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Albert-Ludwigs-UniversiẗatFreiburg, Institut für Informatik

Georges-K̈ohler-Allee, 79110Freiburg im Breisgau
Germany

Abstract

During the past several years, AI planning has
mademajorstepsforward in termsof thesizeand
difficulty of problemsthat can be solved. In this
article we give an overview of the techniquesthat
have beenpartof therecentdevelopments.Instead
of concentratingon individual planningsystems,
we review the underlyingprinciplesbehindmany
of thesuccessfulplanners.Mostof theoverview is
devotedtoclassicalplanning,thatis fully determin-
istic planningwith oneinitial state,andwediscuss
moregeneralformsof planningonly briefly in the
endof thearticle.

1 Intr oduction
Researchon AI planninghadconcentratedon the so-called
non-linearor partial-orderplanningalgorithms(seefor ex-
ample[McAllesterandRosenblitt,1991]) until the introduc-
tion of the Graphplanalgorithmin 1995by Blum andFurst
[1997]. Thisalgorithmhadtwo characteristicsthatseparated
it from earlierones: it finds plansof a fixed length(that is
incrementallyincreaseduntil a plan is found), and it uses
reachabilityinformation for pruning the searchtree. These
differencesbroughttheperformanceof Graphplanto a level
notseenin connectionwith earlierplanners.

The successof Graphplanled the researchcommunityto
lookattechniquesoutsidethetraditionalAI planningtoolbox.
Soonafter the introductionof GraphplanKautzandSelman
demonstratedthat a generalpurposesatisfiabilityalgorithm
can in many casesoutperformGraphplanand other algo-
rithmsspecificallydesignedfor AI planning[KautzandSel-
man,1996]. This motivatedresearchersto investigatetrans-
lating planningto other computationalproblemsand using
solversfor themin finding plans. More recently, Bonetand
Geffner'sHSPplanners[BonetandGeffner, 2001], whichuse
plain forwardor backwardchaining,have showedvery good
performanceonmany benchmarkproblems,andincreasedin-
terestin heuristicsearchasa planningtechnique.

In thisarticlewediscussthebasicideasrelatedto someof
themoreinterestingrecentapproachesto planning.First we
discussthe constraint-basedmodelthat includesthe Graph-
plan andthe satisfiabilityplanningapproaches,amongoth-
ers (Section2). We identify the explicit representationof

fluent valuesat all time points as one of the propertiesof
the recentwork that separatesit from pre-Graphplanplan-
ners. This representationmakesit easyto combinethe ba-
sicplanningalgorithmwith differentkindsof constraintsthat
speedup plan search,for examplereachabilityinformation
anddomain-specificcontrol information(Section3), andto
handleparalleloperatorapplicationefficiently.

The constraint-basedmodel of classicalplanningallows
plansearchin severalalternativeways.Themainapproaches
havebeenbackwardchaining,asin theGraphplanalgorithm,
andgeneralconstraintsolving,asexemplifiedby thesatisfi-
ability planningapproach.The latter algorithmsoften need
far lesssearchthanbackwardchaining,but thereis a costto
pay: theamountof computationpersearchtreenodeis often
muchhigherthanin a backwardchainingplanner. Depend-
ing on the type of probleminstanceat hand,the reduction
in thesearchtreesizemaydramaticallyoutweightthemore
expensive computation,andin othertypesof problems,not
muchaffect the searchtreesizeandleadto an inferior per-
formance. Of course,asymptoticallyas probleminstances
getbigger, any additionalpolynomialtime computationthat
leadsto asufficientreductionin thedepthor branchingfactor
of thesearchtreesis beneficial,but thismightnotshow up in
problemsof thesizethatcanbepracticallysolved.

