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Abstract

A generaland expressie model of sequentialde-
cision making under uncertaintyis provided by
theMarkov decisionprocesse@MDPs)framenork.
Complex applicationswith very large statespaces
are best modelled implicitly (instead of explic-
itly by enumeratinghe statespace),for example
asprecondition-eiectoperatorsthe representation
usedin Al planning. This kind of representations
arevery powerful, andthey make the construction
of policies/plancomputationallyery comple. In
mary applicationsaveragerewardsover unit time
is the relevant rationality criterion, as opposedo
the morewidely useddiscountedeward criterion,
and for providing a solid basisfor the develop-
mentof efficient planningalgorithms,the compu-
tational compleity of the decisionproblemsre-
lated to averagerewardshasto be analyzed. We
investigatethe compleity of the policy/plan exis-
tenceproblemfor MDPsunderthe averagereward
criterion, with MDPsrepresenteéh termsof con-
ditional probabilisticprecondition-efiectoperators.
We considepolicieswith andwithoutmemoryand
with differentdegreef sensing/obsenbility. The
unrestrictedpolicy existenceproblemfor the par
tially obsenablecasesvasearlierknown to beun-
decidable. The resultsplacethe remainingcom-
putationalproblemsto the compleity classe€XP
andNEXP (deterministicandnondeterministiex-
ponentialtime.)

1 Intr oduction

Markov decisionprocesse$MDPs)formalizedecisionmak-
ing in controllinganondeterministitransitionsystemsothat
given utility criteriaaresatisfied. An MDP consistsof a set
of statesa setof actions transitionprobabilitiesbetweerthe
statedfor every action,andrewards/costaissociateavith the
statesandactions.A policy determinegor every statewhich
actionis to be taken. Policiesare valuedaccordingto the
rewardsobtainedor costsincurred.
Applicationsfor the kind of planningproblemsaddressed

by this work includeagent-basedystemsincluding Internet

agentsand autonomousobots, that have to repeatediyper
form actionsover anextendedperiodof time in the presence
of uncertaintyaboutthe ervironment,andthe actionshave to
—in orderto producethe desiredresults—- follow a high-level
stratgyy, expressedsaplan.

ClassicadeterministicAl planningis the problemof find-
ing a path betweenthe initial stateand a goal state. For
explicit representationsf statespacesas graphsthis prob-
lem is solvable in polynomial time, and for implicit rep-
resentation®f statespacesn termsof statevariablesand
precondition-gectoperatorsywhichsometimesillows anex-
ponentiallymore conciserepresentatiorf the problemin-
stances,the path existenceproblemis PSRACE-complete
[Bylander 1994. This result is closely related to the
PSRACE-completenessf the existenceof pathsin graphs
representedscircuits[PapadimitriouandYannakakis1986;
Lozano and Balcazar 199d. Similarly, the compleity
of most other graph problemsincreasesvhen a compact
graphrepresentatiois used[GalperinandWidgerson,1983;
Papadimitriouand Yannakakis1986;Lozanoand Balcazar
1990;Balcazar 1996;Feigenbaunetal., 1999.

MDPsandPOMDPscanbe viewed asan extensionof the
graph-basedeterministiglanningframewnork with probabil-
ities: anactiondetermines successostateonly with a cer
tainprobability. Theobjectiveisto visit valuablestateswith a
high probability. A policy (a plan) determinesvhich actions
arechosergiventhecurrentstate(or a setof possiblecurrent
states possiblytogetherwith someinformationon the pos-
sible predecessastates.) For explicitly representedDPs,
policy evaluationunderaveragerewardsreducego the solu-
tion of setsof linear equations.Setsof linear equationscan
be solvedin polynomialtime. Similarly, policiesfor mary
typesof explicitly representedDPs canbe constructedn
polynomialtime by linear programming.Papadimitriouand
Tsitsiklis[1987 have showvn thatpolicy existencefor explic-
itly representedDPsis P-complete.Madanietal. [1999
have shavntheundecidabilityof policy existencfor UMDPs
andPOMDPswith all mainrationalitycriteria.

