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Abstract

This paperintroducesthe Point-BasedValue Iteration

(PBVI) algorithmfor POMDP planning. PBVI approx-
imatesan exact value iteration solution by selectinga

small set of representatie belief points, and planning
for thoseonly. By usingstochastidrajectoriedo choose
belief points,andby maintainingonly onevalue hyper

planeperpoint,it is ableto successfullygolvelargeprob-

lems,including the robotic Tag domain,a POMDPver

sionof the populargameof lasertag.

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 the numberof states.

The less-well-knavn reasonfor poor scalingbehaior is
whatwewill callthecurseof history: POMDPvalueiteration
is in mary wayslik e breadth-firssearchn the spaceof belief
states.Startingfrom the initial belief state,it grows a setof
histories(eachcorrespondingo a reachablédelief) by simu-
latingthePOMDPforward. So,thenumberof distinctaction-
obsenationhistoriesconsideredjrows exponentiallywith the
planninghorizon. Variousclever pruningstratgies|[Littman
etal., 1995; Cassandrat al., 1997 have beenproposedo
whittle down the setof historiesconsideredbut the pruning
stepsare usually expensve 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 newv approximatePOMDP planning al-
gorithm. PBVI selectsa small set of representatie be-
lief points and iteratively applies value updatesto those
points. The point-basedupdateis significantly more effi-
cient than an exact update(quadraticvs exponential),and
becauset updatesboth value and value gradient, it gen-
eralizes better to unexplored beliefs than grid-basedap-
proximationswhich only updatethe value [Lovejoy, 1991;
Brafman,1997; Hauskrecht2000; Zhou andHansen 2001,
Bonet,2002). PBVI is alsoguaranteedo have boundeder
ror. Finally, exploiting aninsightfrom policy searchmethods
and MDP exploration[Ng and Jordan,2000; Thrun, 1994,
PBVI usesexplorative stochastidrajectoriesto selectbelief
points,thusreducingthenumberof belief pointsnecessaryo
find agoodsolution.

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 POMDPframawork is a generalizednodelfor planning
underuncertaintyfKaelblingetal., 1998;Sondik,1971]. We
assumea POMDP canbe representedsingthe following n-
tuple: {S,A4,0,b0,T,Q, R,v}, whereS is a (finite) setof
discretestates,A is a setof discreteactions,andO is a set



of discreteobsenations providing incompleteand/or noisy
stateinformation. The POMDP modelis parameterizedby:
bo(s), theinitial beliefdistribution; T'(s, a, s") := Pr(s¢41 =
sla; = a,s; = s), thedistribution describingthe probability
of transitioningfrom states to states’ whentaking action
a; N o, s,a) := Pr(og41 = olay = a,s¢41 = s), thedis-
tribution describingthe probability of observingo from state
s aftertaking actiona; R(s,a), the reward signal receied
whenexecutingactiona in states; and+, thediscountfactor
A key assumptiorof POMDPsis thatthe stateis only par
tially obsenable,thereforewe rely onthe concepif a belief
state,denotedb, to represent probability distribution over
statesThebeliefis a sufiicient statisticfor a givenhistory:

Otflyatfl,ot) (1)

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

bi(s') :=nQ(o, s, a) ZT(S, a, s )bi—1(s) 2)

seS

wherey is the normalizingconstant.

The goal of POMDP planningis to find a sequencef ac-
tions {ao, .., a¢ } maximizingthe expectedsumof rewards:
E> v R(St’at)L Given that the stateis not necessarily
fully obser\ablet egoalis to maximizeexpectedrewardfor
eachbelief. Thevaluefunctioncanbeformulatedas:

V(b) = mazaca [R(b, a) +~T(b, a, b')V(b')] 3

When optimizedexactly, this value function hasthe prop-
erty of always being piece-wiselinear and corvex in the
belief [Sondik, 1971 (seeFig. 1, left side). After n con-
secutve iterations, the solution set consistsof a set of a-
vectors:V,, = {ag, a1, ..., am }. Eacha-vectorconsistsof
an|S|-dimensionahyperplane(|S|=#states)anddefineshe
valuefunctionover a boundedregion of the belief: V,, (b) =
maxacv, Y .cg@(s)b(s). In addition,eacha-vectoris asso-
ciatedwith anaction,definingthe bestimmediatepolicy, as-
sumingsubsequerdgptimalbehaior for thefollowing (n—1)
steps(asdefinedrespectiely by sets{V,,_1, ..., Vo }).

