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Abstract

This paperdescribes robotcontrollerwhich usesproba-
bilistic decision-makindechniquestthehighest-leel of
behaior control. The POMDP-basedobotcontrollerhas
theability to incorporatenoisyandpartialsensoinforma-
tion, andcanarbitratebetweerinformationgatheringand
performance-relatedctions.The compleity of therobot
controldomainrequiresa POMDP modelthatis beyond
the capabilityof currentexact POMDP solvers, therefore
we presenta hierarchicalvariant of the POMDP model
which exploits structurein the problemdomainto accel-
erateplanning. This POMDP controlleris implemented
andtestedonboarda mobilerobotin the contet of anin-
teractize servicetask. During the courseof experiments
conductedn anassistediving facility, therobotsuccess-
fully demonstratedhat it could autonomouslyprovide
guidanceandinformationto elderly residentswith mild
physicalandcognitive disabilities.

Intr oduction

High-level robot control hasbeena populartopic in Al, and
decade®f researcthasled to areputablecollectionof archi-
tectures(e.g.,(Arkin 1998; Brooks 1985; Gat 1996)). How-
ever, existingarchitecturesarelytake uncertaintyinto account
during planning. In this paperwe describea high-level robot
control systemthat usesprobabilisticdecision-makingo act
underuncertainty

Partially Obsenable Decision Processes (POMDPS)
(Sondik1971)aretechniquedor calculatingoptimal control
actions under uncertainty They extend the well-known
Markov Decision Processe$MDPs) (Howard 1960) to do-
mainswhereconsideration®f noiseandstateuncertaintyare
crucialto goodperformanceThey areusefulfor awide range
of real-world domainswherejoint planningand tracking is
necessaryand have beensuccessfullyappliedto problems
of robot navigation (AAAIl 1998; Simmons& Koenig1995;
Nourbakhsh, Powvers, & Birchfield 1995; Roy & Thrun
2000) and robot interaction (Darrell & Pentland 1996;
Roy, Pineau& Thrun2000).

In this paperwe describea systemthat usesPOMDPsat
the highest-leel of behaior control, in contrastwith exist-
ing POMDP applicationsin roboticswhere POMDP control
is limited to specializednodules.We proposea robotcontrol
architecturevherea POMDP performshigh-level control by
arbitrating betweeninformation gatheringand performance-
relatedactions,aswell asnegotiatingover goalsfrom differ-
entspecializednodules.The POMDPalsoincorporatesigh-
level uncertaintyobtainedthrough both navigation sensors
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(e.g. laserrange-finderandinteractionsensorge.g. speech
recognitionandtouchscreen.)

Unfortunately POMDPs of the size necessaryfor good
robot control are an order of magnitudelarger than today’s
bestexactPOMDPalgorithmscantackle(Kaelbling,Littman,
& Cassandrd 998). However, the robot controller domain
yields a highly structured?OMDR wherecertainactionsare
only applicablein certainsituations. To exploit this struc-
ture,we developeda hierarchical versionof POMDPs which
breaksdown the decisionmakingprobleminto a collectionof
smallerproblemsthatcanbe solved moreefficiently. Our ap-
proachis similarto theMAX-Q decompositiotior MDPs(Di-
etterich 2000), but definedover POMDPs(where statesare
unobsered.)

Finally, we apply the high-level POMDP robot controller
to the real-world task of guiding elderly peoplein a nurs-
ing home. In systematicxperiments the robot successfully
demonstratethatit couldautonomouslyrovide guidanceor
elderly residentsand we found the POMDP approachto be
highly effective.

Review of POMDPs

This sectionprovides a brief overview of the essentialcon-
ceptsin POMDPs (see (Kaelbling, Littman, & Cassandra
1998)for a more completedescriptionof the POMDP prob-
lemformulation.)

A POMDPmodelisann-tupleP = {S, A, Q, by, T, O, R},
consistingof:

e StatesA setof statesS = {s1, $2, ...}, describeghe prob-
lemdomain.Thedomainis assumedo bein aspecificstate
s¢ atary pointin time.

e Actions A setof actions,A = {ay,as, ...}, describeghe
agents interactionwith the domain. At ary pointin time
theagentappliesanaction,a;, throughwhichit affectsthe
domain.

e ObservationsA setof obsenations, = {01, 02, ...}, de-
scribesthe agents perceptionof the domain. A receved
obsenation,o;, mayonly partially reflectthe currentstate.

e Ravards A setof numericalcosts/rvards, R(s;, a;), de-
scribesthereinforcementeceved by the agentthroughout
its interactionwith thedomain.