Like in classical Al planning, MDPs/POMDPs can
be concisely representedn terms of state variablesand
precondition-efectoperators The importantquestionin this
settingis, whatis the impactof conciserepresentationsn
the complexity of theseproblems. In relatedwork [Mund-
henket al., 2000; Littman, 1997; Littman et al., 1994, this



guestionhasbeeninvestigatedn the contet of finite hori-

zons. Not surprisingly thereis in generalan exponentialin-

creasdn problemcompleity, for examplefrom determinis-
tic polynomialtime to deterministicexponentialtime. The
undecidabilityresultsfor explicitly representetdMDPsand
POMDPddirectlyimpliestheundecidabilityof therespectie
decisionproblemswith conciserepresentations.

In the presentwork we investigatethe compleity of the
policy existenceproblemsfor MDPsandPOMDPsunderex-
pectedaveragerewardsover an infinite horizon. For mary
practically interestingproblemsfrom Al — for exampleau-
tonomousrobots, Internet agents,and so on — the num-
ber of actionstakenis high over a periodtime and lengths
of sequencesf actionsare unbounded. Thereforethereis
typically no reasonablénterpretationfor discountsnor rea-
sonableupper boundson the horizon length, and average
reward is the most relevant criterion. A main reasonfor
the restrictionto boundedhorizonsand discountedrewards
in earlier work is that the structureof the algorithmsin
thesecaseds considerablysimpler becauseconsiderations
onMDP structuralpropertieslik e recurrencendperiodicity,
canbe avoided. Also, for mary applicationsof MDPs that
represenphenomenaver extendedperiodsof times (years
anddecades)for examplein economicsthe discountssim-
ply representheunimportancef eventsin thedistantfuture,
for exampletranscendinghe lifetimes of the decisionmak-
ers.Boutilier andPutermani 1995 have adwcatedhe useof
average-revardcriteriain Al.

Thestructureof thepaperis asfollows. Sectiorn? describes
the planning problemsaddressedby the paper and Section
3 introducesthe requiredcompleity-theoreticconcepts.In
Section4 we presentthe resultson the compleity of test-
ing the existenceof policiesfor MDPsunderaveragereward
criteria,andSection5 concludeghe paper

2 Probabilistic Planning with Average
Rewards

The computationaproblemwe consideris the existenceof
policiesfor MDPs(fully obsenable),UMDPs(unobserable)
andPOMDPs(partially obsenable,generalizingopothMDPs
and UMDPs) that are representedoncisely; that is, states
arerepresentedsvaluationson statevariablesandtransition
probabilitiesare given asoperatorghat affect the statevari-
ables. The policieswe considemmay have an arbitrarysize,
but we alsobriefly discusscomplexity reductionobtainedby
restrictingto polynomialsizepolicies.

As pointedout in Example2.1, the averagereward of a
policy sometimegannotunambiguouslyestatedasasingle
realnumber The computationaproblemthatwe considelis
thefollowing. Is theexpectedaveragerewardgreatetthan(or
equalto) someconstantc. This amountsto identifying the
recurrentclassesleterminedy the policy, andthentakinga
weightedaverageof therewardsaccordingo theprobabilities
with which theclassesrereached.

2.1 Definition of MDPs

MDPs canbe representedxplicitly asa setof statesanda
transitionrelationthatassignsa probability to transitionsbe-
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Figurel: A multichainMDP

tweenstatesunderall actions.We restrictto finite MDPsand
formally definethemasfollows.

Definition 1 A (partially observableMarkov decisionpro-
cesssatuple(S,A,T, I, R, By whee S is a setof states,A
is a setof actions,T : A x S x S — R givesthetransition
probability betweerstateqthetransitionprobabilitiesfroma
givenstatemustsumto 1.0)for everyaction,I € S istheini-
tial state R : S x A — R associates reward for applying
anactionin a givenstate and B C 2% is a partition of S to
classef stateghat cannotbedistinguished.

