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Abstract

This paperintroducesthe Point-BasedValue Iteration
(PBVI) algorithmfor POMDP planning. PBVI approx-
imatesan exact value iteration solution by selectinga
smallsetof representatie beliefpointsandthentracking
thevalueandits derivative for thosepointsonly. By us-
ing stochastidrajectoriedo choosebelief points,andby
maintainingonly onevaluehyperplaneperpoint, PBVI
successfullyolveslargeproblems:we presentesultson
aroboticlasertagproblemaswell asthreetestdomains
from theliterature.

1 Introduction

The value iteration algorithm for planningin partially ob-

senable Markov decisionprocessegPOMDPs)was intro-

ducedin the 1970s[Sondik, 1971]. Sinceits introduction
numerousauthorshave refinedit [Cassandrat al., 1997;
Kaelblingetal., 1998;ZhangandZhang,2001] sothatit can
solve harderproblems.But, asthe situationcurrentlystands,
POMDPvalueiterationalgorithmsarewidely believednotto

beableto scaleto real-world-sizedproblems.

Therearetwo distinct but interdependenteasondor the
limited scalabilityof POMDPvalueiterationalgorithms.The
more widely-known reasonis the so-calledcurseof dimen-
sionality [Kaelblingetal., 1994: in a problemwith n phys-
ical statesPOMDP planneranustreasonaboutbelief states
in an (n — 1)-dimensionalcontinuousspace. So, nave ap-
proachedik e discretizingthebelief spacescaleexponentially
with thenumberof states.

The less-well-knevn reasonfor poor scalingbehaior is
what we will call the curseof history: POMDP value iter-
ationis in mary wayslike breadth-firstsearchin the space
of belief states. Startingfrom the empty history; it grows
a setof histories(eachcorrespondingo a reachablébelief)
by simulatingthe POMDP So, the numberof distinctaction-
obsenationhistoriesconsideredjrows exponentiallywith the
planninghorizon. Variousclever pruningstratgies|Littman
etal., 1995; Cassandrat al., 1997 have beenproposedo
whittle down the setof historiesconsideredbut the pruning
stepsare usually expensie and seemto make a difference
only in theconstanfactorsratherthanthe orderof growth.

Thetwo curseshistoryanddimensionalityarerelated:the
higherthe dimensionof a belief spacethe moreroomit has

for distincthistories. But, they canactindependentlyplan-
ning complexity cangrow exponentiallywith horizon even
in problemswith only a few states,and problemswith a
large numberof physicalstatesmay still only have a small
numberof relevant histories. In most domains,the curse
of history affects POMDP value iteration far more strongly
than the curse of dimensionality[Kaelbling et al., 1998;
ZhouandHansen2001]. Thatis, the numberof distincthis-
torieswhich the algorithmmaintainsis a far betterpredictor
of runningtime thanis the numberof states.The mainclaim
of this paperis that,if we canavoid the curseof history, there
aremary real-world POMDPswherethe curseof dimension-
ality is notaproblem.

Building on this insight, we presentroint-Basedvalue It-
eration (PBVI), a nev approximatePOMDP planning al-
gorithm. PBVI selectsa small set of representatie belief
points and iteratively appliesvalue updatesto thosepoints.
The point-basedupdateis significantly more efficient than
an exact update(quadraticvs. exponential),and becauset
updateshoth value and value gradient,it generalizedetter
to unexplored beliefsthaninterpolation-typegrid-basedap-
proximationswhich only updatethe value [Lovejoy, 1991;
Brafman,1997; Hauskrecht2000; Zhou andHansen 2001,
Bonet,2004). In addition,exploiting aninsightfrom policy
searchmethodsandMDP exploration[Ng andJordan 2000;
Thrun,1997, PBVI usesexplorative stochastidrajectoriego
selectbelief points,thusreducingthe numberof belief points
necessanyto find a good solution comparedto earlier ap-
proaches Finally, the theoreticalanalysisof PBVI included
in thispapershavsthatit is guaranteetb have boundecerror.

