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Abstract

During the past several years, Al planning has
mademajor stepsforwardin termsof the sizeand
difficulty of problemsthat canbe solved. In this

article we give an overview of the techniqueghat
have beenpartof therecentdevelopmentsinstead
of concentratingon individual planning systems,
we review the underlyingprinciplesbehindmary

of the successfuplanners Most of the overview is

devotedto classicaplanning thatis fully determin-
istic planningwith oneinitial state andwe discuss
moregeneralformsof planningonly briefly in the

endof thearticle.

1 Intr oduction

Researcton Al planninghad concentratean the so-called
non-linearor partial-orderplanningalgorithms(seefor ex-
ample[McAllesterandRosenblitt,1991]) until theintroduc-
tion of the Graphplaralgorithmin 1995by Blum andFurst
[1997. This algorithmhadtwo characteristicthatseparated
it from earlierones: it finds plansof a fixed length (thatis
incrementallyincreaseduntil a plan is found), and it uses
reachabilityinformationfor pruningthe searchtree. These
differencedroughtthe performanceof Graphplarto a level
notseenin connectiorwith earlierplanners.

The succes®f Graphplanled the researclcommunityto
look attechniquesutsidethetraditionalAl planningtoolbox.
Soonafterthe introductionof GraphplanKautz and Selman
demonstratedhat a generalpurposesatisfiability algorithm
canin mary casesoutperform Graphplanand other algo-
rithms specificallydesignedor Al planning[KautzandSel-
man,1994. This motivatedresearcherto investigaterans-
lating planningto other computationalproblemsand using
solversfor themin finding plans. More recently Bonetand
Geffner'sHSPplanner§BonetandGeffner, 2001, whichuse
plain forward or backward chaining,have shovedvery good
performanc@nmary benchmarlproblemsandincreasedn-
terestin heuristicsearchasa planningtechnique.

In this articlewe discusghe basicideasrelatedto someof
the moreinterestingrecentapproacheso planning. Firstwe
discussthe constraint-basedhodelthat includesthe Graph-
plan andthe satisfiability planningapproachesamongoth-
ers (Section2). We identify the explicit representatiorof

fluent valuesat all time points as one of the propertiesof
the recentwork that separates from pre-Graphplarplan-
ners. This representatiomakesit easyto combinethe ba-
sic planningalgorithmwith differentkindsof constraintghat
speedup plan search for examplereachabilityinformation
and domain-specificontrol information (Section3), andto
handleparalleloperatorapplicationefficiently.

The constraint-basednodel of classicalplanningallows
plansearchn severalalternatve ways. Themainapproaches
have beenbackwardchaining,asin the Graphplaralgorithm,
andgeneralconstraintsolving, asexemplified by the satisfi-
ability planningapproach.The latter algorithmsoften need
far lesssearchthanbackward chaining,but thereis a costto
pay: theamountof computatiompersearchtreenodeis often
muchhigherthanin a backward chainingplanner Depend-
ing on the type of probleminstanceat hand,the reduction
in the searchtree size may dramaticallyoutweightthe more
expensve computationandin othertypesof problems,not
much affect the searchtree sizeandleadto an inferior per
formance. Of course,asymptoticallyas probleminstances
getbigger ary additionalpolynomialtime computatiorthat
leadsto a sufficientreductionin thedepthor branchingactor
of thesearcltreesis beneficial but this mightnotshav upin
problemsof thesizethatcanbe practicallysolved.

Distanceheuristichaverecentlycaughtheattentiorof the
researcltommunity andwe discussomeof thework in Sec-
tion 4. The techniquescomputeapproximatedistancesoe-
tweenstateswhich helpsin operatorselection.For mary of
thebenchmarlproblemausedy theresearcltommunity the
heuristicgive avery goodestimateof thedistancesandplan
searchevenwith a plain forwardor backward chainingalgo-
rithm canbe very efficient. On someof the commonlyused
benchmarkproblems,the problemsthat have beensolved
this way have beenfar bigger than thosesolvable for ex-
amplewith Graphplanor satisfiability planning. However,
theseheuristicplannershave beenmostsuccessfuin finding
non-optimalsolutionsto computationallyeasy(polynomial
time) planningproblems,andthe situationmay be different
whenoptimal (shortestsolutionsare neededandin connec-
tion with computationallymore difficult problems(that are
NP-hardor PSRACE-hard)thatinherentlyrequiresearch.

