A CompleteBidir ectional Planner

EugeneFink
ComputelScienceDepartment
Carngjie Mellon University
5000ForbesAvenue
Pittskurgh, PA 15213 USA

eugene@cs.cmu.edu
http://www.cs.cmu.edufeugene

Abstract

The PRODIGY systemis basedon bidirectional planning
which is a combinationof goal-directecbackwardchaining
with simulationof planexecution.Experimentdhiave demon-
stratedthatit is an efficient technique a fair matchto other
successfuplanningsystems.The questionof completeness
of bidirectionaplanning however, hasremainedinanswered.

We shaw that PRODIGY is not completeand discussthe
adwvantagesnddravbacksof its incompletenessiVe thende-
velopacompletebidirectionalplannerandcompardt exper
imentallywith PRODIGY. We demonstratehat the complete
planneris almostasefficient asPRODIGY andsolvesawider
rangeof problems.

Intr oduction

Newell andSimoninventedneans-endanalysisduringtheir
work on GeneralProblemSolver, backin the early days
of artificial intelligence. Their techniguecombinedgoal-
directedreasoningwith forward chainingfrom the initial
state(Newell andSimon1961). The authorsof later plan-
ning systemgFikesandNilsson1971; Warren1974; Tate
1977)graduallyabandonetbrwardsearchandbeganto rely
exclusively onbackwardchaining.Researcherigivestigated
severaltypesof backwardchainergMintonetal. 1994)and
discoveredthatleastcommitmenimprovestheefficiengy of
goal-directedreasoningwhich gave rise to TWeAK (Chap-
man1987),ABTWEAK (Yangetal. 1996),sNLP (McAllester
and Rosenblitt1991), ucpopr (Penberthyand Weld 1992;
Weld 1994),andotherleast-commitmerplanners.
Meanwhile, PRODIGY researchergxtendedmeans-ends
analysisand developeda family of plannersbasedon the
combinatiornof goal-directedackwardchainingwith simu-
lation of planexecution(Velosoet al. 1995). We call them
bidirectional planners which include PrRODIGY2 (Minton
1988), NoLIMIT (Veloso 1989; Veloso 1994), PRODIGY4
(Velosoet al. 1995),andFLECs (Velosoand Stone1995).
Theseplannerskeeptrack of the planning-domairstatethat
resultsfrom executingpartsof thecurrentlyconstructeglan.
They usethe domainstateto guidethegoal-directedeason-
ing. Leastcommitmentproved inefficient for bidirectional
searchandVelosodevelopedcasualcommitmentbasecbn
instantiatingall variablesasearlyaspossiblgVeloso1994).
Kambhampatiand Srivastaa developed a framewvork
that generalizeshoth least-commitmengand bidirectional
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search, as well as direct forward search. They imple-
mentedUniversalClassicaPlannerucP), which canuseall

thesesearctstratgies(KambhampatandSrivastaa1996a;
KambhampatandSrivastaa 1996b).

Blum and Furst have recently developed GRAPHPLAN
(Blum and Furst 1995), which usesthe domainstatein a
differentway. They implementegropagatiorof constraints
fromtheinitial stateof thedomainwhichenablegheirplan-
nerto identify someoperatorsvhosepreconditonscannote
satisfied.Theplannerthendiscardgheseoperatoranduses
backwardchainingto constructthe plan from the remain-
ing operators.GRAPHPLAN performsthe forward constraint
propagatiorprior to the searchfor a solutionplan. Unlike
PRODIGY, it doesnotuseforwardsearchrom theinitial state.

Experimenthave demonstratethat bidirectionalsearch
is anefficienttechniquea fair matchto othermodernplan-
ners(Stoneet al. 1994),andthat PRODIGY and backward
chainersperformwell in differentdomains. Someprob-
lemsaremoresuitablefor casual-commitmertidirectional
search(Veloso and Blythe 1994), whereasothersrequire
backwardchaining(BarrettandWeld 1994).

Therelative performancef PRODIGY andGRAPHPLANAISO
variesfrom domainto domain. The GRAPHPLAN algorithm
usedfully instantiatecperatorsit hasto generatendstore
all possibleinstantiationsof all operatorsbeforesearching
for a solution,which oftencauses combinatoriakxplosion
in large-scaledomains. On the otherhand,GRAPHPLAN is
oftenfasterthanPrRODIGY in small-scalelomainghatrequire
extensive search.

To date,all bidirectionalplannershave beenincomplete.
PRODIGY2 doesnot interleave goalsand sometimedails to
solve very simpleproblems.NOLIMIT, PRODIGY4, andFLECS
usea moreflexible stratgy, andtheirincompletenesarises
lessfrequently VelosoandStoneprovedthe completeness
of FLECS usingsimplifying assumptiongVelosoand Stone
1995),but theirassumptionsold only for alimited classof
domains.