To fully characterize specificPOMDPmodel,thefollow-
ing probability distributionsmustbe specified:

o Initial stateprobability distribution:
bo(s) := Pr(so = s) 1)

is the probabilitythatthe domainis in states attime¢ = 0.
This distribution is definedover all statesn S.



e Statetransitionprobability distribution:
T(s,a,s"):=Pr(s; =5'|s; 1 =s,a;,_1=a) (2

is the probability of transitioningto states’, giventhatthe
agentis in states andselectsactiona. This is definedfor
all (s,a,s’) tripletsandassumesy __, . 1'(s.a,s') = 1,
Y(s,a).
e Observatiomprobability distribution:
O(s,a,0) := Pr(o; = o|s;—1 = s,a;_1 = a) (3)

is the probability that the agentwill perceve obsena-

tion o, given thatit is in states, and hasapplied action

a. This is definedfor all (s,a,0) triplets and assumes

Y oes O(s,a,0) = 1,V(s, a).

At ary givenpointin time, the systemis assumedo bein
somestates;, which may not be completelyobsenrable, but
is partially obsenable throughobsenation o;. In general,it
is not possibleto determinethe currentstatewith complete
certainty Instead,a belief distribution is maintainedto suc-
cinctly representhe history of the agents interaction(both
appliedandperceved)with thedomain:

e Belief:
be(s) := Pr(sy = slog, as—1,0¢41, .., ag, bo) (4)

describegheprobabilitythat,attime ¢, theagentis in state
s¢, giventhe history {o;, a;_1,04-1, ..., ag} andtheinitial
beliefby. Thisdistributionis definedover all statesn S.

Assuminga POMDP modelasdefinedabove, we now dis-
cusstwo interestingproblemsin POMDPSs. Thefirst is state
tracking, that is, the computationof the belief stateat each
time step. The seconds the optimizationof an actionselec-
tion policy.

State Tracking

To operatén its domainandapplyabelief-conditionedgolicy,

anagentmustconstantlyupdateits belief distribution. Equa-
tion 5 definesheupdaterule for computinga posteriorbelief,
b’, giventhe belief at the previous time step,b, andthe latest
action/obserationpair, (a, 0):

o O(s',a,0) > s T(s,a,s")b(s)
b(s) = Pr(oTa, b) ®)

For mostPOMDP domains statetrackingis easy relatve
to the problemof computinga usefulactionselectionpolicy.
For verylargescaleproblemghebeliefupdatingmaybecome
problematic,this hasbeenaddressedby earlierwork, in the
contet of dynamicBayesiametworks(Boyen& Koller 1998;
Poupar®& Boutilier 2000)andprobabilistictracking(Thrunet
al. 2000b).

Computing a Policy

A POMDPpolicy, =, is anaction-selectiorstratey. It is for-
mally definedasa mappingfrom belief to actionselection:

71,PO]WDP : bt Sa (6)

In this, POMDPsdiffer significantlyfrom MDPs, wherethe
policy is amappingfrom stateto action:

aMPP .o g (7

The goal of planning,or POMDP problemsolving, is to
learnan action-selectiorpolicy that maximizesthe (possibly
discountedsumof expecteduturerewardupto sometime T:

E[>_R(r)] ®)

whereR(7) is therewardattime 7.

The most straight-forvard approachto finding POMDP
policiesremainghevalueiterationapproachwhereiterations
of dynamicprogrammingareappliedto computeincreasingly
moreaccuratevaluesfor eachbelief stateb.

V:B—R 9)
After corvergence the valueis the expectedsumof all (pos-
sibly discounted¥uture pay-ofs the agentexpectsto receve
uptotimeT, if thecorrectbeliefis b. A remarkableesultby
Sondik(Sondik1971)shavsthatfor afinite-horizonproblem,
the valuefunctionis a piecevise linear, corvex, andcontinu-
ousfunctionof the belief, with finitely mary linearpieces.

Unfortunatelyhowever, the exact algorithmsusedto com-
pute optimal policies are boundedby a doubly exponential
computationalgrowth in the planninghorizon, andin prac-
tice areoften at leastexponential. More specifically a single
stepof valueiterationis on the orderof

IUe| = O(J AT 1| ) (10)
where|T';_1 | representshe numberof componentsiecessary
to representhe valuefunction atiterationt — 1. This points
to theneedfor moreefficientalgorithms.

Recentfforts have focusedon the developmentof efficient
algorithmsthat usevalue-approximatiotechniquego gener
atenearoptimalpoliciesfor largedomaingHauskrech2000;
Littman, Cassandra& Kaelbling 1995). However mary of
thesealgorithmsthoughscalableandhighly effectivein mary
domains,generallygain computationaladvantageat the ex-
penseof information-gatheringconsiderationsthus making
theminappropriatefor domainswhereinformation-ginsare
crucialto goodperformance.