A strandof researchhat is basedon a differentway of

exploring statespacesisesorderedbinary decisiondiagrams
(OBDDs)andis discussedh Sections. Sofar, OBDD-based



algorithmsfor classicalplanninghave beenrathergoodon
certainbenchmarksbut they alsohave hadseriousproblems
with memoryconsumptionwhich is aninherentproblemof
OBDDs. Theremay be planningproblemswheresymbolic
breadth-firssearchasusedby OBDD-basedlannersvould
outperformotherapproacheto classicalplanningdiscussed
in this article, but it seemghat the main applicationsarein
the moregeneralforms of planningthatarediscussedn the
lastsectionof the article.

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
stateand whenthe operatorsand the ervironmentare non-
deterministic. Many of the recenttechniquedfor classical
planningcanbegeneralizedo this setting,but thealgorithms
have adistinctly differentflavor asthenotionof plansis more
generathanin classicabplanning.

2 Planning asa constraint satisfaction
problem

Marny of therecentplanningalgorithmsandtranslationabp-
proachego planninglook for plansof agivenlengthn thatis
increasedtepby stepuntil aplanis found. Doingplansearch
in thisway hasseveralbenefits First, shortesplans(in terms
of pointsof time) arefound. Secondthedescriptionf both
theinitial andthegoalstatesanbeusedfor effectively infer-
ring fluent valuesat differenttime points, therebyreducing
exhaustve search. In this sectionwe formalize planningin
this setting,aswell asdiscusdlifferentsearchtechniquesnd
waysof constraininghesearctproblemsfurther.

Planoperatorsarepairs(p, e) wherep (the preconditions)
ande (the effects) are setsof literals, thatis atomicfluents
or neggationsof atomic fluents. Sometimesp is restricted
to atomic fluents. Fluentsare often called statevariables
or facts,andthey assumedifferentvaluesat differenttime
points. An operatorcan be appliedif its preconditionsare
true, and as a resultthe effectsbecometrue. More general
definitionsof plan operatorsanbe given, for examplewith
arbitraryformulaeaspreconditionsandso-calledconditional
effectsin whichthesetof fluentsthatchangeas dependenbn
the truth of someformulae. Most plannerstake schematic
plan operatorgparameterizethy the domainobjects)asin-
put, but transformthemto setsof operatordike described
above.

2.1 Parallelism

An operatorapplicationin generaimeanghatthe effectsbe-
cometrue and other, unafectedfluentspresere their truth-
values.However, it is notnecessario restrictto oneoperator
applicationat a time: several operatorscanoften be applied
in parallel. This mayreducethe planningeffort substantially
becauseeparatelconsideringn! different(but behaiorally
equivalent)orderingsof n mutuallyindependenbperatorss
avoided.

The parallelapplicationof operatords well-definedwhen
theoperatorglo notinteract.This meanghattheresultof ap-
plying theoperatorsn ary orderis possibleandhasthesame

effect. A sufficient conditionfor this is thatthe operatorsio
nothave contradictoryeffectsandnoneof theoperatordalsi-
fiestheprecondition®f ary othet Allowing parallelapplica-
tion still moreliberally is possible andthis sometimedeads
to evenmoreefficient planning[Dimopoulosetal., 1997.