The incompletenes®f PRODIGY is not a major handi-
cap. Sincethe searchspaceof mostproblemsis very large,
a completeexploration of the spaceis not feasible,which
makesary planner‘practically” incomplete.lf incomplete-
nesscomesup only in a fraction of problemsi,it is a fair
paymentfor efficiency.

If we achieve completenessvithout compomising effi-
ciency wegettwo bonusesFirst, we ensurghatthe planner
solveseveryproblemwhosesearctspacas sufficiently small
for completeexploration. Secondjncompletenesmay oc-
casionallyrule outasimplesolutionto alarge-scalg@roblem,



causinganextensive searctinsteadf aneasywin. If aplan-
neris completejt doesnotrule outary solutionsandis able
to find sucha simplesolutionearlyin thesearch.

We identify the two specificreasondor the incomplete-
nessof means-endanalysisanddevelop the first complete
bidirectionalplanneyby extendingthePRODIGY searctalgo-
rithm. The plannersupportsa rich domainlanguagewhich
allowsthe useof conditionaleffectsandcomple precondi-
tion expressiongCarbonelletal. 1992).

We achieze completenesy addingcrucialnew branches
to the searchspace.The mainchallenges to minimize the
numberof new branchesin orderto presere efficieng. We
describeamethodfor identifyingthecrucialbrancheshased
ontheuseof theinformationlearnedn failed old branches.
We believe thatthis methodwill prove usefulfor developing
completeversionsof othersearchalgorithms.

We outlinea proof of completenesandthendemonstrate
experimentallythatthe new planneris almostasefficient as
PRODIGY andthatit solvesmoreproblems.

Description of Planning Problems

We definea planningdomainby a setof objecttypesanda
library of operatorghatact on objectsof thesetypes. An

operatoris definedby its preconditionsand effects The
preconditionsof an operatorare the conditionsthat must
be satisfiedbeforethe execution. They arerepresentedy
a logical expressionwith negations,conjunctionsdisjunc-
tions, and universaland existential quantifiers. The effects
arethelist of predicatesiddedo or deletedrom thecurrent
stateof the domainuponthe execution.

We may specify conditionaleffects, whoseoutcomede-
pendson the domainstate. A conditionaleffect is defined
by conditionsandactions If the conditionshold, the effect
changeshestate accordingo its actions.Otherwisejt does
notaffectthestate.

In Figurel, we give anexampleof asimpledomain.The
domainhastwo typesof objects,Package andPlace. The
Place typeincludestwo subtypesTown andVillage.

A truck carriespackagebetweertownsandvillages. The
truck’s tank of fuel is sufiicient for only oneride. Towns
have gasstations,so the truck canrefuel beforeleaving a
town. Villagesdo not have gasstations;if the truck comes
to a village without a supply of extra fuel, it cannotleave.
Thetruck cangetextrafuel supplyin ary town.

We have to load packagedeforedriving to their destina-
tion andunloadafterwards.If a packages fragile, it gets
brokenduring loading. We may cushiona packageby soft
material whichremaovesthefragility andpreventsbreakage.

A planning problemis definedby a list of objects,an
initial state anda goal statement Theinitial stateis a set
of literals. The goal statements a conditionthatmusthold
afterexecutingaplan. A solutionis asequencef operators
that can be executedfrom the initial stateto achieve the
goal. We give an exampleof a problemin Figure2. The
taskin thisproblemis to delivertwo packagefromtown-1to
town-2. Wemaysolweit by thefollowing plan: “load(pack-1,
town-1), load(pack-2, town-1), leave-town(town-1, town-2),
unload(pack-1, town-2), unload(pack-2, town-2).”

Type Hierarchy

’ Package‘ ’ Place‘

’ Town‘ ’ Village ‘

leave-town

(<from>, <to>)
<from>: type Town
<to>: type Place
Pre: (truck-at <from>)
Del: (truck-at <from>)
Add:(truck-at <to>)

leave-village
(<from>, <to>)
<from>: type Village

<to>: type Place

Pre: (truck-at <from>)
(extra-fuel)

Del: (truck-at <from>)

Add: (truck-at <to>)

load(<pack>, <place>)
<pack>: type Package
<place>: type Place
Pre: (at <pack> <place>
(truck-at <place>)
Del: (at <pack> <place>
Add:(in-truck <pack>)
(if (fragile <pack>)
Add:(broken <pack>))

unload(<pack>, <place>
<pack>: type Package
<place>: type Place
Pre: (in-truck <pack>)
(truck-at <place>)
Del: (in-truck <pack>)
Add:(at <pack> <place>

fuel(<place>)

<place>: type Town
Pre: (truck-at <place>)
Add:(extra-fuel)

cushion(<pack>)
<pack>: type Package
Del: (fragile <pack>)

Figurel: TruckingDomain.