An alternatve approachfor scalingdecision-makings to
exploit hierarchicaktructureandpartitiona comple« problem
into mary smallerproblems.Theideaof leveragingstructure
hasbeenextensiely studiedin the context of Markov Deci-
sion Processe§MDPs) (Singh 1992; Dayan& Hinton 1993;
Kaelbling 1993; Dean& Lin 1995; McGovernet al. 1998;
Parr & Russell1998; Dietterich 2000). Thesealgorithmsdo
not extend naturally to POMDPsbecauseahey definestruc-
turedhierarchiedn termsof modularsubtaskswith fully ob-
servablestartandterminationconditions.We now describea
novel algorithmto performhierarchicaPOMDPplanningand
execution.

Hierar chical POMDPs

The basicideaof the hierarchicalPOMDPis to partition the
actionspace—nothe statespace sincethe stateis not fully
obsenable—intosmallerchunks. Thereforethe cornerstone
of our hierarchicalalgorithmis an action hierarchy. We as-
sumethatit is providedby adesignerandrepresentthestruc-
tural prior knowledgeincludedto facilitatethe problemsolu-
tion. Figurel illustratesthe basicconceptof anactionhierar
chy.

Formally, an actionhierarcly is a tree,whereeachleaf is
labeledby anactionfrom thetargetPOMDPproblems action
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Figurel: SampleAction Hierarcly

set. Eachactiona € Ay (henceforthcalled primitive action)

mustbe attachedo at leastoneleaf (e.g. RingDoorBel| Go-
toPatientRoometc.) In eachinternalnode(shovn ascircles
in figure 1) we introducean abstract action Eachof these
providesanabstractiorof theactionsin thenodeddirectly be-
low it in the hierarcly (e.g. Contactis anabstractiorof Ring-
DoorBell and GotoRatientRoon) Throughoutthis paperwe
usenotationg; to denoteanabstractction.

A key steptowardshierarchicalproblemsolvingis to use
theactionhierarcly to translatehe original full POMDPtask
into a collectionof smallerPOMDPs. The goalis to achiere
acollectionof POMDPsthatindividually aresmallerthanthe
original POMDR yet collectively definea completepolicy.

We proposethat eachinternalnodea; in the actionhierar
chy spansa correspondingubtaskP;. The subtaskis awell-
definedPOMDPcomposedf:

e astatespaces;, identicalto thefull original statespaceSy;

e anobsenationspace?;, identicalto thefull original obser
vationspacey;

e an action spaceA;, containingthe children nodes(both
primitive and abstract) immediatelybelov a; in the sub-
task.

For example, figure 1 shavs a problem that has beendi-
vided into seven subtaskswhere subtaskP,¢,.inq hasac-
tion set: Arcmind:{aRcmindPhysioApptr ARemindVitamins
AUpdateChecklist» @Contact}u andsoon.

Giventhatthe actionhierarcly spansa collectionof sepa-
rate POMDP subtasksyve canindependentlyoptimizeanin-
dependenpolicy for eachsubtasksuchthatwe obtaina col-
lectionof correspondingdocal policies

DEFINITION: GivenP;, a POMDP subtaskwith actionset
A;. We saythat 7p,, a POMDP policy definedover action
subsetd;, is a local policy.

Usingthisrepresentatiorwe introducetwo key algorithms:
a hierarchicalplanningalgorithm which is usedto optimize
local policiesfor all subtasksanda hierarchicalexecutional-
gorithmwhich is usedto extracta global actionpolicy from
the collectionof local policies.

Hierar chical POMDP Execution

We first presenthe executionalgorithm, which assumeshat
local policieshave beencomputedfor all subtasksand from

theseextractsa globalpolicy mappingbeliefto action.Rather
thancomputinga full globalpolicy, we proposeanonline al-
gorithmthatconsultshelocal policiesat every time step.Be-
fore doing a the policy lookup, the belief is first updatedus-
ing equation5 (exceptattime ¢t = 0, wherethe initial belief
b; = bg). The executionalgorithmthen begins by invoking
thepolicy of thetop subtaskn thehierarcly, andthenoperates
throughasequencef recursve callssuchthatthehierarcly is
traversedin atop-downmanneyinvoking a sequencef local
policiesuntil aprimitive actionis selectedThepreciseproce-
dureis describedn the EXECUTE functionof table1. The
routineis initially invoked usingthe top subtaskas the first
argument, P, andthe currentbelief asthe secondargument,
by.

