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Abstract. We describea mobile robot system designedo assistresidentof anretirement
facility. This systemis beingdevelopedto respondto an aging populationand a predicted
shortageof nursingprofessionalsln this paper we discusshetaskof nding andescorting
peoplefrom placeto placein thefacility, ataskmadedif cult by the substantialincertainty
throughthe problem.

Planningalgorithmsthat model uncertaintywell suchas Partially Obsenrable Markov
DecisionProcesseOMDPs)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,designecdto assistresidentsof an retirement
facility. This systemis being developedto respondto an aging populationanda
predictedshortageof nursingprofessionalsPreviously, we have reportedon work
focusedon thetaskof remindingpeopleof events(e.g.,appointmentsandaccom-
parying themto theseevents[1], [2]. In this paper we discussthe taskof nding
and escortingpeoplefrom placeto placein the facility. The problemof nding
peopleis a challengingonebecausehe stateof theworld is not completelyknown
(theinitial positionof the personin theervironmentis unknavn), the statechanges
(peopleare free to move around),and sensomoisecanleadto perceptuakrrors.
Thesesubstantiasourceof uncertaintycanleadto sub-optimalbehaiour on the
partof therobot.

Unfortunately the kind of planningthatis requiredfor reliablerobotoperation
is dif cult to approximatewith simple heuristicsfor handlingthe uncertainty so
we mustusea moresophisticategblanningmethodologythat explicitly modelsthe
real-world uncertainty One of the mostgeneralplanningmodelsis the Partially
ObsenableMarkov DecisionProces§POMDP).However, standarcapproacheso

nding policiesfor POMDPsareintractablefor the size of problemswe wish to
address.
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We will take advantageof dimensionalityreductiontechniquesto nd low-
dimensionatepresentationthatcanbe plannedor muchmoreeasily For example,
Principal ComponentsAnalysis (PCA) is well-suitedto dimensionalityreduction
for dataon or nearalinearmanifoldin the higherdimensionakpaceUnfortunately
POMDP belief manifoldsarerarelylinear;in particular sparsebeliefsare usually
very non-linear We thereforetransformthe datainto a spacewhereit doeslie near
a linear manifold; the algorithmwhich doesso (while also correctly handlingthe
transformedesidualerrors)is called ExponentialFamily PCA (E-PCA) [3,4]. E-
PCAwill allow usto represenPOMDPswith only a handfulof dimensionsgven
for belief spacesvith thousand®f dimensionsWe will demonstratéhe useof this
planningtechniqueontheproblemof how to nd apersorwhoselocationisinitially
unknawn.

(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 solveishowto nd peoplen ahealthcarefacility asquickly
as possible.We assumea probabilistic state estimatorthat provides probability
distributionsover wherepeoplemight be located.Our implementatioris basedon
alaserrange nder, but thiswork is independenof the particularsensingnodality,
We will referto thisadistributionsasa“belief” of the personslocation.Thebelief
is updatedover time after eachactionandobsenation from the robotaccordingto
awell-formedprobabilisticrules[5]. The planningtaskcanthenbe phrasedasone
of choosinghe next action,basedn the currentbelief,asdepictedn gure 2. Not
shavn in this gure is the true stateof the world, which is alsonot obsenable by
theagent.

Itisdif cult tousetraditionalplannergo solveplanningoroblemghatarede ned
over belief spacesPlannerghat treatbeliefs as statesfail becausehe continuous
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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.

natureof probability distributionsmeansherearein nitely mary possiblebeliefs.
Using forward searchto nd the optimal action usually fails, becausehe set of
possibleobsenationsis sufciently largeto make deepsearchnfeasible.

ThePartially ObsenableMarkov DecisionProcesss adecision-theoretimodel
for planningsuccessfullywith beliefs. The POMDPis solved by de ning a“value
function” over the spaceof beliefs,which assignsa valueandactionto eachbelief.
By iteratively updatingthe value function appropriatelythe value function canbe
madeto corvergeto thegreatesexpectedewardfrom eachbelief,andtheactionthat
will achiese thatrewardin expectation.The POMDP nds a policy thatmaximises
theexpectedsumof future (possiblydiscountedyewardsof theagentexecutingthe
policy; for the problemof nding people,we canwrite a reward functionfor each
possiblecon guration of 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
computationallyintractabl€6,8].