Distanceheuristicshaverecentlycaughttheattentionof the
researchcommunity, andwediscusssomeof thework in Sec-
tion 4. The techniquescomputeapproximatedistancesbe-
tweenstates,which helpsin operatorselection.For many of
thebenchmarkproblemsusedby theresearchcommunity, the
heuristicsgiveaverygoodestimateof thedistances,andplan
searchevenwith a plain forwardor backwardchainingalgo-
rithm canbevery efficient. On someof thecommonlyused
benchmarkproblems,the problemsthat have beensolved
this way have beenfar bigger than thosesolvable for ex-
amplewith Graphplanor satisfiability planning. However,
theseheuristicplannershave beenmostsuccessfulin finding
non-optimalsolutionsto computationallyeasy(polynomial
time) planningproblems,andthe situationmay be different
whenoptimal (shortest)solutionsareneededandin connec-
tion with computationallymore difficult problems(that are
NP-hardor PSPACE-hard)thatinherentlyrequiresearch.

A strandof researchthat is basedon a different way of
exploringstatespacesusesorderedbinarydecisiondiagrams
(OBDDs)andis discussedin Section5. Sofar, OBDD-based



algorithmsfor classicalplanninghave beenrathergood on
certain� benchmarks,but they alsohave hadseriousproblems
with memoryconsumption,which is an inherentproblemof
OBDDs. Theremay be planningproblemswheresymbolic
breadth-firstsearchasusedby OBDD-basedplannerswould
outperformotherapproachesto classicalplanningdiscussed
in this article, but it seemsthat the main applicationsarein
themoregeneralformsof planningthatarediscussedin the
lastsectionof thearticle.

Section6 concludesthe overview by a brief discussion
of algorithmsfor more generalplanning problemsinvolv-
ing uncertaintyand incompleteinformation. This kind of
planning is neededwhen there are more than one initial
stateandwhen the operatorsand the environmentarenon-
deterministic. Many of the recenttechniquesfor classical
planningcanbegeneralizedto thissetting,but thealgorithms
haveadistinctlydifferentflavor asthenotionof plansis more
generalthanin classicalplanning.

2 Planning asa constraint satisfaction
problem

Many of therecentplanningalgorithmsandtranslationalap-
proachesto planninglook for plansof agivenlength � thatis
increasedstepby stepuntil aplanis found.Doingplansearch
in thiswayhasseveralbenefits.First,shortestplans(in terms
of pointsof time)arefound.Second,thedescriptionsof both
theinitial andthegoalstatescanbeusedfor effectively infer-
ring fluent valuesat different time points, therebyreducing
exhaustive search.In this sectionwe formalizeplanningin
thissetting,aswell asdiscussdifferentsearchtechniquesand
waysof constrainingthesearchproblemsfurther.

Planoperatorsarepairs
�������
	

where
�

(thepreconditions)
and

�
(the effects)aresetsof literals, that is atomicfluents

or negationsof atomic fluents. Sometimes
�

is restricted
to atomic fluents. Fluentsare often called statevariables
or facts,and they assumedifferent valuesat different time
points. An operatorcan be appliedif its preconditionsare
true, andasa result the effectsbecometrue. More general
definitionsof planoperatorscanbegiven, for examplewith
arbitraryformulaeaspreconditions,andso-calledconditional
effectsin whichthesetof fluentsthatchangeis dependenton
the truth of someformulae. Most plannerstake schematic
plan operators(parameterizedby the domainobjects)as in-
put, but transformthem to setsof operatorslike described
above.

2.1 Parallelism
An operatorapplicationin generalmeansthat theeffectsbe-
cometrue andother, unaffectedfluentspreserve their truth-
values.However, it is notnecessaryto restrictto oneoperator
applicationat a time: severaloperatorscanoftenbeapplied
in parallel.This mayreducetheplanningeffort substantially
becauseseparatelyconsidering��� different(but behaviorally
equivalent)orderingsof � mutuallyindependentoperatorsis
avoided.

Theparallelapplicationof operatorsis well-definedwhen
theoperatorsdonot interact.Thismeansthattheresultof ap-
plying theoperatorsin any orderis possibleandhasthesame

effect. A sufficient conditionfor this is that theoperatorsdo
nothavecontradictoryeffectsandnoneof theoperatorsfalsi-
fiesthepreconditionsof any other. Allowing parallelapplica-
tion still moreliberally is possible,andthis sometimesleads
to evenmoreefficientplanning[Dimopoulosetal., 1997].