EXECUTE(P, b:)
Leta; = wp(b:)
If a; is aprimitive action
Returna;
Elseif a; is anabstractction(i.e. a;
Let P.ri4 bethesubtaskspannedy a;
EXECUTE(P:niid, bt)
end
end

Tablel: Executionfunction

It is importantto emphasizethat the full top-davn trace
throughthe hierarcly is repeatecht every time step. This is
adeparturdrom mary hierarchicaMDP planningalgorithms
which operatewithin a given subtaskfor multiple time steps
until aterminalstateis reachedlt is however consistentvith
Dietterichs polling approachDietterich2000),andin ourap-
proachis stronglymotivatedby thefactthatthe partialobserv-
ability characteristiof POMDPswould limit the detectionof
terminal states thus preventing us from using the execution
approactcommonto hierarchicaMDPs.

Hierar chical POMDP Planning

We now describehe planningalgorithmwhich is responsible
for optimizing the collection of local policies. Table 2 de-
scribesin pseudo-codéhe planningalgorithm.

PLAN(P)
forall primitive actionsa; in P
PARAMETERIZE(a;)
end
forall abstractctionsa,, in P
Let P,,, bethesubtaskspannedy a,
PLAN(P,,)
PARAMETERIZE (@)
end
SOLVE(P)
end

Table2: Planningfunction

Therecursve PLAN(P) routineis responsibldor travers-
ing thehierarcly andis initially invokedusingthetop subtask
in thehierarcly astheargument.Howeverit traverseghehier-
archy in abottom-upmanner Namely eachsubtasks solved
only after all the subtaskdlirectly below it in the hierarcly



have beensolved. Theroutineusesa simpletwo-partprocess,
appliedin successiomo all subtasksn thehierarcly.

e PART1 (PARAMETERIZE): Infer the necessarparame-
ters for the givensubtask.

e PART2 (SOLVE): Applypolicy optimizationto thesubtask.

The SOLVE function containsthe actualpolicy optimiza-
tion subroutine,which is implementedas a call to an exact
POMDP planningalgorithm: the incrementalpruning algo-
rithm. This exact POMDP solution is describedin detalil
in (Cassandral.ittman, & Zhang1997); implementedcode
canbe obtainedfrom (Cassandrd 999). The assumptions
thateachsubtasks sufliciently smallto be solved exactly, yet
the full POMDP problemis muchtoo large for anexactsolu-
tion.

The PARAMETERIZE routineis usedto infer the neces-
sary model parametergtransition, obseration, and reward)
for eachsubtask. We assumewe have a known model of
the original full POMDP task, and usetheseto infer a sub-
setof parameter$or eachsubtask.We considertwo separate
issues:that of definingparameterdor primitive actions(i.e.
PARAMETERIZE(a;)), andthat of defining parametergor
abstactactions(i.e. PARAMETERIZE(a,,).) In generalthe
parameterghatareconditionedon primitive actionscanbedi-
rectly extractedfrom the original parameteset. We formally
define:

Initial belief
bl(s) =

Transition probabilities
Ti(s,a;,8) =

11)
bo(s), Vs € So
(12)
To(s,a4,s"), ¥(s,s') € So,
V{a;,...,a1} € A;

Obselrvation probabilities (13)

Oi(s,aj,0) = Oo(s,a;,0), Vs € Sy,
Yo € Qo,Y{a;,...,a1} € A;
Reward function (14)
Ri(s,a;) := Ro(s,a;), Vs € So,

Y{a;j,...,ai} € A;

Parameterizatioof theabstiact actionsis themainmotiva-
tion for adoptinga bottom-upprocedureduring planning. A
key insightis the fact that the algorithm usesthe local pol-
icy learnedor subtaskP,,, whenmodellingthe corresponding
abstractactiona,, in the contet of the higherlevel subtask.
Goingbackto theexamplein Figurel, thegoalis tofirstlearn
alocalpolicy for subtaskPo,,:qct, @ndthenusethis policy to
infer modelparameterfor actionacontact, SUChthatit is then
possibleto proceedand apply SOLWVE(Pgeming). Equations
15-17describehe exactprocedurdor inferring thoseparam-
eters.

Transition probabilities
Ti(s, Gm,s) :=

(15)
T(S’ 7.rP’m (S), Sl)’
V(S, S/) € So, Yam € A;

Obsenvation probabilities (16)
O;i(s,am,0) = O(s,mp,(s),0), Vs € So,
Yo € Qo, Yam € A;
Reward function a7
R(s,am) = R(s,mp,(s)),

Vs € So, Vam € A;

An importantassumptiorof our approachjmplicit to the
above discussionof local policy optimization, is that each
subtasknustcontainsomediscriminative revardinformation.
This meansthat we cannothave a uniform reward function
over all actionsand/orstates,otherwiselocal policies could
not be meaningfully optimized. This is a commonassump-
tion in hierarchicalreinforcementearning(Dietterich2000),
andthe assumptions easilymetin therobotcontroldomain,
wherethe costof accomplishingvarioustasksnaturally pro-
videsthe necessarjocal reward structure.In domainswhere
thisassumptioris notmet,we can(assuggesteth (Dietterich
2000))introducereward shapingto provide subtasksith the
requiredlocal rewardinformation.