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

b 1= P’l"(stlbo, ap, 01, ..

V() = max | R(s,a)b(s)+ @)
aEA s€ES
7Y maxy »  Plols,a)P(sls, a)a(s')b@]
0€0 s€ES s'eS

A numberof algorithmshave beenproposedo implement
this backupby directly manipulatinga-vectors,usingacom-
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)
r*° « aP’(s)=v Z T(s,a,s)Qo,s,a)a;(s'),Vo; € V'

1
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 set V' may
be completelydominatedby anothervector (e.g. a;(s) <
a;(s),Vs € S), oracombinationof othervectors.Thosecan
be prunedaway withoutaffectingthesolution. Thisgenerally
involvessolving multiple successie linear programswhich
though requiring significanttime, is usually worthwhile to
avoid anexplosionof the solutionsize.

To betterunderstandhecompleity of theexactupdatejet
|V'| bethe numberof a-vectorsin the previous solutionset.
Step1 creates/A||O||V'| projectionsand Step2 generates
|A||V'|'©! cross-sumsThereforein the worse-casethe new
solution|V'| hassize|A||V'|I°! (time |S|?|A||[V'|I°!). Given
that this exponentialgrowth occursfor every iteration, the
importanceof pruningaway unnecessaryectorsis clear It
alsohighlightstheimpetusfor 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
possiblebelief, asexactalgorithmsdo, andpreferableo con-
centrateplanningon mostprobablebeliefs.

Thepoint-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
cornvex propertiesof 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-of computatiortime and solutionquality.
We now describenow we canefficiently performpoint-based
valuebackupsandhow we selectbelief points.

3.1 Point-based value backup

To planoptimallyfor afinite setof beliefpoints B, we modify
the backupoperator(Egn 4) suchthatonly onea-vectorper
belief pointis maintained.To apply point-basedipdatel/ =

HV', we startby creatingprojections(exactly asin Eqn5)
Ya € A,Vo € O (Stepl):

r** <« a“*(s) = R(s,a) (8)
I’ « a°(s)=vy Z T(s,a,s)Qo,s',a)ai(s"),Va; € V'
s'esS

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

ry = I+ Z arg Jgﬁ‘j&(a -b) 9)
o€e0

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

V <« arg F(}T\lgé/l(l“;} -b), Vbe B (10)
a,

Whenperformingpoint-basedipdatesthe backupcreates
|A||O||V'| projectionsasin exactVI. Howeverthefinal solu-
tion V' is limited to containingonly | B| componentgin time
|S||A|[V']|O]|B]). Thusafull point-basedalueupdatetakes
only polynomialtime, andeven morecrucial, the sizeof the
solutionsetV is constanthroughoutiterations. As aresult,
the pruningof a vectors(andsolvingof linearprograms)so
crucialin exactPOMDPalgorithmsjs now unnecessarylrhe
only pruningstepis to refrain from addingto V' ary vector
alreadyincluded,which ariseswvhentwo nearbybelief points
supportthe samevectora; € V (e.g.b1, b2 in Fig. 1).

3.2 Bélief point set expansion

As explainedabove, PBVI focusesits planningon relevant
beliefs.First, PBVI initializesabelief setcontainingonly the
initial beliefby — B. Fromthenon, setB is expandedn
the following way. For ary pointb € B, we stochastically
simulatea single-stepforward trajectory using eachaction,
therebygettingnew beliefs{b,,, ba,, ---}.1 We thenmeasure
the (Euclidean)distancebetweereachandtheir closestpoint
in B, andkeeponly the new beliefb,, — B whichis far
thestaway from arny point alreadyin B. During eachex-
pansionphasethe setB at mostdoublesin size,up to some
pre-definednaximum;this maximumcanbe selectechased
ontime constraintor performanceequirementsSinceeach
expansiorphasds followedby stepsof valuefunction,PBVI
offersananytimesolutionbetweereachexpansion.

To do a stepof stochasticsimulationfor a given actiona, first
samplea states from the belief distribution 5. Thensampleanob-
senationaccordingo the (s, a, o) distributionfor thegivens and
a. Finally computethe b, usinga Bayesiarupdate(Eqn2).