This paper presentsempirical results demonstratingthe
successfulperformanceof the algorithm on a large (870
states)robot domain called Tag, inspired by the game of
lasertag Thisis anorderof magnituddargerthanotherprob-
lemscommonlyusedto testscalablePOMDPalgorithms.In
addition,we includeresultsfor threewell-known POMDPs,
where PBVI is able to match (in control quality, but with
fewer belief points)the performancef earlieralgorithms.

2 An overview of POMDPs

The POMDP framawork is a generalizedmodel for plan-
ningunderuncertaintyKaelblingetal., 1998;Sondik,1971].

A POMDP canbe representedising the following n-tuple:
{S,A,0,by,T,Q, R,v}, whereS is a (finite) setof discrete



states,A is a setof discreteactions,and O is a setof dis-
creteobsenationsproviding incompleteand/omoisystatein-
formation. The POMDP modelis parameterizedy: by(s),
theinitial belief distribution; T'(s, a, s') := Pr(siy1 = s |
a; = a,s; = §), thedistribution describingthe probability
of transitioningfrom states to states’ whentakingactiona;
Q(o,s,a) := Pr(og1 = o | ag = a,s441 = 8), thedis-
tribution describingthe probability of observingo from state
s aftertaking actiona; R(s,a), the reward signal receied
whenexecutingactiona in states; and~y, thediscountfactor
A key assumptiorof POMDPsis thatthe stateis only par
tially obsenable. Thereforewerely ontheconcepof abelief
state,denotedb, to represent probability distribution over
statesThebeliefis a sufiicient statisticfor a givenhistory:

by :== Pr(s: | bo,a0,01, ..., 0t—1,a¢—1,0¢) @)

andis updatedat eachtime-stepto incorporatethe latestac-
tion, obsenationpair:

bi(s") :=nQ(o,s',a) Y T(s,a,5 )b—1(s) )
sES
wheren is the normalizingconstant.

The goal of POMDP planningis to find a sequencef ac-
tions {ayo, . . . , a;} maximizingthe expectedsumof rewards
E[>,7*R(ss,a4)]. Given that the stateis not necessarily
fully obserable,thegoalis to maximizeexpectedrewardfor
eachbelief. Thevaluefunctioncanbeformulatedas:

V(b) = max | R(b,a) + 7£T(b,a, VIV (1) ®3)

Whenoptimizedexactly, this valuefunctionis alwayspiece-
wise linear and corvex in the belief [Sondik, 1971] (see
Fig. 1, left side). After n consecutie iterations,the solution
consistof a setof a-vectors:V,, = {ag, a1, ..., }. Each
a-vectorrepresentsin | S|-dimensionahyperplane,andde-
fines the value function over a boundedregion of the be-
lief: Vi, (b) = maxqev, ) ,cg(s)b(s). In addition,each
a-vectoris associateavith anaction,definingthebestimme-
diatepolicy assumingptimalbehaior for thefollowing (n—
1) stepg(asdefinedrespectiely by thesets{V,, 1, ..., Vo }).

Then-th horizonvaluefunctioncanbe built from the pre-
vious solutionV,,_; usingthe Badup operator H. We use
notationV = HV' to denoteanexactvaluebackup:

V() = max ZR(s,a)b(s)+ (4
s€ES
72 max Z Z T(s,a,s)Qo, s, a)a'(s')b(s)]
oEOa €v s€S s'esS

A numberof algorithmshave beenproposedo implement
this backupby directly manipulatinga-vectors,usinga com-
bination of set projectionand pruning operations[Sondik,
1971; Cassandreet al., 1997; Zhang and Zhang, 2001].
We now describethe moststraight-forward versionof exact
POMDPvalueiteration.

Toimplementheexactupdatel” = HV', wefirstgenerate
intermediatesetsI'** andI'*°,Va € A,Vo € O (Stepl):
" + a""(s) = R(s,a) (5)

I’ « a°(s)=vy Z T(s,a,s)Qo,s,a)a;(s'),Vo; € V'
s'eS

Next we createl'* (Va € A), the cross-sunover obsena-
tions,which includesonea®° from eachl'*° (Step2):

r“ = I**"or*1*oer*2qg... (6)
Finally we take theunionof I'® sets(Step3):
V = Ua,EAFa (7)

In practice,mary of the vectorsin the final setV may be
completelydominatedoy anothewvector(a; - b < «; - b, Vb),
or by a combinationof othervectors. Thosevectorscanbe
prunedaway without affecting the solution. Finding dom-
inatedvectorscan be expensve (checkingwhethera single
vectoris dominatedrequiressolvingalinear program),but is
usuallyworthwhileto avoid anexplosionof thesolutionsize.