2.2 Constraints on consecutve fluent values

Fromthe above descriptionof (parallel)operatorapplication
thefollowing characterizatiolof possiblesequencesf oper
atorapplicationscanbederived. For a giveninitial state the
applicationof a sequencedg, 44, ..., A,_1 of setsof op-
eratorsdetermineghe fluent valuesat time pointso,. .., n.
This can be viewed as a model M thatis a sequenceof
propositionalmodels, one for eachtime point. The truth
of a propositionalformula P or a setof formulae P at ¢ is
denotedby M |=; P. The applicationof operatorsd; =
{{p1,€1),--.,(Pm,em)} att mustsatisfythefollowing.

1. p;Ue; isconsistenfor all {i, j} C {1,...,m} suchthat
i#£ 7.

2. M =y piforalli e {1,...,m}.

3. M |=t+1 e;foralli e {1,.. .,m}.

4. If anatomicfluent f occursnowherein e; U - -- U e,,,
thenM IZt f iff M |:t+1 f

The planning problemcan now be describedas follows.
Find a model M (andsetsAy,..., A,_1) that satisfiesthe
conditions1-4, andsatisfiesM = I for the formulal de-
scribingthe initial state,andsatisfiesM |=,, G for the for-
mulaG describingthe goals. Thereis suchM if andonly if
thereis aplanof lengthn.

Considetthe problemof moving objectA from room1 to
room 3 throughroom 2, andobject B from room 2 to room
1. We assumehattherearethreepointsof time, andhence
two setsof paralleloperatorsanbe appliedrespectiely at0
andl. In Figurel ontheleft the descriptionof the planning
problemis shavn, andon the right oneof the two solutions
with 3 time steps. The correspondingplan consistsof oper
atormove(A,R1,R2)attime 0 andoperatorsnove(A,R2,R3)
andmove(B,R2,R1)attime 1.

2.3 Searhtechniques

Planning proceedsby trying to find plansof lengthn =
0,1,2,...until aplanis afound. Severalapproacheto plan
searcthave beenproposed.

1. The Graphplanalgorithmwhich usesbackward chain-
ing (regression}tartingfrom the descriptionof the goal
stated Blum andFurst,1997.

This correspondgo selectingthe operatorsin the or-
derAd, 1,A, 2,...,A1,Ay. To reducethe amountof
searchGraphplarusesmemoization:informationfrom
failedsubgoalsrerecordedsothatisomorphicsubtrees
of thesearchreewill notbetraversedseveraltimes.

2. Translationto the satisfiability problemof the classical
propositionallogic [Kautzand Selman,1994 (satisfia-
bility planning.)

Thedescription®f thegoalandtheinitial statesaswell
as the conditions1-4 are translatedinto propositional
logic, andplansarefoundby a satisfiabilityalgorithm.



timet timet
fluent 0|1 fluent o112
at(A,R1) T at(A,R1) T|I|FJ|F
at(A,R2) F at(A,R2) F|TI|F
at(A,R3) F at(A,R3) FIF|T
at(B,R1) F at(B,R1) FIF|T
at(B,R2) T at(B,R2) TI|T|F
at(B,R3) F at(B,R3) FIF|F
operators 01 operators 01
move(A,R1,R2) move(A,R1,R2) | Y | N
move(A,R2,R3) move(A,R2,R3)| N | Y
move(A,R3,R2) move(A,R3,R2) | N | N
move(A,R2,R1) move(A,R2,R1) | N | N
move(B,R1,R2) move(B,R1,R2)| N | N
move(B,R2,R3) move(B,R2,R3) | N | N
move(B,R3,R2) move(B,R3,R2) | N | N
move(B,R2,R1) move(B,R2,R1)| N | Y

Figurel: Therepresentatioof a planningproblemin termsof the fluentvaluesat differenttime points,anda solutionto the
problemthatcorrespond$o aplan.Y in columnt meanghato € A; andN thato ¢ A;.

3. Translatiorto otherNP-hardcomputationaproblems.

Several alternatves have beentried out, and the effi-
ciengy with bestsolversis often at the sameorder of
magnitudeas with satisfiability algorithms. Some of
theseincludeintegerprogrammingVosseretal., 1999;
KautzandWalser 1999, mixedintegerlinearprogram-
ming [Wolfman and Weld, 1999, nonmonotonidogic
programmind Dimopoulosetal., 1997, andCSPqvan
BeekandChen,1999.