Policiesmapthe currentandpastobsenationsto actions.

Definition 2 A policy P : (25)+ — A is a mappingfrom
a sequencef observationgo an action. A stationarypolicy
P : 25 — Aisamappingfromthecurrentobservatiorto an
action.

For UMDPs the obsenation is alwaysthe same(S), for
MDPs the obsenationsare singletonsetsof stateg(they de-
terminethe currentstateuniquely),andfor POMDPsthe ob-
senationsaremember®f apartitionof .S to setsof stateghat
areindistinguishablérom eachother(thelimiting casesireS
andsingletongs;} for s; € S: POMDPsareageneralization
of bothUMDPsandMDPs.)

The expectedaveragerewardof a policy is thelimit
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wherer, ; is therewardof takingactiona in states andp, s ¢
is the probability of taking actiona at time point ¢ in state
s. Therearepoliciesfor which the limit doesnot exist [Put-
erman,1994,Example8.1.1], but whenthe policy execution
hasonly afinite numberof internalstateglik e stationarypoli-
cieshave),thelimit alwaysexists.

Therecurrentlassesf aPOMDPunderagivenpolicy are
setsof stateghatwill alwaysstayreachabldrom eachother
with probability 1.

Example 2.1 Considera policy that inducesthe structure
shavn in Figure1l on a POMDP Thethreerecurrentclasses
eachconsistof two states.The initial statedoesnot belong
to ary of therecurrentclasses.The statereachedy thefirst
transitiondetermineghe averagereward, which will be1, 2
or 3, dependingntherecurrentlass. |



2.2 ConciseRepresentationof MDPs

An exponentially more conciserepresentatiorof MDPs is
basedn statevariables Eachstateis anassignmenof truth-
valuesto the statevariables,and transitionsbetweenstates
areexpressedschangesn the valuesof the statevariables.

In Al planning, problemsare representedy so-called
STRIPSoperatorsthat are pairs of setsof literals, the pre-
conditionandthe effects For probabilisticplanning,this can
be extendedto probabilisticSTRIPSoperatorgPSOs)(see
[Boutilier et al., 1999 for referencesand a discussionof
PSOsandotherconciserepresentationsf transitionsystems
with probabilities.)In this paper we further extend PSOsto
what we call extendedPSOs(EPSOs). An EPSOcanrep-
resentan exponentialnumberof PSOs andwe usethembe-
causedhey arecloselyrelatedto operatorsvith conditionalef-
fectscommonlyusedin Al planning.Apartfrom generating
the statespaceof a POMDR the operatorscancorveniently
betakento betheactionsof the POMDR

Definition 3 (Extendedprobabilistic STRIPS operators)
An extendedprobabilisticSTRIPSoperatoiis a pair (C, E),
whee C is a Booleancircuit and E consistsof pairs {c, f),
whee ¢ is a Booleancircuit and f is a setof pairs (p, e},
whee p €]0..1] is a real numberand e is a setof literals
sud thatfor every f the sumof the probabilitiesp is 1.0.

For all {c1, f1) € E and(cs, f2) € E, if e; contradicts
eo for some(p;,e1) € f1 and(p2,e2) € fo, thenc; must
contradictcs.

This definition generalize$SOsby not requiringthatthe
¢s of members(c, F') of E arelogically disjoint and their
disjunctionis a tautology Hencein EPSOsthe effectsmay
take placeindependentlyf eachother Someof thehardness
proofsgivenlaterwould bemorecomplicated-assuminghat
they arepossible-if we hadto restrictto PSOs.

Theapplicationof an EPSCQis definediff the precondition
C is truein the currentstate. Thenthefollowing takesplace
for every {c, f) € E. If cistrue,oneof the(p,e) € f is
chosengachwith probabilityp, andliteralse arechangedo
true.