To betterunderstandhecompleity of theexactupdatejet
|V'| bethe numberof a-vectorsin the previous solutionset.
Stepl createg 4| |O| |[V'| projectionsand Step2 generates
|A||V'|!°l cross-sumsSo, in the worst case,the new solu-
tion |V | hassize|A| [V'|/C! (time|S|?|A| |[V'|!°!). Giventhat
this exponentialgrowth occursfor every iteration,theimpor-
tanceof pruningaway unnecessaryectorsis clear It also
highlightstheimpetusfor approximatesolutions.

3 Point-based valueiteration

It isawell understoodactthatmostPOMDPproblemsgven
given arbitrary action and obsenation sequencesf infinite
length,areunlikely to reachmostof the pointsin the belief
simplex. Thusit seemsunnecessaryo plan equally for all
beliefs,asexactalgorithmsdo, andpreferableto concentrate
planningon mostprobablebeliefs.

The point-basedralueiteration (PBVI) algorithmsolvesa
POMDPfor afinite setof belief points B = {bq, b1, ..., bq }-
It initializes a separatex-vectorfor eachselectecpoint, and
repeatedlyupdatesvia value backups)the value of that a-
vector As shavn in Figurel, by maintaininga full «-vector
for eachbelief point, PBVI preseresthe piece-wiselinear
ity and corvexity of the valuefunction, anddefinesa value
function over the entire belief simplex. This is in contrast
to grid-basedapproachegLovejoy, 1991; Brafman, 1997,
Hauskrecht,2000; Zhou and Hansen,2001; Bonet, 2004,
which updateonly thevalueat eachbelief grid point.

v={a_ 0o, 0.}

b2 bl b0 b3

b2 bl b0 b3

Figurel: POMDPvaluefunctionrepresentationsingPBVI (onthe
left) andagrid (ontheright).

The completePBVI algorithmis designedas an anytime
algorithm, interlearing stepsof valueiteration and stepsof
beliefsetexpansion It startswith aninitial setof beliefpoints
for whichit appliesafirst seriesof backupoperationslt then
growsthesetof belief points,andfindsanew solutionfor the
expandedset. By interleaving value backupiterationswith



expansion®f thebeliefset,PBVI offersarangeof solutions,
graduallytrading off computationtime and solutionquality.
We now describenow we canefficiently performpoint-based
valuebackupsandhow we selectbelief points.

3.1 Point-based value backup

To plan for a finite set of belief points B, we modify the
backupoperator(Eqn 4) suchthatonly onea-vectorperbe-
lief pointis maintained For a point-basedipdateV = HV”,
we startby creatingprojections(exactly asin EqQn5) Va €
A,VYo € O (Stepl):

' + a""(s) = R(s,a) (8)
I « a°(s)=vy Z T(s,a,s)Qo,s,a)a;(s'),Va; € V'
s'es

Next, thecross-sunoperation(Eqn6) is muchsimplified by
thefactthatwe arenow operatingover a finite setof points.
We constructvb € B,Va € A (Step2):

Pa,* +

ry = Z argmax(a - b) 9)

Ta,o
0€0 o€

Finally, we find the bestactionfor eachbelief point (Step3):

V « argmax(T;-b), Vb€ B (10)

I VaeA

Whenperformingpoint-basedipdatesthe backupcreates
|A||O||V'| projectionsasin exactVI. Howeverthefinal so-
lution V' is limited to containingonly | B| componentgin
time | S| |A||V']|O]|B]). Thusafull point-basedsalueup-
datetakesonly polynomialtime, andeven morecrucial, the
sizeof the solutionsetV remainsconstant.As a result,the
pruningof a vectors(andsolvingof linearprograms)socru-
cial in exact POMDP algorithms,is now unnecessaryThe
only pruningstepis to refrain from addingto V' ary vector
alreadyincluded,which arisesvhentwo nearbybelief points
supportthe samevector(e.g. by, bs in Fig. 1).