2.2 Constraints on consecutive fluent values
Fromtheabove descriptionof (parallel)operatorapplication
thefollowing characterizationof possiblesequencesof oper-
atorapplicationscanbederived. For a giveninitial state,the
applicationof a sequence�� � �� ��������� ������ of setsof op-
eratorsdeterminesthe fluent valuesat time points � ��������� � .
This can be viewed as a model � that is a sequenceof
propositionalmodels,one for eachtime point. The truth
of a propositionalformula � or a setof formulae � at � is
denotedby � �  "!#� . The applicationof operators�!$ %&��� � ��� � 	��������������(')���*'�	,+ at � mustsatisfythefollowing.

1.
�.-,/���0

is consistentfor all
%�1,�324+657%&89����������:;+

suchthat1�< 2 .
2. �=�  ! � - for all

1?>;%&89����������:;+
.

3. �=�  "!A@ � �*- for all
1?>;%&89���������B:C+

.

4. If anatomicfluent D occursnowherein
� � /FE�E�EG/C�H' ,

then �I�  ! D if f �=�  !A@ �JD .
The planningproblemcan now be describedas follows.

Find a model � (andsets �� ��������� ��K�L� ) that satisfiesthe
conditions1-4, andsatisfies� �  "�NM for the formula M de-
scribingthe initial state,andsatisfies� �  �PO for the for-
mula O describingthegoals.Thereis such � if andonly if
thereis aplanof length � .

Considertheproblemof moving object  from room1 to
room3 throughroom2, andobject Q from room2 to room
1. We assumethat therearethreepointsof time, andhence
two setsof paralleloperatorscanbeappliedrespectively at0
and1. In Figure1 on theleft thedescriptionof theplanning
problemis shown, andon the right oneof the two solutions
with 3 time steps.Thecorrespondingplanconsistsof oper-
atormove(A,R1,R2)at time 0 andoperatorsmove(A,R2,R3)
andmove(B,R2,R1)at time1.

2.3 Search techniques
Planningproceedsby trying to find plans of length �R � ��89�,SK������� until a planis a found. Severalapproachesto plan
searchhavebeenproposed.

1. The Graphplanalgorithmwhich usesbackward chain-
ing (regression)startingfrom thedescriptionof thegoal
states[Blum andFurst,1997].
This correspondsto selectingthe operatorsin the or-
der  ���L� �  ���.T ���������  � �  � . To reducetheamountof
search,Graphplanusesmemoization:informationfrom
failedsubgoalsarerecordedsothatisomorphicsubtrees
of thesearchtreewill notbetraversedseveraltimes.

2. Translationto the satisfiabilityproblemof the classical
propositionallogic [KautzandSelman,1996] (satisfia-
bility planning.)
Thedescriptionsof thegoalandtheinitial statesaswell
as the conditions1-4 are translatedinto propositional
logic, andplansarefoundby asatisfiabilityalgorithm.



time �
fluentU 0 1 2
at(A,R1) T
at(A,R2) F
at(A,R3) F T
at(B,R1) F T
at(B,R2) T
at(B,R3) F
operators 0 1
move(A,R1,R2)
move(A,R2,R3)
move(A,R3,R2)
move(A,R2,R1)
move(B,R1,R2)
move(B,R2,R3)
move(B,R3,R2)
move(B,R2,R1)

time �
fluent 0 1 2
at(A,R1) T F F
at(A,R2) F T F
at(A,R3) F F T
at(B,R1) F F T
at(B,R2) T T F
at(B,R3) F F F
operators 0 1
move(A,R1,R2) Y N
move(A,R2,R3) N Y
move(A,R3,R2) N N
move(A,R2,R1) N N
move(B,R1,R2) N N
move(B,R2,R3) N N
move(B,R3,R2) N N
move(B,R2,R1) N Y

Figure1: Therepresentationof a planningproblemin termsof thefluentvaluesat differenttime points,anda solutionto the
problemthatcorrespondsto a plan.Y in column � meansthat V > �! andN that V <> �! .

3. Translationto otherNP-hardcomputationalproblems.
Several alternatives have beentried out, and the effi-
ciency with bestsolvers is often at the sameorder of
magnitudeas with satisfiability algorithms. Someof
theseincludeintegerprogramming[Vossenetal., 1999;
KautzandWalser, 1999], mixedintegerlinearprogram-
ming [Wolfman andWeld, 1999], nonmonotoniclogic
programming[Dimopoulosetal., 1997], andCSPs[van
BeekandChen,1999].