Example2.2 Let

0= <T,{ P, <107{_'p1})})7

(
(=p1, {(1.0,{m 1 }),
(
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Now o is an EPSObut not a PSObecausdhe antecedents
p1,—P1, P2, P2, - - - arenotlogically disjoint. A setof PSOs
correspondingo o hascardinalityexponentialonn. |

Rewardsareassociatedvith actionsandstates.Whenan
actionis takenin an appropriatestate,a reward is obtained.
For everyaction,thesetof stateghatyieldsa givenrewardis
representetly a Booleancircuit.

Definition 4 (ConcisePOMDP) A concisePOMDP over a
set P of statevariablesis a tuple{I, O,r, B) whee I is an

initial state(assignmenf — {T, L}), O is a setof EPSOs
representinghe actions,andr : O — C x R associates
Booleancircuit and a real-valuedreward with every action,
and B C P isthesetof observablestatevariables.

Having a setof variablesobsenable— insteadof arbitrary
circuits/formulae-is notarestriction.Assumehatthevalues
of a circuit areobsenable(but theindividual input gatesare
not.) We could make every EPSOevaluatethe value of this
circuitandsetthevalueof anobsenablevariableaccordingly

Definition 5 (ConciseMDP) A conciseMDP is a concise
POMDPwith B = P.

Definition 6 (ConciseUMDP) A conciseUMDP is a con-
cisePOMDPwith B = {).

2.3 ConciseRepresentationof Policies

We considerhistory/time-dependerand stationarypolicies,
and do not make a distinction betweenhistory and time-
dependentbnes. Traditionally explicit (or flat) represen-
tations of policies have been consideredin researchon
MDPs/POMDPs:eachstateor belief stateis explicitly as-
sociatedwith anaction. In our setting,in which the number
of statesanbeveryhigh,alsopolicieshaveto berepresented
concisely Like with conciserepresentationsf POMDPS,
thereis no directconnectiorbetweerthe size of a concisely
representegolicy andthe numberof statesof the POMDP

A concisepolicy could,in themostgenerakase peapro-
gramin a Turing-equvalent programminglanguage. This
would, however, make mary questionsconcerningpolicies
undecidableTherefordesspowerful representationsf poli-
cieshaveto beused.A concisepolicy determineshecurrent
actionbasedon the currentobsenation andthe pasthistory.
We divide this to two subtaskskeepingtrack of the history
(maintainingtheinternalstateof the executionof thepolicy),
andmappingthe currentobsenationandtheinternalstateof
the executionof the policy to an action. The computation
neededn applyingoneoperatoris essentiallya statetransi-
tion of a conciselyrepresentefinite automaton.

A sensiblerestrictionwould be thatcomputatiorof theac-
tion to be taken andthe new internalstateof the policy ex-
ecutionis polynomialtime. An obvious choiceis the use
of Booleancircuits, becausehe circuit value problemis P-
complete(one of the hardestproblemsin P.) Work on algo-
rithms for concisePOMDPsandAl planninghave not used
this general policy representatiorfut for our purposeshis
seemslike a well-foundedchoice. Relateddefinitions of
policiesasfinite-statecontrollershave beenproposedcarlier
[Hansen1998;Meuleauet al., 1999;Lusenaetal., 1999.

Definition 7 (Concisepolicy) A concisepolicy for aconcise
POMDP M = (I,O,r, B) is atuple(T, C,v) wheeT is a
Booleancircuit with | B| + p input gatesand p outputgates,
C isaBooleancircuitwith | B| + p inputgatesand[log, | O]
outputgatesandv is a mappingfrom{1,...,p} to{L, T}.

The circuit T encodesthe changein execution statein
termsof theprecedingtateandthe obsenablestatevariables



| stationary
UMDP | PSRACE-hard,n EXP (L8,9) | undecidable
MDP EXP(T11) EXP(C12)
POMDP | NEXP (T13) undecidable

Table1: Compleity of policy existencewith referencego
thelemmatatheoremsandcorollaries.