4. Directsolutionby aspecializedtonstrainsolver [Rinta-
nen,19994. In contrastto the translationabpproaches,
planning-specificpropertiesof the problem instances
may be taken advantageof and memoryconsumption
is muchlower.

Finding plansin all the abore approachesanbe spedup
by constrainingthe searchproblemsfurther. Differenttypes
of declaratve controlinformationarediscussechext.

3 Declarative control information

Many planningalgorithmswork by incrementallymakinga
descriptiorof aplanmorecompleteandthey backtrackwhen
it turns out that the currentincompleteplan cannotbe ex-

tendedto a full plan. It is critical to prunethe searchtree
by reducingthe numberof consecutie backtrackingpoints
(the depthof the searchiree)andthe degreeof backtracking
points(branchingfactor).Linearreductionin eitheryieldsan
exponentialreductionin searchreesize.

Thereare mary typesof declaratve control information
that help reducingsearcheffort. Somecontrolinformation,
most notably invariantsand planning graphs(Section3.1),
contritute to detectingthe impossibility of extendingan in-
completeplanto afull plan,but do not affect the setof pos-
sible plans. Otherforms of information, for examplecon-
straintsderived from symmetriegSection3.2) anddomain-
specificconstrainton operatorsequence¢Section3.3), re-
ducethe setof possibleplans, but do not make a solvable

probleminstancaunsohable.

3.1 Invariants and planning graphs

An importantform of controlinformationthatcanbederived
from theoperatodefinitionsandtheinitial stateis invariants
Invariantsare formulaethat are true in the initial stateand
arepreseredby theapplicationof every operatorandconse-
quentlythey aretruein all stateghatarereachabldrom the
initial state.

Invariantsare useful becausehey characterizeéhe set of
reachablestatesof the planningproblem. If a (possiblyin-
complete)descriptionof a stateviolatesaninvariant,it can-
not be reachablefrom the initial state,and for examplea
backwardchainingplannershouldrejectthatkind of subgoal.
Similarly, anincompletedescriptionM of statescanbe ex-
tendedby usinginvariants:if M |, a holdsand—a V bis an
invariant,thenM =, b musthold.

Theconnectiorto reachabilityleadsto iterative algorithms
for computinginvariants[Blum and Furst, 1997; Rintanen,
2004. Thesealgorithmsiteratively computesetsof formu-
lae that describean upperbound of the setsof statesthat
arereachablewith an increasingnumberof operatorappli-
cationsfrom theinitial state.Whenthe upperboundchanges
no more, the formulae are invariants. Blum and Furstuse
theintermediatestagef the invariantcomputatiorfor con-
structing planninggraphs,which are usefulin speedingup
backward-chainingplanningalgorithms like Graphplan.

3.2 Symmetries

Many planningproblemsnvolveinterchangeablebjectsthat
causestatespacedo be highly symmetric. For example,a
transportatiorproblemwith two identical vehiclesA andB
that areinitially at the samelocationis symmetricwith re-
spectto A andB: for all plansthe rolesof A andB canbe
exchangedvithout affectingthe correctnessf theplans.
Theexistenceof symmetriesllowsthereductionof search
effort. If aplannethasdeterminedhatsolvingacertainprob-
lem with vehicleA is not possible,it is not necessaryo try



to solve the sameproblemwith vehicle B, and therebythe

amountof work is halved. The recognitionof symmetries
may exponentiallyreducethe searcheffort asthe numberof

interchangeablebjectsincreases.

Joslin and Roy [1997 give an algorithm that detects
symmetriesin schematicrepresentationsf planning prob-
lems. The algorithmis basedn recognizingautomorphisms
in graphs. From the detectedsymmetriesone can infer
symmetry-breakingonstraintghat preventredundantvork.