In additionto theinitial belief point set,PBVI requiresthe
numberof desiredexpansion$, andthehorizonlength®. The
algorithmterminatesvhenthe N expansionshave beencom-
pleted.

3.3 Convergence and error bounds

For ary belief set B andhorizonn, PBVI producesan esti-
mateV,?. The error betweenV,? andthe true value func-
tion V¥ is bounded. The bound dependson how densely
B sampleghe belief simplex A; with densersampling,V,?
corvergesto V>.* Asn — oo, V,P doesnot necessarily
cornverge; but, our error boundstill holds. Cutting off the
PBVI iteration at any suficiently large horizon, we know
that the differencebetweenV,? and the optimal infinite-
horizonV* is nottoo large. (The overall erroris boundedoy
IV.EB=V*||oo+||Vi¥ =V *|| 0o Thefirsttermis boundedy our
theorenbelaw; theseconds boundedy " ||V —V*||.) The
remaindeof this sectionstatesandprovesour errorbound.
Definethe densityep of a setof belief points B to be the
maximumdistancefrom ary legal belief to B. More pre-
cisely ep = maxy ca minge g ||b—b'||1. Then,wecanprove:

Lemma 1l Theerror introducedoy PBVI's pruningstepis at

BRmax—Rmin
MOStjprupe = Fomax—FHmin)en =L )eB

Proof: Letd' € A bethepointwherePBVI makesits worst
pruningerror, andb € B be the closest(1-norm)sampled
beliefto t'. Let « bethevectorwhichis maximalatb, anda’

bemaximalatd’. By erroneouslyruninga’, PBVI makesan
errorof atmosta’ - b’ — « - b'. Ontheotherhand,sincea is

maximalatb, thena' - < «a - b. So,

Tlprune S a, - b, — Q- b’
= o b —-—a-b+(@-b—a'-b) addzero
< dbV-ab+ab-0a-b a opt.atd
= (¢ —a)- -0 collectterms
< o —alleo]lt’ — b1 Holder
< o' —alleer defn of e
< Amecfmineg seetext

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

Theorem 1 For anybeliefsetB andanyhorizonn, theerror
of the PBVIalgorithmn,, = ||V;2 — V.*||« is boundedby

(Rmaz - Rmin)eB
(1=

Mn <

2This couldalsobe specifiedasanaccuray threshold suchthat
expansiongroceeduntil the belief pointset B guaranteea specific
performancebound. Suchan error boundis describedn the next
section.

3This assumes finite-horizonproblem. We have also applied
PBVI to infinite-horizon problems,selectingthe horizon, h, such
that(Rmaz — Rmin)Y" < €.

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



Proof:

o= Vi = Vil defn of p,
= ||HVnB—1 —HV;_1]||oo defn of H, H
< JHVE L —HV,2 |l +

[|HV,2y — HV;_i||oo triangleineq.

S Tlprune + ||HVnB—1 - HVTZ—I“(X) defn Of MNprune
< Morune F YViE L — Viii]|oo contraction
= Mprune + YNPn—-1 defn of Nn—1
< (R’””:{;”i")”g + V-1 lemmal
< Bmee—Ruinlep seriessum

(1-7)2

4 Experimental results

The domainof Tag is basedon the populargameof lasertag,
where the goal is to searchfor, and tag, a moving oppo-
nent[Rosencrantetal., 2003. WhenmodeledasaPOMDP
theplanningproblemconsistof selectingactionsfor arobot,
suchthatit canseekandtagits opponent.In its currentfor-
mulation, the opponentmoves stochasticallyaccordingto a
fixed policy (describedby the model). Figure 2a shavs the
live robotasit movesin to capturean opponent.The spatial
configurationof thedomainusedfor planningis illustratedin
Figure2b. This domainis anorderof magnituddarger (870
statesthanmostotherPOMDPproblemsconsideredhusfar
in theliterature[Cassandral 999, andis proposedasa new
challengéfor fast,scalable POMDPalgorithms.A singleit-
erationof optimal value iterationon a problemof this size
couldproduceover 102° a-vectors(beforepruning).