Stateand Observation Abstraction

The hierarchical algorithm, as describedso far, proposes
to reduce the computationaloverhead of POMDP plan-
ning by partitioning the action set. In terms of compu-
tational compleity, the numberof linear piecesrepresent-
ing an exact POMDP value functionis recursvely given by:
T = O(JA||IT;_1|'), and can be enumeratedn time:

O(|S|?|A||T:_1|'*!). Thereforeour hierarchicalPOMDPal-
gorithm,by solvingsubtasksvith reducedhctionsets cansig-
nificantly reducethe computationatompleity of computing
POMDP policies. However thesesarings are partially offset
by the fact that we now have to computemary policies, in-
steadof just one. We now discusshow in mary domainsit is
possibleto furtherreducecomputationatostsby alsoapply-
ing stateandobsenationabstractionThekey ideais to define
reducedstateandobsenation setsfor eachsubtaskandapply
planningusingthis smallerrepresentation.

Theformal conditionsunderwhichto apply exactstateand
obsenation abstractionare directly relatedto the model pa-
rameters.We considera POMDP subtaskP;, with actionset
A;, statesetS; andobsenration set(2;, wherethe statesetis
spannedy statefeaturesX; = {X1, X»,..., X, } andtheob-
senation setis spanneddy featuresz; = {Z, Zs, ..., Z,}.
Wenow consideiacasenvherethestatefeaturesanbedivided
into two disjoint sets, X, and X , andsimilarly obsenation
featureanbedividedinto two disjointsets,Z; andZ_. We
saythatstatefeaturesX_ andobsenationfeatures”_ areir-
relevantto subtaskp; if Va; € A;:

R(X+,X7,aj) = R(X+7aj) (18)
P(X4, X | X4, X—ya;5) = P(XY | X4,05)P(X] | X4, X, a5)
P(Z4,7Z_ | X4, X_,a;) = P(Z4 | X4,a;)P(Z_ | X_,a;)

Figure 2 illustratestheseconstraintsin the form of a dy-
namicbelief network. In essencewe seethat statefeatures
in setX _ have no effect on the reward function, andfurther
moreprovide notransitionor obsenationinformationregard-
ing thosefeatures(namely X ;) thatdo have an effect on the
reward function. ConsequentlystatefeaturesX  andobser
vation featuresZ_ canhave no effect on the value function,
andthereforecan be safelyignored. It is importantto note
thatthe featureirrelevanceconditionmusthold for all actions
(primitive andabstractjn a givensubtask.

For general POMDP planning, applying abstractionis
equialentto finding a minimum-sizerepresentatiorfor the
problem,but oncethe problemis specifiedthereis little op-
portunityfor furtherabstractionln the context of hierarchical
planninghowever, abstractiorcanbeappliedindependentlyo



belief
state/obsemtion abstraction conditions (dashed line in-
dicates state/obselation features which can safely be
ignored

Figure 2: Dynamic network illustrating

eachsubtask—thuseducing| S| and|2|]—withoutinfluencing
the policy optimizationary furtherthanwhatis attributedto

theactiondecompositionTheoverallresultingcomputational
savingscanbetremendougseveral ordersof magnitude).

It is importantto notethatstateandobsenationabstraction
is a naturalconsequencef the actiondecompositionIn fact
we obsene that action decompositiorand state/obsemtion
abstractionoften work handin hand. In general,a domain
with a structuredstatesetwill lenditself to hierarchicalplan-
ning without significantperformancdoss. Furthermorethe
samestructurethat givesrise to a goodactiondecomposition
oftenallows substantiaktateandobsenationabstraction.

A Real-World Application Domain

In this section,we presentresultsfrom the real-world im-
plementationand testing of our hierarchicalPOMDP robot
controllerin the context of an interactve robot-humantask.
Thisimplementatiorwasconductedaspartof alargerproject
dedicatedo the developmentof a prototypenursingassistant
robot. The overall goal of the projectis to develop personal-
izedrobotictechnologythatcanplay anactie role in provid-
ingimprovedcareandservicedo non-institutionalizeelderly
people.Thetargetuseris anelderlyindividual with mild cog-
nitive and/orphysicalimpairment.