3.3 Domain-dependentcontrol rules

Domain-independemlannersare often not capableof solv-
ing certainclassesf problemsefficiently, even when very
effective domain-dependenechniquesxist. Strategiesfor
solving such problemscan often be expressedas domain-
dependentontrolrulesthatcanbe interpretedoy a domain-
independenplanner Early work on suchcontrolrulesrelied
on proceduraland plannerdependentepresentations.Re-
cently, BacchusaindKabanzd 2004 have advocatecadeclar
ative approacho controlinformationthatusesemporalog-
ics.

In classicaplanninganinitial stateanda plandeterminea
sequencef truth-assignment® the fluents,whichis essen-
tially asemantianodelin alineartemporalogic. A temporal
logic formula canthereforebe seenasexpressingproperties
of the desiredplans. If it is requiredthatthe formulais true
in the model correspondingo a plan, the possiblechoices
of operatorscanbe restricted. This may speedup planning
considerably

BacchusandKabanzgresentea proceduredor interpret-
ing temporalogic formulaewithin asimpleforward-chaining
planner Theprogressiomproceduragakesasinputa state(the
currenttime point) anda formula, andevaluateghe formula
with respectto the currentfluent values(this evaluationis
only partial becausehe truth of the formulain generalde-
pendsonfuturefluentvalues)andderivesanew formulathat
the next time point hasto satisfy This formulais usedin se-
lectingthenext operator:f the stateobtainedby applyingan
operatorcannotsatisfytheformula,thatoperatoiis rejected.

A formulafor atransportatiorproblemcould statethat a
vehiclemuststayat a gasstationuntil its tankis full.

(at(v, g) A gasstatiofy)) — (at(v, g)Ufulltank(v))

Herel/ is the operatoruntil. In a statein which the vehicle
is at the gasstationandits tankis not full, the progression
algorithmproduceghefollowing formula.

at(v, g)Ufulltank(v)

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

4 Domainindependentdistanceheuristics

Thebasicideaof heuristicsearclcanbedescribedsfollows.
Derive anestimatiorfunction,aheuristic thatassigngo each
searchstatea valueindicatinghow goodthatstateis. Then,

duringsearchfavor thosestateghatseento bebest. Thedif-
ficulty in applyingthis to domainindependenplanninglies
in thederivationof the heuristic.

Thecurrenttechniqueso derive heuristicsor planningare
basednthenumberof operatorshatareneededor reaching
the goals. Solving this problemexactly is computationally
very difficult, and the techniquesare basedon relaxing the
problem P at handinto a simpler problem P’ that can be
solvedefficiently. Thesolutioncanbeusedfor estimatinghe
difficulty of P.

A straightforvard way to relax a planningproblemis to
ignore the 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 approximatinghatlength. Facinga
searchstateS, initialize the weightsof all fluentsin S to 0,
andthatof all otherfluentsto co. Thenapply all operators.
For eachoperatorwith preconditiong thataddsa fluent f,
updatetheweightof f to

weight(f) := min(weight(f), weight(p) + 1).

Iteratethe updateauntil the weightvaluesof all fluentshave
reachedheir fixpoint. It is assumedherethatoperatordhave
only positive preconditions. The weightof a setof fluentsis
definedasthe sumof the individual weights. The difficulty
of the statecanbe estimateds

h(S) := weight(G).

Here,G denoteghe goalstateof the problemat hand.Bonet
andGeffner usethis estimationprocessn all versionsof the
HSP system[Bonetand Gefiner, 2001]. A variationof the
processtakinginto accounfpositive interactiondbetweerthe
fluents hasrecentlybeenproposedy Hoffmann[200d.

In differenceto the above estimationprocessegjoingfor-
ward from a statetowardsthe goal, one can also estimate
backwards, from the goal to the current state. Such ap-
proachesiave beenproposedy McDermott[1994 andRe-
fanidisandVlahavas[2004.