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 space is described by the cross-product
of two features: Robot{sg,...,s2 }; Oppo-
nent{sg,..., 82 ,Sia Both agents start in an
(independently-selectedjandom position, and the game
finisheswhentheOpponent{s;,  }. TheRobotcanselect
from five actions: {MoveNorth, MoveSouth, MoveEast,
MoveVest, Tag}. A reward of —1 is imposedfor each
Move action; the Tag action resultsin a +10 reward if
the Robot and Opponentare in the samelocation, or —10
otherwise. Throughoutthe game, the Robot’s position is
fully obsenable, and the effect of a Move action has the
predictabledeterministiceffect, e.g.:

Pr(Robo = s1g|Robo = sg, o or h) =
The position of the Opponentis completelyunobserable
unlessbothagentsarein thesamecell. At eachtime-stepthe
Opponen{with omniscienknowledge)movesaway from the

Robotwith Pr = 0. , andstaysin placewith Pr = 0. ,e.g.:

Pr( o =s1| o =s1 Robo =s0)= .
Pr( o =5 o ) =51 Robo =sg)= .
Pr( o =s1| o =s1 Robo =s0)= .

Figure 3 shavs the performanceof PBVI on the Tag do-
main. Resultsare averagedover 10 runs of the algorithm,
times100different(randomlychosen)startpositionfor each
run. It shows the gradualimprovementin performanceas
samplesareadded(eachshonvn datapoint represents new
expansiorof thebeliefsetwith valuebackups)In additionto
PBVI, we alsoapplythe QMDP approximatiorasa baseline
comparisor{Hauskrecht200d. The QMDP approximation
is calculatedby solving a POMDP as thoughit were fully
obserable: (s,a) = R(s,a) + 7> 5T (s,a,8)V(s'),
andlinearizingacross -valuesto obtainthe valueat a be-
lief: V(b) = a ae D.,csb(s) (s,a). Thisapproxima-
tion is quickto compute andis remarkablyeffectivein some
domains.In the Tagdomainhowever, it lackstherepresenta-
tional powerto computea goodpolicy.

5 Additional experiments

5.1 Comparison on well-known problems

To further analyzethe performanceof PBVI, we appliedit
to threewell-known problemsfrom the POMDP literature.
We selectedVlaze33 Hallway andHallway2becausé¢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 and Hallway?2
areaveragedver251runs(terminateatgoal,max.251steps).
In all cases,PBVI is ableto find a good policy. Table 1
comparedBVI's performancevith 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 the model)is the solepointin theinitial set
B ,;:, andconsiderfour expansionrmethods:

1. Random(RA)

2. StochastiSimulationwith RandomAction (SSRA)

3. StochastiSimulationwith GreedyAction (SSGA)

4. StochastiSimulationwith Explorative Action (SSEA)

The RA methodconsistsof samplinga belief point from a
uniform distribution over the entirebelief simplex. SSEA is
the standard®BVI expansionheuristic(Section3.2). SSRA
similarly usessingle-stegforward simulation,but ratherthan
try all actions,it randomly selectsone, and automatically
acceptsthe posteriorbelief (unlessalreadyin B). Finally,
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Figure 3: PBVI performancdor four problems:Tag(left), Maze33(centeleft), Hallway(centetrright) andHallway2(right)
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10 10 TIME (secs) 10 10 10 10 TIME (secs) 10 10
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 95 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

SSGA usesthe mostrecentvalue function solutionto pick
the bestaction at the given belief b, and performsa single-
stepsimulationto geta new belieft! — B.

We now revisit the Hallway andHallway?2 problemsfrom
section5.1,aswell asthe Tagdomain,to compareheperfor
manceof thesefour heuristics. For eachproblemwe apply
PBVI usingeachof the belief-pointselectionheuristics,and

includethe QMDP approximationasa baselinecomparison.

Figure4 shavs the computationtime versusthe reward per

formancefor eachdomain.In all casestherandomexpansion
heuristic(RA) is outperformedy all of thetrajectoryheuris-
tics. In Hallway andHallway?2, it remainsunclearwhich of

theotherthreeheuristicss best.In thelargerTagdomain,the
explorative action selection(SSEA) appeardo be the best.
Theseresultsindicatethat SSEAis particularly effective at
covering large dimensionabeliefs. In smallerdomains,the
choiceof heuristicseemgo matterless.