Robot Platform

The robot Pearl (shavn in figure 3 interactingwith some
users)is the primary test-bedfor the behaior management
system. The robot usesa differential drive systemand is
equippedwith two on-boardPentiumPCs,wirelessEthernet,
a SICK laserrangefinder, sonarsensorsa microphonefor
speechrecognition, spealers for speechsynthesis,a touch-
sensitve graphicaldisplay actuatedheadunit, andstereccam-
erasystem.

On the software side, the robot featuresoff-the-shelfau-
tonomousmobile robot navigation system (Burgard et al.
1999;Thrunetal. 2000a),speechrecognitionsoftware (Rav-
ishankar1996), speechsynthesissoftware (Black, Talor, &
Calgy 1999), fastimage captureand compressiorsoftware
for online video streaming,and facedetectiontracking soft-
ware (Rowley, Baluja, & Kanade1998). A final software
componentis a prototypeof a flexible remindersystemus-
ing advancedplanningandschedulingechniquegMcCarthy

Figure3: Pearl,therobotic nursingassistantinteractingwith
elderlyusersat anursingfacility

& Pollack2002). For informationon additionalresearchin-
volving thisrobot, thereaderis referredto (Montemerloetal.
2002).

The robot’s ervironmentis a retirementresortlocatedin
Oakmont,PA. All experimentssofar primarily involved peo-
ple with relatively mild cognitive, perceptualor physicalin-
abilities, thoughin needof professionahssistance.

Task description

Fromthe mary servicessucha robotcould provide (see(En-
gelbeger1999;Lacey & Dawson-Have 1998)),thework re-
ported here hasfocusedon the task of reminding peopleof
events (e.g., appointmentsand guiding them through their
ervironment. At present,nursingstaf in assistediving fa-
cilities spendssignificantamountsof time escortingelderly
peoplewalking from onelocationto another The numberof
actiities requiring navigation is large, rangingfrom regular
daily events(e.g.,meals),appointmentge.g.,doctorappoint-
ments,physiotherap, hair cuts), social events(e.g., visiting
friends, cinema),to simply walking for the purposeof exer
cising. Many elderly peoplemove at extremely slow speeds
(e.g.,5 cm/sec)makingthetaskof helpingpeoplearoundone
of the mostlaborintensie in assistediving facilities. Fur
thermorethehelpprovidedis oftennotof aphysicalnature as
elderly peopleusuallyselectwalking aidsover physical assis-
tanceby nursesthuspreservingsomeindependencdnstead,
nursesoften provide importantcognitive help, in the form of
reminders,guidanceand motivation, in additionto valuable
socialinteraction.

The particulartask we selectedrequiresthe robot to nav-
igateto a persons room, alert them, inform them of an up-
comingeventor appointmentandinquire abouttheir willing-
nessto be assisted. It theninvolves a lengthy phasewhere
the robot guidesa person,carefully monitoring the persons
progressand adjustingthe robot’s velocity and path accord-
ingly. Finally, the robot also senes the secondarypurpose
of providing informationto the personuponrequestsuchas



information aboutupcomingcommunity events, weatherre-
ports, TV schedulesetc.

From an Al point of view, several factorsmake this task
achallengingone. In additionto the well-developedtopic of
robotnavigation(KortenkampBonasso& Murphy 1998),the
task involves significantinteractionwith people. The robot
Pearlinteractsmainly through speechand visual displays.
Whenit comesto speechmary elderly have difficulty under
standingeven simple sentencesand moreimportantly artic-
ulatinganappropriateesponsén a computerunderstandable
way. Thosedifficulties arise from perceptualand cognitive
deficiencies,often involving a multitude of factorssuchas
articulation,comprehensionand mentalagility. In addition,
peoples walking abilities vary drasticallyfrom persorto per
son. Peoplewith walking aids are usually an order of mag-
nitude slower than peoplewithout, and peopleoften stopto
chator catchbreathalongthe way. It is thereforeimperatve
thattherobotadaptgo individual people—araspecbof people
interactionthat hasbeenpoorly exploredin Al androbotics.
Finally, safetyconcernsare muchhigherwhen dealingwith
the elderly population,especiallyin crovdedsituations(e.g.,
diningareas.)

POMDP Modelling

The robot interface domainfor the selectedtask was mod-
elledusing576 stateswhich aredescribedisinga collection
of multi-valuedstatefeatures.Thosestateswerenot directly
obsenrableby therobotinterfacemanagerhowever therobot
wasableto perceve 18 distinct obsenations. The stateand
obsenationfeaturesarelistedin table3.