4. Directsolutionby aspecializedconstraintsolver [Rinta-
nen,1998]. In contrastto the translationalapproaches,
planning-specificpropertiesof the problem instances
may be taken advantageof and memoryconsumption
is muchlower.

Finding plansin all theabove approachescanbe spedup
by constrainingthesearchproblemsfurther. Differenttypes
of declarativecontrolinformationarediscussednext.

3 Declarativecontrol information
Many planningalgorithmswork by incrementallymakinga
descriptionof aplanmorecomplete,andthey backtrackwhen
it turns out that the current incompleteplan cannotbe ex-
tendedto a full plan. It is critical to prunethe searchtree
by reducingthe numberof consecutive backtrackingpoints
(thedepthof thesearchtree)andthedegreeof backtracking
points(branchingfactor).Linearreductionin eitheryieldsan
exponentialreductionin searchtreesize.

Thereare many typesof declarative control information
that help reducingsearcheffort. Somecontrol information,
most notably invariantsand planninggraphs(Section3.1),
contribute to detectingthe impossibility of extendingan in-
completeplanto a full plan,but do not affect thesetof pos-
sible plans. Other forms of information, for examplecon-
straintsderived from symmetries(Section3.2) anddomain-
specificconstraintson operatorsequences(Section3.3), re-
ducethe set of possibleplans,but do not make a solvable

probleminstanceunsolvable.

3.1 Invariants and planning graphs
An importantform of controlinformationthatcanbederived
from theoperatordefinitionsandtheinitial stateis invariants.
Invariantsare formulaethat are true in the initial stateand
arepreservedby theapplicationof everyoperator, andconse-
quentlythey aretrue in all statesthatarereachablefrom the
initial state.

Invariantsareusefulbecausethey characterizethe set of
reachablestatesof the planningproblem. If a (possiblyin-
complete)descriptionof a stateviolatesan invariant,it can-
not be reachablefrom the initial state,and for examplea
backwardchainingplannershouldrejectthatkind of subgoal.
Similarly, an incompletedescription� of statescanbe ex-
tendedby usinginvariants:if �=�  "!XW holdsand YZW�[]\ is an
invariant,then �=� ! \ musthold.

Theconnectionto reachabilityleadsto iterativealgorithms
for computinginvariants[Blum and Furst, 1997;Rintanen,
2000]. Thesealgorithmsiteratively computesetsof formu-
lae that describean upperboundof the setsof statesthat
are reachablewith an increasingnumberof operatorappli-
cationsfrom theinitial state.Whentheupperboundchanges
no more, the formulaeare invariants. Blum and Furst use
theintermediatestagesof the invariantcomputationfor con-
structingplanninggraphs,which are useful in speedingup
backward-chainingplanningalgorithms,like Graphplan.

3.2 Symmetries
Many planningproblemsinvolveinterchangeableobjectsthat
causestatespacesto be highly symmetric. For example,a
transportationproblemwith two identicalvehiclesA andB
that are initially at the samelocation is symmetricwith re-
spectto A andB: for all plansthe rolesof A andB canbe
exchangedwithoutaffectingthecorrectnessof theplans.

Theexistenceof symmetriesallowsthereductionof search
effort. If aplannerhasdeterminedthatsolvingacertainprob-
lem with vehicleA is not possible,it is not necessaryto try



to solve the sameproblemwith vehicleB, and therebythe
amountU of work is halved. The recognitionof symmetries
mayexponentiallyreducethesearcheffort asthenumberof
interchangeableobjectsincreases.

Joslin and Roy [1997] give an algorithm that detects
symmetriesin schematicrepresentationsof planningprob-
lems.Thealgorithmis basedon recognizingautomorphisms
in graphs. From the detectedsymmetriesone can infer
symmetry-breakingconstraintsthatpreventredundantwork.