B. Thecircuit C' encodesheactionto betaken,andv gives
theinitial stateof the execution. The integer p is the num-
ber of bits for the representationf the internal stateof the
execution.Whenp = 0 we have a stationarypolicy.
Thecompleity resultsdo not deeplyrely onthe exactfor-

mal definition of policies. An importantpropertyof the def-
inition is thatonestepof policy executioncanbe performed
in polynomialtime.

3 Complexity Classes

Thecompleity classP consistof decisionproblemshatare
solvablein polynomialtime by a deterministicTuring ma-
chine. NP is the classof decisionproblemsthataresolvable
in polynomialtime by a nondeterministicTuring machine.
C¢ denotesthe classof problemsthat is definedlike the
classC; exceptthat Turing machineswith an oraclefor a
problemin C; areusedinsteadof ordinaryTuring machines.
Turingmachinesith anoraclefor aproblemB mayperform
testsfor membershipn B for free. A problemL is C-had
if all problemsin the classC are polynomialtime many-one
reducibleto it; thatis, for all problemsL’ € C thereis a
function fr, computablén polynomialtime onthesizeof its
inputand frr(z) € L if andonlyif z € L'. A problemis
C-completef it belongsto the classC andis C-hard.

PSRACE istheclassof decisionproblemssolvablein deter
ministic polynomialspace EXP s theclassof decisionprob-
lems solvable in deterministicexponentialtime (O(27(™)
wherep(n) is a polynomial.) NEXP is the classof decision
problemssolvable in nondeterministiexponentialtime. A
more detaileddescriptionof the compleity classescan be
foundin standardextbookson compleity theory for exam-
ple by Balcazretal. [199].

4 Complexity Results

Table 1 summarizesthe compleity of determining the
existenceof stationaryand history-dependenpolicies for
UMDPs, MDPs and POMDPs. In the averagerewardscase
the existenceof history-dependergndstationarypoliciesfor
MDPs coincide. The undecidabilityof UMDP andPOMDP
policy existencewith history-dependenpolicies of unre-
strictedsizewasshovn by Madanietal. [1999. Theresult
is basedon the emptinesgproblemof probabilisticfinite au-
tomata[Paz,1971;CondonandLipton, 1989 thatis closely
relatedto theunobserableplanexistenceproblem.
Theresultsdo not completelydeterminghe complexity of
theUMDP stationarypolicy existenceproblem but asthesta-
tionary UMDP policiesrepeatediyapply onesingleoperatoy
the problemdoesnot seemto have the power of EXP. It is
alsonottrivial to shav membershipn PSIACE.

| history-dependent Therestof thepaperformally stategheresultssummarized

in Table1 andgivestheir proof outlines.

Lemma 8 Existenceof a policy with average reward r >
¢ for UMDPs, MDPs and POMDPswith only oneactionis
PSFACE-had.

Proof: It is straightforvardto reduceary decisionproblem
in PSRACE to the problem.This is by constructinga concise
UMDP/MDP/POMDPwith only oneactionthat simulatesa
polynomial-spaceéeterministicTuring machinefor the prob-
lemin question.

There are statevariablesfor representinghe input, the
workingtape,andthestateof the Turingmachine.TheEPSO
that representghe only actionis constructedo follow the
statetransitionsof the Turing machine.Thesizeof theEPSO
is polynomialon the sizeof theinput. Whenthe machineac-
cepts,it is restarted.A rewardr > c is obtainedaslong as
themachinehasnotrejected If themachinerejectsall future
rewardswill be 0. Therefore|f the Turing machineaccepts
theaveragerewardis r, andotherwiseit is O. O

Therearetwo straightforvardcompleity upperboundsre-
spectvely for polynomialsizeandstationarypolicies. Poly-
nomial size policies can maintain at most an exponential
numberof differentrepresentationsf the pasthistory and
henceanexplicit representationf theproductof the POMDP
andthe possiblehistorieshasonly exponentialsize,justlike
the POMDP statespacealone. Stationarypolicies, on the
otherhand,do notmaintainahistoryatall, andthey therefore
encodeat mostan exponentialnumberof differentdecision
situationspnefor each(obsenable)stateof a (PO)MDP For
the unrestrictedsize partially obsenablenon-stationarycase
thereis no similar exponentialupperbound,andthe problem
is notdecidable.

