ®nding goodplans.Our experimental
resultsindicatethattheoptimalplancanbesensitivetosmallchangesto thefunction
approximationin differentregionsof thelow­dimensionalmanifold.By appropriate
useof statisticaltests,we areableto ®nd goodvariableresolutionrepresentations
for thevaluefunctionthatleadto goodpolicies.
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