3.3 Domain-dependentcontrol rules
Domain-independentplannersareoftennot capableof solv-
ing certainclassesof problemsefficiently, even when very
effective domain-dependenttechniquesexist. Strategiesfor
solving suchproblemscan often be expressedas domain-
dependentcontrol rulesthatcanbeinterpretedby a domain-
independentplanner. Early work on suchcontrolrulesrelied
on proceduraland plannerdependentrepresentations.Re-
cently, BacchusandKabanza[2000] haveadvocatedadeclar-
ative approachto controlinformationthatusestemporallog-
ics.

In classicalplanninganinitial stateanda plandeterminea
sequenceof truth-assignmentsto thefluents,which is essen-
tially asemanticmodelin alineartemporallogic. A temporal
logic formulacanthereforebeseenasexpressingproperties
of thedesiredplans. If it is requiredthat the formula is true
in the model correspondingto a plan, the possiblechoices
of operatorscanbe restricted.This may speedup planning
considerably.

BacchusandKabanzapresenteda procedurefor interpret-
ing temporallogic formulaewithin asimpleforward-chaining
planner. Theprogressionproceduretakesasinputastate(the
currenttime point) anda formula,andevaluatestheformula
with respectto the currentfluent values(this evaluationis
only partial becausethe truth of the formula in generalde-
pendsonfuturefluentvalues),andderivesanew formulathat
thenext time point hasto satisfy. This formulais usedin se-
lectingthenext operator:if thestateobtainedby applyingan
operatorcannotsatisfytheformula,thatoperatoris rejected.

A formula for a transportationproblemcould statethat a
vehiclemuststayatagasstationuntil its tankis full.^

at̂
A_.�a`cbLd

gasstation̂
e`cbBbgfh^

at̂
A_.�a`cbji

fulltank
^A_KbBb

Here
i

is theoperatoruntil. In a statein which thevehicle
is at the gasstationand its tank is not full, the progression
algorithmproducesthefollowing formula.

at̂
j_(�B`Kbki

fulltank
^j_�b

Whentheplannerconsidersanoperatorthattakesthevehicle
away from the gasstationwithout filling the tank, the pro-
gressionalgorithmdetectsthe violation of the formula, and
theoperatormustberejected.

4 Domain independentdistanceheuristics
Thebasicideaof heuristicsearchcanbedescribedasfollows.
Deriveanestimationfunction,aheuristic,thatassignsto each
searchstatea valueindicatinghow goodthatstateis. Then,

duringsearch,favor thosestatesthatseemto bebest.Thedif-
ficulty in applyingthis to domainindependentplanninglies
in thederivationof theheuristic.

Thecurrenttechniquesto deriveheuristicsfor planningare
basedonthenumberof operatorsthatareneededfor reaching
the goals. Solving this problemexactly is computationally
very difficult, and the techniquesarebasedon relaxing the
problem � at handinto a simpler problem �6l that can be
solvedefficiently. Thesolutioncanbeusedfor estimatingthe
difficulty of � .

A straightforward way to relax a planningproblemis to
ignorethe negative effectsof all operators.This relaxation
hasbeenproposedby Bonetet al. [1997]. Computingthe
optimalrelaxedsolutionlength,whichwouldyield anadmis-
sible heuristic,is NP-hard[Bylander, 1994], so Bonetet al.
introduceda methodfor approximatingthat length.Facinga
searchstate m , initialize the weightsof all fluentsin m to � ,
andthatof all otherfluentsto n . Thenapplyall operators.
For eachoperatorwith preconditions

�
that addsa fluent D ,

updatetheweightof D to
o �H13`Kp � ^ D b?q  :$1 � ^ o �H13`cp � ^ D br� o ��13`cp � ^��.bLs78Hbr�

Iteratetheupdatesuntil theweightvaluesof all fluentshave
reachedtheir fixpoint. It is assumedherethatoperatorshave
only positive preconditions.Theweightof a setof fluentsis
definedasthe sumof the individual weights. The difficulty
of thestatecanbeestimatedaspX^ m btq  o �H1k`cp � ^kuZbr�
Here,

u
denotesthegoalstateof theproblemat hand.Bonet

andGeffner usethis estimationprocessin all versionsof the
HSP system[BonetandGeffner, 2001]. A variationof the
process,takinginto accountpositiveinteractionsbetweenthe
fluents,hasrecentlybeenproposedby Hoffmann[2000].