Lemma9 Letc bea real number Testingthe existenceof a
poly-sizeMDP/UMDP/POMDPpolicy with avelage reward
r > cisin EXP

Proof: Thiscomputatiorhascompleity NPEXP = EXP, that
correspondgso guessinga polynomialsize policy (NP) fol-
lowedby the evaluationof the policy by anEXP oracle.Pol-
icy evaluationproceedsasfollows. Producethe explicit rep-
resentatiorof the productof the POMDPandthe statespace
of thepolicy. They respectiely have sizes2?*(*) and2r>()
for somepolynomialsp; (z) andp»(z). Theproductwhichis
aMarkov chainandrepresentthe statesthe POMDPandthe
policy executioncanbein, is of exponentiakize2?: (2)+r2(z),
Fromthe explicit representationf the statespaceonecan
identify the recurrentclassesn polynomialtime, for exam-
ple by Tarjan'salgorithmfor stronglyconnecteddomponents.
The probabilitiesof reachingthe recurrentclassescan be
computedn polynomialtime on the sizeof the explicit rep-
resentatiorof the statespace.The steadystateprobabilities
associategvith thestatesn therecurrentlassesanbedeter
minedin polynomialtime by solvinga setof linearequations
[Nelson,1994. Theaveragerewardscanbeobtainedn poly-
nomialtime by summingthe productsof the probabilityand
rewardassociateavith eachstate.Henceall the computation



is polynomialtime ontheexplicit representationf the prob-
lem, andthereforeexponentiatime onthesizeof the concise
POMDPrepresentatiorgndthe problemis in EXP. |

Lemma10 Letc bearealnumberTestingtheexistenceof a
stationaryMDP/UMDP/POMDPpolicywith average reward
r > ¢isin NEXP Thepolicy evaluationproblemin this case
isin EXP

Proof: First a stationarypolicy (potentially of exponential
size as every statemay be assigneda different action) is
guessedwhichis NEXP computation.

The restof the proofis like in Lemma9: the numberof
stateghathave to be considereds exponential,andevaluat-
ing the value of the policy is EXP computation.Hencethe
wholecomputatioris in NEXP. a

Theorem11 Letc bea realnumber Testingthe existenceof
an arbitrary stationarypolicy with average reward r > ¢ for
a MDP is EXP-complete

Proof: EXP-hardnesss by reductionfrom testingthe exis-
tenceof winning stratgies of the perfect-information(fully
obsenable)gameG, [StockmegerandChandral1979. This
gamewas usedby Littman [1997 for showing that finite-
horizonplanningwith sequentiakffecttreesis EXP-hard.

G4 is a gamein which two playerstake turnsin chang-
ing thetruth-valuesof variablesoccurringin a DNF formula.
Eachplayer can changehis own variablesonly. Who first
malkesthe formulatrue haswon. For 2n variablesthe game
is formalizedby n EPSOsgachof which reverseghe truth-
valueof onevariable(if it is theturn of playerl) or reverses
thetruth-valueof arandomlychosenvariable(if it is theturn
of player2.) Reward 1 is normally obtainedbut if the DNF
formulaevaluatego trueafterplayer2 hasmadehismove, all
subsequentewardswill be0. Thiswill eventuallytake place
if the policy doesnot representa winning strateyy for player
1, andtheaveragerewardwill hencebe0. Thereforethe ex-
istenceof awinning stratagy for playerl coincideswith the
existenceof a policy with averagereward1.