In problemswith afinite horizonh, werun h valuebackups
beforeexpandingthe setof belief points. In infinite-horizon
problemswe selecthehorizonsothat (R4 — Rmin)Y" <
€.

3.2 Bélief point set expansion

As explainedabove, PBVI focusesits planningon relevant
beliefs. More specifically our error boundbelon suggests
thatPBVI performsbestwhenits beliefsetis uniformly dense
in the setof reachabléeliefs. So, we initialize the setB to
containtheinitial belief by andexpandB by greedilychoos-
ing new reachabldeliefsthatimprovetheworst-casealensity
asrapidly aspossible.

Foragivenb € B, PBVI stochasticallysimulatesa single-
stepforwardtrajectoryusingeachactionto producenew be-
liefs {bay, bas, ---}.1 It thenmeasurethe L; distancefrom b,
to B, andthrows away b, if b,, € B. Finally, it keepsonly

1To simulateanactiona, first samplea states from the distribu-
tion b. Thensamplean obsenration accordingto Q(s, a, o) for the
givens anda. Finally computeb, usinga Bayesiarupdate(Eqn2).

the new belief b,, which is farthestaway from ary point al-
readyin B.? PBVI triesto generat@nenew belieffrom each
previous belief; so, B at mostdoublesin size on eachex-
pansion® Sinceexpansionphasesareinterleavedwith value
iteration,PBVI offersananytimesolution.

3.3 Convergence and error bounds

For ary belief set B andhorizonn, PBVI producesan esti-
mateV,Z. TheerrorbetweenV,? andthetruevaluefunction
V¥ is bounded.The bounddependon how denselyB sam-
plesthe belief simplex A; with densersampling,V,? con-
vergesto V¥, the true value function* Asn — oo, V2
doesnotnecessarilgonverge;but, ourerrorboundstill holds.
Cutting off the PBVI iterationat any sufiiciently large hori-
zon, we know that the differencebetweenV,? and the op-
timal infinite-horizonV* is not too large. (The overall er-
ror is boundedby [|[V;7 — V¥[loo + |[Vy — V*|loo. Thefirst
termis boundedy ourtheorenbelow; theseconds bounded
by v™||Vy* — V*||.) Theremainderof this sectionstatesand
provesour errorbound.

Definethe densityep of a setof belief points B to bethe
maximumdistancefrom ary legal belief to B. More pre-
cisely eg = maxy ¢ A minge g ||b—b'||;1. Then,wecanprove:

Lemma 1l Theerror introducedoy PBVI's pruningstepis at
Rmax—Rmin)e€

MOStprune = %

Proof: Letd’' € A bethepointwherePBVI makesits worst

pruningerror, andb € B be the closest(1-norm)sampled

beliefto b'. Let a bethevectorwhichis maximalatb, anda’

bemaximalatd’. By erroneouslyruninga’, PBVI makesan

errorof atmosta’ - b’ — « - b'. Ontheotherhand,sincea is

maximalatb, thena' - b < « - b. So,

Nprune < o b —a-V
= o V-ab+(@ b-a-b) addzero
< dbV-ab+ab-a- b a opt.atd
= (¢ —a)- (-0 collectterms
<l = allelt’ — 81 Holder
< o' —allees defn of e
< Bmax—Bming, seetext

1-v

The last inequality holds becausesacha-vector represents
thereward achievablestartingfrom somestateandfollowing
somesequencef actionsandobsenations. [

Theorem 1 For anybeliefsetB andanyhorizonn, theerror
of the PBVIalgorithms,, = ||V,2 — V.*||« is boundeddy

(Rmaw - Rmin)GB
T

2The actualchoiceof normdoesnt appearo matterin practice;
someof our experimentsbelonr usedEuclideandistancg(insteadof
L,) andtheresultsappeaidentical.

3We experimentedwith other stratgjies suchas addinga fixed
numberof new beliefs, but sincevalueiterationis muchmore ex-
pensve thanbelief computatiortheabove algorithmworked best.If
desired we canimposea maximumsizeon B basedon time con-
straintsor performanceequirements.

4If notall beliefsarereachablewe don't needto sampleall of A
denselybut replaceA by the setof reachabléeliefs A belon. The
errorboundsandcorvergenceresultshold on A.