In differenceto theabove estimationprocesses,goingfor-
ward from a statetowardsthe goal, one can also estimate
backwards, from the goal to the current state. Such ap-
proacheshave beenproposedby McDermott[1996] andRe-
fanidisandVlahavas[2000].

4.1 Planning with heuristics
Heuristic plannersbasedon ignoring negative effects have
achievedextremelycompetitive runtimebehavior on a lot of
the commonlyusedbenchmarkplanningdomains. At the
AIPS-2000 planningsystemscompetition,four out of five
awardedfully automaticplannerswerebasedon, or at least
incorporating,that approach[BacchusandNau, 2001]. All
of thoseplannersusethe samenaive searchparadigm,state
spacesearch.Theirsuccessis apparentlydueto thequalityof
theirheuristicsonmany of thecurrentplanningbenchmarks.
The openquestionis how onecandevelop heuristicsearch
algorithmsthat work well on planningproblemswhereig-
noringnegativeeffectsyieldsestimatesof lessquality.

5 Planning with orderedbinary decision
diagrams

Orderedbinarydecisiondiagrams[Bryant,1992] have been
extensively usedin computer-aidedverification,especiallyin
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Figure2: An OBDD

symbolicmodel-checking,that is formal verificationof tran-
sition systems(a communicationprotocol, a circuit, a pro-
gram)with respectto correctnessproperties.Theseproper-
tiesaretypically expressedin a temporallogic. If thetransi-
tion systemdoesnot have the desiredproperty, the model-
checker attemptsto producea counterexample,which is a
transitionsequencethatviolatestheproperty. Classicalplan-
ning is equivalentto themodel-checking(andcounterexam-
ple generation)problemrestrictedto safetypropertiesthat
say that stateswith a given undesiredpropertyshouldnot
be reachable. Thesestatescorrespondto the goal states
in planning,andthecorrespondingcounterexamples(transi-
tion sequences)areplans. Techniquesdevelopedfor model-
checkingarethereforedirectlyapplicableto AI planning,and
viceversa.

Model-checking(and AI planning)can be performedby
explicitly enumeratingthe statespaceandfinding transition
sequencesby algorithmsthat traversegraphs.However, the
numbersof statesin transitionsystemsare often high, and
explicit enumerationof thestatespaceis thereforeoftennot
possible. Algorithms that needto handlelarge statespaces
have to representthemimplicitly, for exampleasorderedbi-
narydecisiondiagrams[Bryant,1992].

Ordered binary decision diagramsprovide an efficient
canonicalrepresentationof Booleanfunctions.Two OBDDs
are logically equivalent if they are the sameOBDD. The
negationof anOBDD andtheconjunctionanddisjunctionof
two OBDDscanbecomputedrelatively efficiently. Because
of theseproperties,OBDDsareappliedin symbolicmodel-
checkingof transitionsystemsand in verifying the equiva-
lenceof combinatorycircuits.EventhoughOBDDsareoften
efficient, in morecomplex applicationstheir sizeandmem-
ory requirementsbecomeprohibitively high,andthis is their
maindrawback.

OBDDsarebasedontheternaryBooleanoperatorif-then-
else

1 � �g^����wv � �wv T b definedas
^��$dFv � b [ ^ Y �$dxv T b , where�

is a propositionalvariable. Any Booleanformula canbe
representedby usingthisoperatortogetherwith propositional
variablesandtheconstantstrueandfalse.Figure2 depictsan
OBDD for theformula

^ $[yQ bgdz^ QF[6{ b . Thenormalarrow
comingfrom a nodefor � correspondsto thecasein which� is true,andthedottedarrow thecasein which � is false.

5.1 Representationof transition systemsas
OBDDs

Theusefulnessof OBDDsin representingtransitionsystems
wasdiscoveredby MacMillan et al. at theCarnegie-Mellon
University in the end of 1980's. The transitionrelation of
the transitionsystemandthe setsof reachablestatescanbe
representedas OBDDs, and relevant operationson setsof
statescanbe performedby straightforwardOBDD manipu-
lation [Burchetal., 1994].