EXP memberships by producingthe explicit exponential
sizerepresentationf the MDP, andthenusing standardso-
lution techniquesbasedon linear programming[Puterman,
1994. Linearprogrammings polynomialtime. O

Corollary 12 Letc be a real number Testingthe existence
of anarbitrary history-dependengolicy with averiage reward
r > ¢ foraMDP is EXP-complete

Proof: For fully obsenable MDPs and policies of unre-
strictedsize,the existenceof arbitrarypolicieswith a certain
valuecoincideswith the existenceof stationarypolicieswith
thesamevalue. O

Theorem 13 Letc bea realnumber Testingthe existenceof
an arbitrary stationarypolicy with average reward » > ¢ for
a POMDPis NEXP-complete

Proof: Membershign NEXP is by Lemmal0. For NEXP-
hardnessve reducethe NEXP-completesuccinct3SAT [Pa-
padimitriouandYannakakis1984 to concissPOMDPs.The
reductionis similar to the reductionfrom the NP-complete
3SAT in [Mundhenketal., 2000, Theoremé4.13. Their The-
orem4.25claimsa reductionof succinct3SAT to stationary
policiesof POMDPsrepresentedscircuits.

The reductionworks asfollows. The POMDP randomly
chooseone of the clausesand makesthe propositionof its
first literal obsenable (the statevariablesrepresentinghe
propositiontogethemwith two auxiliary variablesarethe only
obsenable statevariables). The stationarypolicy obsenres
the propositionandassignst a truth-value. If theliteral be-
cametrue, evaluationproceedsith anotherclauseandoth-
erwisewith thenext literal in theclause Becausg¢hepolicy is
stationarythe sametruth-valuewill be selectedor the vari-
ableirrespectve of the polarity of the literal andthe clause.
If noneof theliteralsin the clauseis true, the reward which
hadbeenl sofarwill onall subsequertime pointsbe0.

The succinct3SAT problemis representeds circuits C
that map a clausenumberanda literal location (0, 1, 2) to
theliteral occurringin the clausein the given position. The
POMDP usesthe following EPSOsthe applicationorder of
which hasbeenforcedto the given orderby meansof aux-
iliary statevariables.The first EPSOselectsa clauseby as-
signingtruth-valuesto statevariablesrepresentinghe clause
number The secondEPSOcopiesthe numberof the propo-
sitionin the currentliteral (first, secondor third literal of the
clause}o obsenrablevariablesThethird andfourthEPSCOre-
spectvely selecthetruth-valuetrueandfalse(thisis theonly
placewherethe policy hasa choice.)Thefifth EPSOchecks
whetherthetruth-valuematchesandif it doesnotandthelit-
eralwasthelastone,therewardis turnedto O. If it doesthe
executioncontinuesrom the first EPSO,and otherwise the
literal wasnot the lastoneandexecutioncontinuesrom the
second=EPSOandthenext literal. d

5 Conclusions

We have analyzedthe compleity of probabilisticplanning
with averagerewards,andplacedthe mostimportantdecid-
able decisionproblemsin the compleity classesEXP and
NEXP Earlierit hadbeenshavn thatwithoutfull obsenabil-
ity themostgenerabpolicy existenceproblemsarenotdecid-
able. Theseresultsarenot very surprisingbecauséhe prob-
lems generalizecomputationalproblemsthat were already
known to be very complex (PSRACE-hard),like plan exis-
tencein classicableterministicAl planning.Also, theseprob-
lems are closely relatedto several finite-horizonproblems
thatwere earliershavn EXP-completeand NEXP-complete
[Mundhenket al., 2004. Theresultsarehelpfulin devising
algorithmsfor average-revard planningaswell asin identi-
fying further restrictionsthat allow more efficient planning.
As shovn by Lemma9, polynomial policy size bringsthe
compleity down to EXP, alsoin the otherwiseundecidable
cases.Therearelikely to be usefulstructuralrestrictionson
POMDPsthat could bring down the compleity further Re-
strictedbut usefulproblemsin PSRACE would be of highin-
terest.
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