Mo <



Proof:

= V¥ = Viilleo defn of p,
= ||HVE, —HV; |||~ defn of H, H
< JIHVE = HV.Z || +

[|HV:E, — HV; || triangleineq.

< Nprune + ||HVnB_1 — HV,,:_1||00 defn of Tprune
< Nprune FYIVE L - Vi1l contraction
=  Mprune + YMn-1 defn of Nn—1
S (Rma:cl—f’;nin)EB + ,y,,]n_l |emmal
< (Emas—Rmin)ep seriessum 1

(1-7)2

4 Experimental results

The domainof Tag is basedon the populargameof lasertag.
Thegoalis to searchfor andtaga maoving opponen{Rosen-
crantzet al., 2003. Figure 2a shows the live robot as it

movesin to capturean opponent.In our POMDP formula-
tion, the opponentmovesstochasticallyaccordingto a fixed
policy. Thespatialconfigurationof thedomainusedfor plan-
ning is illustratedin Figure 2b. This domainis an order of

magnituddarger (870 statesthanmostotherPOMDP prob-
lemsconsideredhusfar in the literature[Cassandra] 999,

andis proposedisanew challengdor fast,scalablePOMDP
algorithms.A singleiterationof optimalvalueiterationon a

problemof this sizecouldproduceover102° a-vectorsbefore
pruning.

26 |27 |28
23 [24 |25
20 [21 |22
A
10 |11 |12 13 |14 16 |17 |18 |19
i
O(E\l 2 3 [4 |56 [7 [8 |9

a.Robotsplaying Tag b. Tagconfiguration

Figure 2: Tagdomain(870states5 actions,30 obsenations)

The state spaceis describedby the cross-productof
two features,Robot = {s¢,...,s2 } and Opponent =
{50,---,52 , Sta Both agentsstartin independently-
selectedrandom positions, and the game finishes when
Opponent= s, . Therobotcanselectfrom five actions:
{North, South,East,West,Tag}. A rewardof —1 is imposed
for eachmotion action; the Tag actionresultsin a +10 re-
wardif Robot= Opponentor —10 otherwise. Throughout
thegamethe Robots positionis fully obsenable,andtheef-
fectof a Moveactionhasthe predictabledeterministiceffect,
e.g.

Pr(Robo = s10 | Robo = so,

The positionof theopponents completelyunobserableun-
lessboth agentsarein the samecell. At eachstep,the op-
ponent(with omniscientknowledge) moves away from the
robotwith Pr = 0. andstaysin placewith Pr = 0. ,e.g.:

or )=

Pr( o =31 | =381 Robo =s0) = .
Pr( o =350 =351 Robo =s0) = .
Pr( o =31 | =381 Robo =s0) = .

Figure 3 shaws the performanceof PBVI on the Tag do-
main. Resultsare averagedover 10 runs of the algorithm,
times100different(randomlychosen)ktartpositionsfor each
run. It shows the gradualimprovementin performanceas
samplesareadded(eachshonvn datapoint represents new
expansiorof thebeliefsetwith valuebackups)In additionto
PBVI, we alsoapplythe QMDP approximatiorasa baseline
comparisor{Littman et al., 1995. The QMDP approxima-
tionis calculatedyy solvingaPOMDPasthoughit werefully
obserable: (s,a) = R(s,a) + 7> 5T (s,a,8)V(s'),
andlinearizingacross -valuesto obtainthe valueat a be-
lief: Vi(b) = @ 4c D ,cqb(s) (s,a). Thisapproxima-
tion is quickto compute andis remarkablyeffectivein some
domains.In the Tag domain,however, it lackstherepresen-
tationalpower to computea goodpolicy.

5 Additional experiments

5.1 Comparison on well-known problems

To further analyzethe performanceof PBVI, we appliedit
to three well-known problemsfrom the POMDP literature.
We selectedMaze33 Hallway andHallway2becaus¢hey are
commonlyusedto testscalableeOMDPalgorithms|Littman
etal., 1995;Brafman,1997;Poon,2001]. Figure3 presents
resultsfor eachdomain. Replicatingearlierexperimentsye-
sultsfor Maze33areaveragedver 151 runs(resetaftergoal,
terminateafter 500 steps)resultsfor Hallway andHallway2
areaveragedver251runs(terminateatgoal,max251steps).
In all cases,PBVI is ableto find a good policy. Table 1
comparedBVI's performancewvith previously publishedre-
sults,comparinggoal completionrates,sumof rewards,pol-
icy computationtime, and numberof requiredbelief points.
In all domains PBVI achievescompetitive performancebut
with fewer samples.