A transition relation expresseswhich combinationsof
truth-valuesarepossiblefor thefluentsin thepredecessorand
in thesuccessorstate.For example,thetransitionrelationfor
aplanoperatorV - with precondition

� � dJ� T d Y �(| andeffects� T � Y �.|G�j�(} is representedby

~ -  
precondition� ��� �� � d�� T d Y �.|�dJ^�� ��� � l � bBd

effects� �r� �� lT d Y � l| d�� l} dJ^��.� � � l� br�
that is, the preconditionandthe effectsaretrue,andfluents
not occurringin theeffectspreserve their truth-values.Here� � ���������k�(� representthe fluentsin the predecessorstateand� l � ���������k� l� representthefluentsin thesuccessorstate.Transi-
tion relation � for all � operatorsis ~ ��[ E�E�E [ ~ � .

Givenan initial state M that assignsa truth-valueto every
fluent or a description O of goal statesthat assignstruth-
valuesto someof the fluents,we are interestedin finding
out which statesarereachablefrom M andfrom which states
the statesO arereachable.For this the computationof im-
ages and preimages of setsof statesunder � are needed.
Here we use preimagecomputationsonly. The preimage
preimg� ^ m b of statesm under � is computedby first renam-
ing variables

�(-
to
� l- in m to obtain m�l , andthencomputing� � l � � lT E�E�Ek� l� ^ m�l d � b . Here

� �L�
means

��� ���r�c� [ ��� ���,�c� .
5.2 An OBDD-basedplanning algorithm
An OBDD-basedplannercanbeeasilyconstructedontheba-
sis of imageor preimagecomputation,andthe resultingal-
gorithm is a specialcaseof algorithmsfor model-checking
and constructionof counterexamples[Burch et al., 1994;
Clarke et al., 1994]. The traversalof the statespacecorre-
spondsto breadth-firstsearch,andthereis thechoicebetween
forward traversalstartingfrom the initial state M (by image
computations)andbackwardtraversalstartingfrom thegoal
statesO (by preimagecomputations).We discussthe back-
wardscaseonly. Below, the sets � - consistof statesfrom
whichsomestatein O is reachableby

1
operatorapplications

or less.

� �  O
� -  preimg� ^ � - ��� b�/ � - �L� � for

1���8
Thecomputationis terminatedwhen M > � - for some

1
. Now1

is the numberof operatorsneededfor reachingO from M ,
andaplanis asequenceof operatorseachof whichreachesa
statethatis onestepcloserto agoalstate.

� := M
for

2�q  1X��8
to � do

output V >�� suchthatapplying V in � yields � l > � 0� := � l



end for

Plannersbasedon variationsof state-spaceexplorationby
OBDDs asdescribedabove have beenpresentedby several
researchers.Thefirst onewasby Cimatti et al. [1997].

6 Conditional and probabilistic planning
The classicalplanningproblemconsideredin this overview
so far is a specialcaseof the problem of planning under
uncertaintyandincompleteinformation,often calledcondi-
tional planningor probabilistic planning. The former term
sometimesrefersonly to thespecialcasein which theexact
probabilitiesof possibleeventsareignored.

The more generalproblem arisesbecausethe world in
whichtheplansareexecutedis notcompletelyknownor can-
not be completelyobserved,andeventstaking placeduring
plan executionmay be nondeterministic.Becauseof these
properties,it is not in generalpossibleto determinebefore-
hand one single sequenceof operatorsthat would always
reachthe goals. Instead,the planshave to choosethe op-
eratorsduringexecutionbasedon theobservationsconcern-
ing theeventsthatactuallyhave takenplace.Suchplansex-
plicitly assignanoperatorto every possiblestate,or take the
form of a programin a simpleprogramminglanguagewith
operatorsasatomicstatementsandconditionalandloopstate-
ments,or, equivalently, asfinite automata.

Many of the recentalgorithmsfor conditionalandproba-
bilistic planningaregeneralizationsof algorithmsfor classi-
cal planningthat we have alreadydescribed.In this section
webriefly discusssomeof themainapproaches.

6.1 Planning with ordered binary decision
diagrams

OBDDshavesuccessfullybeenusedfor classicalplanning,as
discussedin Section5, but their benefitsfully show up when
a lot of uncertaintyandincompletenessis involved.