Obsenationswerepercevedthroughb differentmodalities;
in mary caseghelisted obsenrationsconstitutea summaryof
morecomple sensoinformation. For example,in the caseof
a useremittedspeectsignal,a keyword filter wasappliedto
theoutputof thespeechrecognizele.g.“Give metheweather
forecastfor tomorow’ — SpeebKeyword=weathe); for
the lasersensor the raw laserdatawas processedand cor-
relatedto a mapto determinewhenthe robot hadreacheda
known landmark(e.g. — Laser=robotAtHome In general
thespeeclrecognitionandtouchscreemputwereusedasre-
dundantsensorgo eachother passingn very muchthe same
information,but assumedo have a greaterdegreeof reliabil-
ity whencomingfrom the touchscreenThe Reminderbser
vationswererecevved from a high-level intelligentscheduling
module(see(McCartty & Pollack2002)for detailsaboutthis
component.)

In responseo the obsenations,therobotcouldselectfrom
19distinctactions falling into threebroadcateyories:

e CommunicatefRemindPlysioAppt, Remind\itamin,
UpdateChecklistCheckUserPresenflerminateGuidance,
TellTime, TellWeather ConfirmGuide®Physio, Verify-
InfoRequest, ConfirmWantTime, ConfimWant\Weathey
ConfirmGoHomeConfirmDoné

¢ Move={GotoRatientRoomGuideToPhysio, GoHome
¢ Other{DoNothing,RingDoorBell,RechageBattery

Each discreteaction enumeratedabove invoked a well-
defined sequenceof operationson the part of the robot
(E.g. GiveWather — SpeehSynthesis="dmorow’s
weathershouldbe sunny with a high of 807.) The actions
in the Communicatecategyory involved a combinationof re-
dundantspeechsynthesisandtouchscreemlisplay wherethe

Statefeatules Featue values

RobotLocation home,room, physio

UserLocation room, physio

UserPresent yes,no

ReminderGoal none,physio, vitamin, checklist
UserMotionGoal none toPhysioWithRobot
UserinfoGoal none,wantTime, want\Weather
Observatiorfeatues | Featuevalues

Speech yes,no, time, weathergo, unknavn
Touchscreen t.yes,t_no,t_time,t_weathert_go
Laser atRoom atPlysio, atHome
Reminder g_none,g_physio, g_vitamin, g_checklist

Table 3: Componentdescriptionfor human-robointeraction
scenario

selectedinformation or questionwas presentedo the user
throughboth modalitiessimultaneously Given the sensory
limitations commonin our target population,we found the
useof redundantwdio-visuaimportantfor bothcommunica-
tion to andfrom therobot. The actionsin the Move category
weretranslatednto a sequencef motorcommandsy a mo-
tion plannerwhich usesdynamicprogrammingo plana path
from therobot's currentpositionto its destination.
ThePOMDPmModelparametersvereselectedy adesigner
The reward structure,also hand-craftedyeflectsthe relative
costsof applying actionsin terms of robot resourcege.g.
robot motion actionsare typically costlierthan spolen veri-
ficationquestions)aswell asreflectingtheappropriatenessf
theactionwith respecto the state.For example,we use:

e positive rewardsfor correctlysatisfyingagoal

E.g.R(a; =T a a )=+50
if s;( s oo oa)={0oP so Robo }
ands;(Robo oa o )={ so}
ands;( s oa o )={ so}
° ;;lllarge negative rewardsfor applyinganactionunnecessar
i
E¥g. R(a; = oP s 0)=-200
if s;( s oo oa)=9{o0o }
e asmallnegative rewardfor verificationquestions
E.g.R(a: = o oP s 0)=-2

givenary statecondition.

andsoon. This reward function satisfiesthe local reward
assumptiorfor eachsubtask,assumingthe action hierarcly
proposedn figure 1.

Finally, we alsoappliedstate/obsemtionabstractiorio this
domain, following the conditionsspecifiedin figure 2. We
were thus able to eliminate betweenone and five statefea-
turesfor eachsubtaskln generalJowerlevel subtaskyielded
more abstraction(e.g. subtaskP ,, .., requiredonly the
UserInfoGoal state feature and the {speeb, touch} obser
vation features),whereashigher subtasksequiredaccesgo
moststatefeatures.

Experimental Results

The planningproblemdescribechereis far beyondthe reach
of exact POMDPsolvers. Usingthe hierarchicaPOMDR the
high-level decisionmakingproblemin Pearlis tractable and
anearoptimalcontrolpolicy canbe computedff-line. Thus,



Obsenation True State Action Reward
pearlhello requestbegun say hello 100
pearlwhatis like startmeds askrepeat -100
pearlwhattimeis it

for will the wanttime saytime 100
pearlwasonabc wanttv askwhich_station -1
pearlwasonabc wantabc sayabc 100
pearlwhatis onnbc wantnbc confirm_channelnbc -1
pearlyes wantnbc say.nbc 100
pearlgoto thethat

prettygoodwhat sendrobot askrobotwhere -1
pearlthatthathellobe sendrobotbedroom confirm_robotplace -1
pearlthebedioomanyi sendrobotbedroom go_to_bedroom 100
pearlgoit eighta hello sendrobot askrobotwhere -1
pearlthekitchenhello  sendrobotkitchen go_to_kitchen 100

Table4: An exampledialog with a testsubject. Actions in
bold font are clarification actions,generatecdy the POMDP
becausef high uncertaintyin the speectsignal.

duringexecutiontime the controllersimply monitorsthe state
(calculategheposterior)andlooksuptheappropriateontrol.