Large POMDPsare generallyvery dif cult to solve especiallywith standard
valueiterationtechniquesMaintainingafull valuefunctionoverthehigh-dimensional
belief spaceentails nding the expectedreward of every possiblebelief underthe
optimalpolicy. In reality, mostPOMDPpoliciesgeneratenly asmallpercentagef
possiblebeliefs.For example,amobilerobottrackingapersoris extremelyunlikely
to ever encounter belief aboutthe persons posethatresembles checlerboard If
theexecutionof aPOMDPis viewedasatrajectoryinsidethebeliefspacetrajecto-
riesfor mostlarge,realworld POMDPdie onlow-dimensionamanifoldsembedded
in the belief space So, POMDP algorithmsthat computea valuefunction over the
full beliefspacedoalot of unnecessarwork.

3 Dimensionality Reduction

In orderto nd thelow-dimensionamanifoldfor representingur belief spacewe
take advantageof dimensionalityreductiontechniquesOnepossibletechniquehat
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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.)

we could consideris Principal Componentnalysist (PCA). We collecta dataset
of beliefs X, andusePCA to nd a low-dimensionalrepresentationso long as
the collecteddatasetis representate of the beliefswe will encounteduring the
executionof the people- nding plan, thenwe shouldbe ableto track the current
belief onthelow-dimensionamanifoldaccurately

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

whereX is theoriginal dataandV is the matrix of low-dimensionatoordinate®f
X . Thisparticularlossfunctionassumethatthedatalie nearalinearmanifold,and
that displacementérom this manifold are symmetricand have the samevariance
everywhere.(For example,i.i.d. Gaussiarerrorssatisfy theserequirements.)Jn-
fortunately probability distributionsfor POMDPsrarelyform alinearsubspacen
addition,squareckrrorlossis inappropriatéor modellingprobability distributions:
it doesnot enforcepositive probability predictions.

We useexponentiafamily PCAto addresshis problem.Othernonlineardimen-
sionality-reductiontechniqueg9,10] 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 andmodifyingthelossfunctionappropriately
As long aswe choosea link function that correspondgo an exponentialfamily
distribution log likelihood,andaslong asthelink andlossfunctionsto matcheach
other therewill exist ef cient algorithmsfor nding U andV givenX . By picking
particularink functions(with theirmatchinglosses)we canreducehemodelto an
SVD.

! Also known asSingularValueDecomposition
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In our casethe entriesof X arenon-negative, andwe wish to ensureaccurate
representatioof low-probabilityevents.Consequentlya link andlossfunctionthat
correspondo thePoissordistribution aremostappropriaté. Thecorrespondingink
functionis

X = f(UV) = exp(UV) 2
(takencomponent-wisedindits associatetbssfunctionis
L(U;V) = exp(UV) X UV (©)]

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

In gure 3, we comparedheerrorin thelow-dimensionatepresentationgor a
samplesetof 500beliefstakenfrom thepersortrackingproblemfor theenvironment
shownin gure 4. Figure 3(a) shows the averageKullback-Leiblerdivergence(a
distancemetric for probability distributions) betweenthe high-dimensionabelief
set and the low-dimensionalrepresentationyusing corventional PCA to nd the
low-dimensionatepresentation/Ve seethatthe distancds large,doesnotimprove
quickly with moredimensionsandtherepresentatiogualityis largelyinconsistent,
asdenotedby the wide error bars.Figure 3(b) shavs the sameevaluation(average
KL divergence)whereE-PCAwasusedto nd thelow-dimensionalepresentation.
In thiscasetheerroris small,improvesquickly initially, andis consistenacrosshe
entiredataset,in all waysoutperformingconventionalPCA.

We canalsolook at a samplerepresentatiomo assesshe quality of the repre-
sentationFigure4 shawvs an exampleof the trackingprocessn progressThetrue
positionof thepersons unknovn, andtherobotinsteadmaintainsa probability dis-
tributionoverpossiblegposeof thepersonThesmallgrey dotsshow particlesdravn
from the original distribution. As the robot movesaroundthe ervironment,sensor
informationis integratedinto the distribution. The spaceof possibledistributionsis
1961kdimensionalfor anervironment53 37m discretisednto 1m grid cells,and
1 dimensiorfor eachgrid cell. However, by takingadwantageof the E-PCAdecom-
positionwe cangeneratafaithful representationf thespaceof actualdistributions
in only 6 dimensionsFigure 4(b) shaws the original distribution projectedto the
low-dimensionakpaceandthenreconstructedAlthoughthis is a lossyprojection,
thereconstructioris accuratdor planningpurposesRemembethatthe taskis not
to reconstrucbnly thedistributionshavnin gure 4a,butto beableto represenall
of thedistributionsthatwe expectto seeaspointsin the 6-dimensionaspace.