Cimatti et al. [1998] generalizetheirearlierwork [Cimatti
et al., 1997] to universal/reactive/conditionalplanningwith
severalinitial states,nondeterministicoperatorsandenviron-
ment. This works asfollows. Startingfrom the goal states,
the setsof statesfrom which a goal stateis reachablewith� � � stepsor lessarecomputed.Whenfor some� theset
includesall initial states,a planhasbeenfound. During the
computation,eachstateis associatedwith an operationthat
is alonga shortestpath to a goal state. Plansareexecuted
by repeatedlyobservingthe currentstateandexecutingthe
operatorassociatedwith thestate.

In the work by Cimatti et al. discussedabove, full ob-
servability was assumed.Another extremeis that noneof
the fluentsareobservable. This hasbeencalledconformant
planning. Now theplansaresequencesof operators,just like
in classicalplanning,becauseactingdifferently in different
situationsis not possible. Cimatti and Roveri [2000] pro-
poseanOBDD-basedapproachto conformantplanning.Plan
constructionis basedon representingsetsof setsof possible
currentstates(setsof belief states)asOBDDs. Eachopera-
tor mapsbelief statesto belief states,andplansarefoundby
backwardchainingfrom thegoalstates.

The Markov decisionprocesses[Puterman,1994] model
of sequentialdecisionmakinggeneralizesmany typesof AI
planning.A maindifferencebetweenmostof thework in that
areaandin AI planningis thatAI plannersdo not represent
thetransitionrelationsassociatedwith statespacesexplicitly.
RecentlytherehavebeenworksthatcombineMDPswith the
representationof the underlyingtransitionsystemsas plan
operators.For example,Hoey et al. [1999] performvalue
iterationon Markov decisionprocessesthat arerepresented
asalgebraicdecisiondiagrams,which is a generalizationof
orderedbinarydecisiondiagrams.

6.2 Heuristic search

BonetandGeffner [2000] view conditionalandprobabilistic
planningasheuristicsearchin the belief space.Eachbelief
statecorrespondsto asetof statesof theunderlyingplanning
problem.Plansarefoundby algorithmslikeA � andrealtime
dynamicprogramming.Statespacesarerepresentedexplic-
itly.

6.3 Constraint-basedplanners

TheGraphplanalgorithmhasbeengeneralizedto conformant
planningby Smith and Weld [1998]. The algorithm con-
structsaplanninggraphfor everyinitial state,andduringplan
searchthe subgoalsare comparedto every planninggraph.
This guaranteesthe correctnessof the plan for every initial
state.

Therearealsogeneralizationsof KautzandSelman's sat-
isfiability planningto conditionalandprobabilisticplanning.
Majercik andLittman [1999] translateprobabilisticplanning
into stochasticsatisfiability(SSAT), which is anextensionof
thepropositionalsatisfiabilityproblemto randomized(prob-
abilistic) quantifiers.Rintanen[1999] translatesconditional
planninginto quantifiedBooleanformulae(QBF).Theplan-
ning problemsthat have beensolved by using SSAT/QBF
havesofarbeenrelatively small.

7 Conclusions
We have discusseda numberof techniquesthathave proved
to be usefulfor AI planning. Many of the developmentsin
the researchareaareorthogonalto eachother, anddifferent
successfulplannershave addresseddifferentaspectsin plan
search.For examplein thecontext of Graphplanandsatisfi-
ability planning,generalpurposeinferencetechniqueswere
emphasized.Recentplannersthatusedistanceheuristicsdis-
pensewith the inferenceaspectalmostcompletely, rely on
plain forwardor backwardchaining,anddo not usereacha-
bility or othertechniquesfor pruningsearchtrees.Theseap-
proacheshave strengthsin differenttypesof problems,anda
mainchallengein theresearchfield is to discoveralgorithms
thatshow astrongperformanceonawiderrangeof problems
thanany of thecurrentalgorithms.

Researchon algorithmsfor conditionaland probabilistic
planninghasalso acceleratedduring the last decade. This
researchareahascloseconnectionsto problemsaddressedin
otherareasin computerscience,suchasprogramsynthesis,
aswell asto operationsresearchandcontroltheory.
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