4.1 Planningwith heuristics

Heuristic plannersbasedon ignoring negative effects have
achieved extremelycompetitive runtimebehaior on a lot of
the commonly usedbenchmarkplanningdomains. At the
AIPS-2000 planning systemscompetition,four out of five
awardedfully automaticplannerswere basedon, or at least
incorporating that approacH Bacchusand Nau, 2001]. All
of thoseplannersusethe samenawe searchparadigm state
spacesearch.Theirsuccesss apparentlydueto thequality of
their heuristicson mary of the currentplanningbenchmarks.
The openquestionis how one can develop heuristicsearch
algorithmsthat work well on planningproblemswhereig-
noringnegative effectsyieldsestimate®f lessquality.

5 Planning with ordered binary decision
diagrams

Orderedbinary decisiondiagramd Bryant, 199 have been
extensiely usedin computeraidedverification,especiallyin



Figure2: An OBDD

symbolicmodel-checkingthatis formal verificationof tran-
sition systems(a communicationprotocol, a circuit, a pro-

gram)with respecto correctnesproperties. Theseproper

tiesaretypically expressedn atemporallogic. If thetransi-
tion systemdoesnot have the desiredproperty the model-
checler attemptsto producea counter@ample,which is a

transitionsequence¢hatviolatesthe property Classicablan-
ning is equivalentto the model-checkindand countergam-
ple generation)problemrestrictedto safetypropertiesthat
say that stateswith a given undesiredproperty should not

be reachable. Thesestatescorrespondto the goal states
in planning,andthe correspondingountergamples(transi-
tion sequencesyreplans. Techniqueslevelopedfor model-
checkingarethereforedirectly applicableto Al planning,and
viceversa.

Model-checking(and Al planning)can be performedby
explicitly enumeratinghe statespaceandfinding transition
sequenceby algorithmsthattraversegraphs. However, the
numbersof statesin transitionsystemsare often high, and
explicit enumeratiorof the statespaces thereforeoften not
possible. Algorithms that needto handlelarge statespaces
have to representhemimplicitly, for exampleasorderedbi-
narydecisiondiagramgBryant,1997.

Ordered binary decision diagramsprovide an efficient
canonicakepresentatioof Booleanfunctions. Two OBDDs
are logically equivalentif they are the sameOBDD. The
negationof an OBDD andthe conjunctionanddisjunctionof
two OBDDs canbe computedelatively efficiently. Because
of theseproperties OBDDs are appliedin symbolicmodel-
checkingof transitionsystemsandin verifying the equiva-
lenceof combinatorycircuits. EventhoughOBDDsareoften
efficient, in more complex applicationgheir sizeand mem-
ory requirement®ecomeprohibitively high, andthis is their
maindrawback.

OBDDsarebasedntheternaryBooleanoperatoiif-then-
elseite(p, ¢1,¢2) definedas (p A ¢1) V (—p A ¢2), where
p is a propositionalvariable. Any Booleanformula canbe
representeldy usingthis operatotogethemwith propositional
variablesandthe constantsrueandfalse.Figure2 depictsan
OBDD for theformula(AV B) A (B Vv C). Thenormalarrow
comingfrom a nodefor P correspondso the casein which
P istrue,andthedottedarron thecasein which P is false.

5.1 Representationof transition systemsas
OBDDs

Theusefulnes®f OBDDsin representingransitionsystems
wasdiscoreredby MacMillan et al. at the Carngjie-Mellon

University in the end of 1980's. The transitionrelation of

the transitionsystemandthe setsof reachablestatescanbe

representeés OBDDs, and relevant operationson setsof

statescanbe performedby straightforvard OBDD manipu-
lation [Burchetal., 1994.