5.2 Validation of the belief set expansion

To further investigatethe validity of our approachfor gen-
erating new belief states(Section 3.2), we comparedour
approachwith three other techniqueswhich might appear
promising. In all caseswe assumehatthe initial belief by

(givenaspartof themodel)is the solepointin theinitial set,
andconsiderfour expansionmethods:

1. Random(RA)

2. StochastiSimulationwith RandomAction (SSRA)

3. StochastiSimulationwith GreedyAction (SSGA)

4. StochasticSimulationwith Explorative Action (SSEA)

The RA methodconsistsof samplinga belief point from a
uniform distribution over the entire belief simplex. SSEA is
the standardPBVI expansionheuristic(Section3.2). SSRA
similarly usessingle-stegforward simulation,but ratherthan
try all actions,it randomlyselectsoneandautomaticallyac-
ceptsthe posteriorbelief unlessit wasalreadyin B. Finally,
SSGA useghemostrecentvaluefunctionsolutionto pick the
greedyactionatthegivenbeliefb, andperformsasingle-step
simulationto geta new belieft! — B.

We revisited the Hallway, Hallway2, and Tag problems
from sections4 and5.1to comparehe performancef these
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Figure 3: PBVI performancdor four problems:Tag(left), Maze33(centeleft), Hallway(centerright) andHallway?2(right)
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Method Goal% Reward Time(s) |B]
Maze33/ Tiger-Grid
QMDPY n.a. 0.198 0.19 n.a.
Grid [Brafman,1997 n.a. 0.94 n.v. 174
PBUA [Poon,2001 n.a. 2.30 12116 660
PBVI[Y n.a. 2.25 3448 470
Hallway
QMDPY 47 0.261 0.51 n.a.
QMDP[Littmanetal., 1999 47.4 n.v. n.v. n.a.
PBUA [Poon,2001 100 0.53 450 300
PBVI4 96 0.53 288 86
Hallway2
QMDPY 22 0.109 1.44 n.a.
QMDP[Littmanetal., 1999 25.9 n.v. n.v. n.a.
Grid [Brafman,1997 98 n.v. n.v. 337
PBUA [Poon,2001 100 0.35 27898 1840
PBVI4 98 0.34 360 95
Tag
QMDPY 17 -16.769 13.55 n.a.
PBVI[4 59 -9.180 180880 1334

n.a.=notapplicable n.v.=notavailable

Table 1: Resultfor POMDPdomains.Thosemarked[*] werecom-
putedby us; otherresultswere likely computedon differentplat-
forms, andthereforetime comparisonsnay be approximateat best.
All resultsassume standardnotlookahead controller

four heuristics.For eachproblemwe apply PBVI usingeach
of thebelief-pointselectiorheuristicsandincludethe QMDP
approximatiorasa baselinecomparison Figure4 shavs the
computatiortime versugherewardperformancdor eachdo-
main.

Thekey resultfrom Figure4 is therightmostpanel,which
shaws performancen thelargest mostcomplicatectlomain.
In this domain our SSEA rule clearly performsbest. In
smallerdomaingleft two panels)thechoiceof heuristicmat-
tersless: all heuristicsexceptrandomexploration (RA) per
form equialentlywell.

6 Related work

Significantwork hasbeendonein recentyearsto improve
the tractability of POMDP solutions. A numberof increas-
ingly efficient exact value iteration algorithms have been
proposed[Cassandraet al., 1997; Kaelbling et al., 1998;
ZhangandZhang,2001]. They aresuccessfuin finding op-
timal solutions,however are generallylimited to very small
problems(a dozenstates)sincethey plan optimally for all
beliefs. PBVI avoids the exponentialgrowth in plan sizeby

restrictingvalueupdatego afinite setof (reachablepeliefs.