6 Redated work

Significantwork hasbeendonein recentyearsto improve
the tractability of POMDP solutions. First, a numberof in-

creasinglyefficientexactvalueiterationalgorithmshave been
proposed[Cassandrat 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 size by
restrictingvalueupdatego afinite setof (reachablepeliefs.

Secondthereare approximatevalueiteration algorithms,
which mostly consistof grid-basednethoddLovejoy, 1991].
They cansolwe larger problems(90 states)y only updating
the value at discretegrid points. However they still require
full coverageof thebelief spacewhichbecomegproblematic
asits dimensionalityincreasesRecentwork on non-regular
grids has partially alleviated this issue [Brafman, 1997;
Hauskrecht,200d, and recentwork on variable-resolution
grids [Zhou and Hansen,2001] appearsvery promisingin
termsof scalability However lack of dataon the resulting
policiespreventcomparisonst this stage.Unlike mostgrid
approache®?BVI doesnotincludethe extremesof the belief
simplex in its setof points(unlessoneis encountereduring
stochastisimulation).This leadsto asignificantreductionin
thenumberof pointsnecessary

Third, and following a very different approach,policy
searchmethodshave alsobeenusedto optimizePOMDP so-
lutions [Baxter and Bartlett, 2000; Kearnset al., 1999; Ng
and Jordan,200d, successfullysolving multi-dimensional,
continuous-statgroblems.In our view, their strengthliesin
the factthatthey restricttheir optimizationto reachable be-
liefs, which PBVI exploits in its explorative belief selection.
Unfortunately policy searchtechniquesanbe hamperedy
slow-changinggradientsand poor local minimum, and typi-
cally requirethe selectionof arestrictedpolicy class.

Finally, PBVI sharesmary similaritieswith the indepen-
dently developedPBUA algorithm [Poon,2001]. Both use
point-basedipdatesandthe gradualadditionof belief points,
however there are key differences. First, the PBVI value
updatediffers from the point-basedupdatein [Poon,2001;
ZhangandZhang,2001], which requiresbuilding | A||O|| B|
projections. PBVI, by building |A||O||V’| projections,is
fasterin those caseswhen multiple belief points support
the samea-vector (i.e. |V| < |B|). Second, PBUA
only acceptsupdatesthat improve the value: V(b) =

a [V'(b), HV'(b)]. Finally, PBUA placesbelief pointsin
theextremesof the simplex, andgrowsthesetof beliefpoints
from there,which as mentionedabove, often leadsto mary
morepointsthanPBVI, andslower planningtimes(asshavn
in Tablel).
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Figure 4: Belief expansiorresultsfor threeproblems:Hallway(left), Hallway2(centerand Tag(right)

7 Conclusion

This paperpresentsPBVI, a scalablearnytime algorithmfor
approximatePOMDP solving. The algorithmwasappliedto
arobotversionof lasertagwhereit successfullydevelopeda
policy for capturingamoving opponentPBVI alsocompared
favorably with other POMDP solvers on threewell-known
domains.The succes®f PBVI canbe attributedto two fac-
tors, both of which directly targetthe curseof history. First,
by usingatrajectory-basedpproactio selectbelief points,it
focusegplanningonreachabldelief. Secondbecausé uses
afixedsetof belief points,it canperformfastvaluebackups.
In experimentsPBVI successfullypeatsbackthe curseof
history suchthat we can solve POMDPswhich are an or-
der of magnitudelarger than most previous algorithms: the
Tagdomainhas870 statescomparedo 90 for the Hallway?2
problemoftenusedin POMDPscalingstudies Having over-
comethe curseof history, we cannow identify the next hur-
dle for POMDPresearchit turnsoutto bethe old-fashioned
MDP problemof having too mary distinct physical states.
Thisarisesn the costof updatingthe point-basedraluefunc-
tion (which is quadraticin the numberof states). While
this problemis not necessarilyeasyto overcome,we be-
lieve thatthe existing literature[PoupariandBoutilier, 2003;
Roy and Gordon, 2003 containsapproachesvhich, when
combinedwith PBVI, will allow usto scalePOMDP value
iterationto problemswhich areatleastanotherorderof mag-
nitude larger. This is a considerablestep towards making
POMDPsusablefor real-world problems.
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