An importantpropertyof the computedPOMDP policy is
the inclusionof information-gatheringactions. Theseactions
have the specific purposeof gatheringstate-disambiguating
data,asopposedo gettingcloserto the goal. In the domain
describedere,information-gatheringactionsareusedto clar
ify or confirmthe usersintent.

Table 4 shavs an example dialog betweenthe robot and
a test subject(using a different task domain, developedfor
earlierin-lab experiments.)Becauseof the uncertaintyman-
agemenin POMDPs the robotchoosedo aska clarification
guestioratthreeoccasionsThenumberof suchquestiongle-
pendson the clarity of a persons speechasdetectecby the
Sphinxspeectrecognitionsystem.

In thenursinghomeenvironment wetestedherobotin five
separatexperimentseachlastingonefull day Thefirstthree
daysfocusedon open-endedhteractionswith alarge number
of elderly users,during which the robot interactedverbally
andspatiallywith elderly peoplewith the specifictaskof de-
liveredsweetsThis allowed usto gaugepeoplesinitial reac-
tionsto therobot.

Following this, we performedtwo daysof formal experi-
mentsusing the exact domaindescribedn table 3. During
theseexperiments the robot autonomouslyled 12 full guid-
ances,involving 6 differentelderly people. Figure 4 shavs
anexampleguidanceaxperiment,nvolving anelderly person
who usesa walking aid. The sequencef imagesillustrates
the major stageof a successfutielivery: from contactingthe
persongxplainingto herthe reasorfor the visit, walking her
throughthe facility, and providing information after the suc-
cessfuldelivery—in this caseon the weather

In all guidanceexperiments,the task was performedto
completion. Post-a&perimentaldebriefingsillustrateda uni-
form high level of excitementonthesideof theelderly Over-
all, only a few problemswere detectedduring the operation.
Noneof thetestsubjectshaveddifficultiesunderstandinthe
majorfunctionsof therobot. They all wereableto operatethe
robot after lessthan five minutesof introduction. However,
initial flaws with a poorly adjustedspeechrecognitionsystem
ledto occasionatonfusionwhichwasfixedduringthecourse
of this project. An additionalproblemarosefrom the robot'’s
initial inability to adaptits velocity to peoples walking pace,

(a) Pearlapproachingelderly (b) Remindingof appointment

(c) Guidancehroughcorridor  (d) Enteringphysiotherag dept.

(e) Asking for weatherforecast (f) Pearlleaves

Figure4: Exampleof asuccessfufjuidancesxperiment.Pearl
picks up the patientoutsideherroom, remindsher of a phys-
iotheray appointmentwalks the personto the department,
andrespondgo a requestof the weatherreport. In this in-
teraction,the interactiontook placethrough speechand the
touch-sensitie display

whichwasfoundto becrucialfor therobot's effectiveness.

We arecurrentlyengagedin experimentalwork thatbuilds
ontheresultspresentedhere,includingcomparingour hierar
chical POMDP approacho alternatve solutions. Futureex-
perimentswill includecarryingoutlongerandmorecomple
scenariosn the nursinghome,wherethe robotwill carryon
taskssuchastaking residentsfor walks, in supportof varied
physicalandsocialactiities.

Discussion

This paperdescribesa POMDP approachto high-level robot
behaior control and presentsan algorithmic approachto
POMDPswhich usesthe structurednatureof the robot plan-
ning domainto facilitate planning. The POMDP-basedon-
troller hasbeentestedsuccessfullyin experimentsin an as-
sistedliving facility.

This work demonstratethat POMDPshave maturedto a
level that makesthem applicableto real-world robot control
tasks. Furthermorepur experimentalresultssuggesthatun-
certaintymattersin high-level decisionmaking. Thesefind-
ings challengea long term view in mainstreamAl that un-
certaintyis irrelevant, or at bestcanbe handleduniformly at
the higherlevels of robotcontrol (Giacomo1998;Lakemeyer
2000). We conjectureinsteadthat whenrobotsinteractwith
people uncertaintyis penasive andhasto be consideredhtall
levels of decisionmaking, not solelyin low-level perceptual
routines.
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