Thereare several approximatevalue iteration algorithms
which arerelatedto PBVI. For example therearemary grid-
basednethodswvhichiteratively updatethe valuesof discrete
belief points. Thesemethodddiffer in how they partitionthe
belief spaceinto a grid [Brafman,1997; Zhou and Hansen,
2001].

More similar to PBVI arethoseapproachesvhich update
boththevalueandgradientateachgrid point[Lovejoy, 1991;
Hauskrecht2000;Poon,2001]. While theactualpoint-based
updateis essentiallythe samebetweerall of these the over-
all algorithmsdiffer in a few importantaspects. Whereas
Poononly acceptsupdatesthat increasethe value at a grid
point (requiring specialinitialization of the value function),
and Hauskrechtalways keepsearlier a-vectors(causingthe
setto grow too quickly), PBVI requiresno suchassumptions.
A moreimportantbenefitof PBVI is the theoreticalguaran-
teesit provides: our guaranteesre more widely applicable
andprovide strongererror boundsthanthosefor otherpoint-
basedupdates.

In addition, PBVI is significantly smarterthan previous
algorithmsabouthow it selectsbelief points. PBVI selects
only reachablebeliefs; otheralgorithmsuserandombeliefs,
or (like PoonsandLovejoy’s) requiretheinclusionof alarge
numberof fixed beliefs suchasthe cornersof the probabil-
ity simplex. Moreover, PBVI selectdbelief pointswhich im-
proveits errorboundsasquickly aspossible.In practice our
experimentson thelargedomainof lasertagdemonstrat¢hat
PBVI's belief-selectiorrule handily outperformsseveral al-
ternatemethods. (Both Hauskrechtand Poondid consider
using stochasticsimulationto generatenew points, but nei-
ther found simulationto be superiorto randompoint place-
ments.We attribute this resultto the smallersizeof their test
domains We believe thatasmorePOMDPresearchmovesto
larger planningdomains,never and smarterbelief selection
ruleswill becomemoreandmoreimportant.)

Gradient-basegolicy searchmethodshave alsobeenused
to optimize POMDP solutions [Baxter and Bartlett, 2000;
Kearnsetal., 1999;Ng andJordan200d, successfullysolv-
ing multi-dimensional,continuous-statgroblems. In our
view, one of the strengthsof thesemethodslies in the fact
that they restrict optimizationto reachablebeliefs (as does
PBVI). Unfortunately policy searchtechniquesanbe ham-
peredby low-gradientplateausand poor local minima, and
typically requirethe selectionof arestrictedpolicy class.
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Figure 4: Belief expansiorresultsfor threeproblems:Hallway(left), Hallway2(centerand Tag(right)

7 Conclusion

This paperpresentsPBVI, a scalablearnytime algorithmfor

approximatelysolving POMDPs. We applied PBVI to a
robotic versionof lasertagwhereit successfullydeveloped
a policy for capturinga moving opponent. Other POMDP
solvershadtroublecomputingusefulpoliciesfor thisdomain.
PBVI also comparedfavorably with other solvers on three
well-known smallertestproblems.We attribute PBVI's suc-
cessto two features both of which directly targetthe curse
of history. First, by usinga trajectory-base@pproacho se-
lect belief points, PBVI focusesplanningon reachablebe-
liefs. Secondbecausat usesa fixed setof belief points, it

canperformfastvaluebackups.

In experiments,PBVI beatsbackthe curseof history far
enoughthat we can solve POMDPsan order of magnitude
larger than mostprevious algorithms. With this successwe
cannow identify the next hurdlefor POMDPresearchcon-
trary to our expectation,it turnsout to be the old-fashioned
MDP problemof having too mary distinct physical states.
This problemhits usin the costof updatingthe point-based
value function vectors. (This costis quadraticin the num-
ber of physicalstates.) While this problemis not necessar
ily easyto overcomewe believe thatsparsematrix computa-
tions, togethemwith otherapproachefrom the existing liter-
ature[PoupartandBoutilier, 2003;Roy and Gordon,2003,
will allow usto to scalePBVI to problemswhich areat least
anotherorder of magnitudelarger. So, PBVI representsa
considerablesteptowardsmaking POMDPsusablefor real-
world problems.
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