4 Planning

GiventhebelieffeaturesacquiredhroughE-PCA, it remaingo computethe policy.
Unfortunately the non-linearity of the E-PCA projectionpreventsary guarantees

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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(a) Original distribution (b) Reconstruction

Figure 4. Examplesof distributionsin the Longwood at Oakmontretirementfacility. The
smallgrey dotsshaow particlesdravn from theoriginal distribution; the highertheprobability,

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
obsenrableby therobotat a distance.

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

Collectsamplebeliefs

UseE-PCAto generatdow-dimensionabelieffeatures
Cornvertlow-dimensionakpacento discretespaceS
LearnbelieftransitionprobabilitiesT (s;; a; s; ), andrewardfunctionR (s;).

. Performvalueiterationon nevw model,usingstatesS, transitionprobabilitiesT andR.
Table 1. Algorithm for planningin low-dimensionabelief space.

agrwONE

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 agoodpolicy, we mustbe sureto discretisecarefully In some
regionsof thelow-dimensionamanifold,beliefsthatareclosetogethemwecancluster
into thesame)argediscretecell without hurtingperformanceln otherregionsof the
beliefspacethecellsmustbemuchsmaller in orderto distinguishdifferentbeliefs
thatrequiredifferentactions.Thisleadsto avariableresolutiorrepresentationf the
low-dimensionamanifold.

We typically do not have enoughbelief samplednitially to determinethe full
discretisatioracrosgheentirespacein placeshediscretisatiorwill beinsufciently

ne. We compensatdy 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/-Smirnor 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 nishes the
corridor. This trajectoryensureghatby thetime therobotis nished exploring 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 gure 5(a)explicitly avoidsthis problem.

Figure 6 showvs 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 robot to the nearesgrid cell wherethe personmight be. The “Densest”
heuristictakes the robot to the location wherethe 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 nementof themanifold(to 260low-dimensionabeliefstates) The
“E-PCA260"is clearlythebestperformingalgorithm,ableto nd thepersoralmost
asquickly asthefully-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
succesin nding approximatevaluefunctionsquickly, but againtheirapproacthas
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-inefcient acrosgproblemsmary 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-optimalrajectoryallows someprobabilitymasso “leak” into already-&plored
regions.
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Performance of Different Planners
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Figure 6. A comparisonof different pIanninpgnmneéthods,including somesimple heuristic
planners.The*True MDP” methodis the lower-bound“cheating” solution which assumes
thatthetrue positionof therobotis alwaysknown. The optimal methodunderuncertaintyis
the“E-PCA-260" method which alsolearnsthe optimal statedecomposition.

full value-functiorplanning[13] have beentried with somesuccesd-However, these
approachemalke strongassumptiongboutthe kind of uncertaintieshata POMDP
generatesBy performingprincipled dimensionalityreductionof the belief space,
ourtechniqueshouldbe applicableto a wider rangeof problems.

7 Conclusion

We have demonstrateé systemfor nding andtrackingpeoplein the healthcare
setting.The problemof nding peopleis computationallydif cult in mary ervi-
ronments becauseof the high degreeof uncertainty Plannershat do not reason
intelligently aboutthis uncertaintycan take arbitrarily long to perform suchreal
world tasks.ThePartially ObserableMarkov Decisionprocesss aplannerthatcan
reasoraboutuncertaintybut is typically heldnot to scaleto large problems.

We have shavn thatby takingadwantageof dimensionalityeductiontechniques,
we canrepresenPOMDP problemscompactly andthereforegenerategoodplans.
We useda variantof PCA called Exponentialfamily PCA (E-PCA)to nd alow-
dimensionalmanifold onewhich typical beliefslie, and computea value function
over that manifold usinga function approximatorWe have alsoshavn that naive
function approximationis not sufcient for nding goodplans.Our experimental
resultsindicatethattheoptimalplancanbesensitve to smallchangeso thefunction
approximatiorin differentregionsof thelow-dimensionamanifold.By appropriate
useof statisticaltests,we areableto nd goodvariableresolutionrepresentations
for thevaluefunctionthatleadto goodpolicies.
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