A transition relation expresseswhich combinationsof
truth-valuesarepossiblefor thefluentsin thepredecessand
in thesuccessostate.For example thetransitionrelationfor
aplanoperatorn; with preconditiorp; A ps A —ps andeffects
P2, 3, P4 IS representetly

precondition effects

—_— ——t—
7; = p1 Ap2 A —p3 A(p1 <> Py)ADPy A —pi A py A(ps > D),

thatis, the preconditionandthe effectsaretrue, andfluents
not occurringin the effectspresere their truth-values.Here
p1,---,ps representhe fluentsin the predecessostateand
pi,-- ., pk representhefluentsin thesuccessostate. Transi-
tion relation® for all n operatorssr; V - - - V 7.
Givenaninitial statel thatassignsa truth-valueto every
fluent or a descriptionG of goal statesthat assignstruth-
valuesto someof the fluents, we are interestedin finding
out which statesarereachabldrom I andfrom which states
the statesG' arereachable.For this the computationof im-
ages and preimages of setsof statesunder©® are needed.
Here we use preimagecomputationsonly. The preimage
preimgy (S) of statesS under®© is computedy first renam-
ing variablesp; to p} in S to obtainS’, andthencomputing
apiph - - - plL(S' A ©). Heredp® means®[T'/p] vV ®[F/p).

5.2 An OBDD-basedplanning algorithm

An OBDD-baseglannercanbeeasilyconstructeantheba-
sis of imageor preimagecomputationandthe resultingal-
gorithmis a specialcaseof algorithmsfor model-checking
and constructionof counter@amples[Burch et al., 1994;
Clarke et al., 1994. The traversalof the statespacecorre-
spondgo breadth-firssearchandthereis thechoicebetween
forward traversalstartingfrom the initial statel (by image
computationspndbackwardtraversalstartingfrom the goal
statesG (by preimagecomputations) We discussthe back-
wardscaseonly. Below, the setsD; consistof statesfrom
which somestatein G is reachabldoy i operatorapplications
orless.

DO = G

D; preimg_)(D,-_l) UD;_q, fori >1
Thecomputationis terminatedvhenI € D; for some;. Now
i is the numberof operatorseededor reachingG from I,

andaplanis asequencef operatoreachof whichreaches
statethatis onestepcloserto a goalstate.

s=1

forj:=i—1to0do
output o € O suchthatapplyingo in s yieldss’ € D;
s:=s



endfor

Plannerdasedon variationsof state-spacexplorationby
OBDDs as describedabove have beenpresentedy several
researchersThefirst onewasby Cimattietal. [1997.

6 Conditional and probabilistic planning

The classicalplanningproblemconsideredn this overview
so far is a specialcaseof the problem of planningunder
uncertaintyand incompleteinformation, often called condi-
tional planning or probabilistic planning The formerterm
sometimesefersonly to the specialcasein which the exact
probabilitiesof possibleaventsareignored.

The more generalproblem arisesbecausethe world in
whichthe plansareexecuteds notcompletelyknown or can-
not be completelyobsened, and eventstaking placeduring
plan executionmay be nondeterministic. Becauseof these
propertiesjt is notin generalpossibleto determinebefore-
hand one single sequenceof operatorsthat would always
reachthe goals. Instead,the planshave to choosethe op-
eratorsduring executionbasedon the obsenationsconcern-
ing the eventsthatactuallyhave taken place. Suchplansex-
plicitly assignanoperatorto every possiblestate or take the
form of a programin a simple programminganguagewith
operator@satomicstatementandconditionalandloop state-
ments,or, equivalently, asfinite automata.

Many of the recentalgorithmsfor conditionaland proba-
bilistic planningaregeneralizationsf algorithmsfor classi-
cal planningthat we have alreadydescribed.In this section
we briefly discusssomeof themainapproaches.

6.1 Planningwith ordered binary decision
diagrams

OBDDshavesuccessfullypeenusedor classicaplanningas
discussedn Sectionb, but their benefitsfully shov up when
alot of uncertaintyandincompletenesis involved.

Cimattietal. [1994 generalizeheir earlierwork [Cimatti
etal., 1997 to universal/reactie/conditionalplanningwith
severalinitial statesnondeterministioperatorsandernviron-
ment. This works asfollows. Startingfrom the goal states,
the setsof statesfrom which a goal stateis reachablewith
n > 0 stepsor lessarecomputed.Whenfor somen the set
includesall initial statesa plan hasbeenfound. During the
computationeachstateis associatedvith an operationthat
is along a shortestpathto a goal state. Plansare executed
by repeatedlyobservingthe currentstateand executingthe
operatorassociateavith the state.

In the work by Cimatti et al. discussedabove, full ob-
senability was assumed. Another extremeis that none of
the fluentsareobsenrable. This hasbeencalled conformant
planning Now the plansaresequencesf operatorsjustlike
in classicalplanning,becausectingdifferently in different
situationsis not possible. Cimatti and Roveri [200q pro-
poseanOBDD-baseapproacho conformanplanning.Plan
constructions basedon representingetsof setsof possible
currentstateg(setsof belief stateslasOBDDs. Eachopera-
tor mapsbelief statego belief statesandplansarefound by
backwardchainingfrom the goalstates.

The Markov decisionprocesse$Puterman,1994 model
of sequentiatlecisionmakinggeneralizesnary typesof Al
planning.A maindifferencebetweermostof thework in that
areaandin Al planningis that Al plannersdo not represent
thetransitionrelationsassociateavith statespacegxplicitly.
Recentlytherehave beenworksthatcombineMDPswith the
representatiorof the underlyingtransition systemsas plan
operators. For example,Hoey et al. [1999 performvalue
iterationon Markov decisionprocesseshat arerepresented
asalgebraicdecisiondiagramswhich is a generalizatiorof
orderecbinarydecisiondiagrams.

6.2 Heuristic searcch

BonetandGeffner [2004 view conditionalandprobabilistic
planningasheuristicsearchin the belief space.Eachbelief
statecorrespond$o a setof statesof theunderlyingplanning
problem.Plansarefoundby algorithmdike Ax andrealtime
dynamicprogramming.Statespacesarerepresente@xplic-

itly.

6.3 Constraint-basedplanners

TheGraphplaralgorithmhasbeengeneralizedo conformant
planning by Smith and Weld [199§. The algorithm con-
structsaplanninggraphfor everyinitial state andduringplan
searchthe subgoalsare comparedo every planninggraph.
This guaranteeshe correctnes®f the plan for every initial
state.

Therearealsogeneralizationef Kautzand Selmans sat-
isfiability planningto conditionalandprobabilisticplanning.
Majercik andLittman [1999 translateprobabilisticplanning
into stochasticsatisfiability(SSAT), whichis anextensionof
the propositionakatisfiability problemto randomizedprob-
abilistic) quantifiers. Rintanen[1999 translatesonditional
planninginto quantifiedBooleanformulae(QBF). The plan-
ning problemsthat have beensolved by using SSAT/QBF
have sofarbeenrelatively small.

7 Conclusions

We have discussed numberof techniqueghat have proved
to be usefulfor Al planning. Many of the developmentsn
theresearctareaareorthogonatto eachother anddifferent
successfuplannershave addressediifferentaspectsn plan
search.For examplein the context of Graphplarnandsatisfi-
ability planning,generalpurposeinferencetechniquesvere
emphasizedReceniplannerghatusedistanceneuristicdis-
pensewith the inferenceaspectalmostcompletely rely on
plain forward or backward chaining,anddo not usereacha-
bility or othertechniquedor pruningsearchrees.Theseap-
proachesdave strengthsn differenttypesof problemsanda
mainchallengen theresearcHield is to discover algorithms
thatshav a strongperformancen awiderrangeof problems
thanary of thecurrentalgorithms.

Researcton algorithmsfor conditionaland probabilistic
planninghasalso acceleratediuring the last decade. This
researctareahascloseconnectionso problemsaddresseth
otherareasin computerscience suchasprogramsynthesis,
aswell asto operationsesearctandcontroltheory
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