Foundationsof Bidir ectional Planning

We now give basicsof bidirectionalplanning(Velosoet al.
1995). We omit the methodsfor handlingdisjunctive and
guantifiedpreconditions. All PRODIGY plannersare based
on the algorithmdescribechere; however, they differ from
eachotherin thedecisionpoints,usedfor backtrackingand
in thegeneraheuristicdor guidingthe search.

Given a problem,most planningsystemsegin with the
emptyplanandmodify it until asolutionis found. Examples
of modificationsinclude adding an operatoy instantiating
or constraininga variablein an operator andimposingan
orderingconstraint.

ThePRODIGY planneralsosolvesaproblemby addingop-
eratorsaandconstraintgo theinitial emptyplan. In PRODIGY,
aplanconsistof two parts,atotal-ordethead-plarandtree-
structuredail-plan (seeFigure3). Therootof thetail-plan’s
treeis the goal statement5, the othernodesare operators,
andtheedgesareorderingconstraints Thetail-planis built
by abackwardchaineywhich startsfrom the goal statement
andaddsoperatorspneby one,to achiere goalliteralsand
precondition®f tail-planoperators Theplannercompletely
instantiatesan operatowhenaddingit to thetail-plan. The
head-plans a sequencef instantiatecbperatorghatcanbe
executedrom theinitial state.ThestateC' achieved by exe-
cutingthehead-plarnsthecurrentstate In Figure4, wegive



Set of Objects
pack-1, pack-2: type Package
town-1, town-2: type Town
ville: type Village

Initial State Goal Statement
(at pack-1 town-1
(at pack-2 town-1

(truck-at town-1)

(at pack-1 town-2
(at pack-2 town-2

Figure2: Problemin the TruckingDomain.
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Figure3: Representatioof aplan.

anexampleof anincompleteplan, constructedy PRODIGY
duringits searchfor asolution.

Givenaninitial state/ anda goal statements, PRODIGY
beaginswith theemptyplanandmodifiesit, stepby step,until
it builds a solution. The headandtail of theinitial planare
empty andthe currentstateis the sameasinitial, C = 1.

At eachstep, PRODIGY can modify the currentplan in
one of two ways. First, it canaddan operatorto the tail-
plan, to achieve a goal literal or a preconditionof another
operator The plannerestablishes link from the newly
addedperatototheliteralit achieresandthecorresponding
orderingconstraint.If the plannerusesa conditionaleffect
of anoperatoto achieve aliteral, thentheeffect’s conditions
are addedto the preconditionsof the instantiatedoperator
PRODIGY tries to achieve a literal only if it is nottrue in the
currentstateC andhasnotbeeninkedwith anyoperator of
thetail-plan. Unsatisfiedjoal literalsandpreconditionsare
calledsubgoals

SecondpPRODIGY canmove someoperatoiopfrom thetail
to thehead.The precondition®f op mustbesatisfiedn the
currentstateC'. The operatorop becomesghe lastoperator
of the head,andthe currentstateis updatedo accountfor
the effectsof op. Moving anoperatorto the headis called
theapplicationof theoperator

In Figure5, we summarizéhe PRODIGY searchalgorithm,
which exploresthe spaceof possibleplans. The algorithm

Initial State Current State Goals
unload
(pack-1,
load town-2)
at pack-2 L _ at pack-2
( toF\)Nn-l) (pack-1, - ( toF\)/vn-l) (at pack-2
town-1) unload town-2)
(pack-2,

town-2)

Figure4: Exampleof anincompleteplan.

PRODIGY

la. If thegoalsG aresatisfiedn thecurrentstateC,
thenreturnHead-Plan

2a. Either
(i) Backkward-Chaineraddsanoperatotito Tail-Plan,
(ii) or Opelator-Applicationmovesanoperator

from Tail-Plan to Head-Plan

Decisionpoint: Choosebetweer(i) and(ii).

3a. Recursiely call PRODIGY ontheresultingplan.

Backward-Chainer
1b. Pickaliteral l amongthe currentsubgoals.
Decisionpoint: Chooseoneof thesubgoaliterals.
2b. Pick anoperatorop thatachieves!.
Decisionpoint: Chooseoneof sud opeiators.
3b Add opto theplan;establishalink from opto .
4b. Instantiatethe free variablesof op.
Decisionpoint: Choosean instantiaion.
5b. If theeffectachieving [ is conditional,
addits conditionsto the operatompreconditions.

Operator-Application

1c. Pickanoperatorop, in Tail-Plan, suchthat
(i) no operatorin Tail-Plan is orderedbeforeop,
(i) andthepreconditionf op aresatisfiedn C.
Decisionpoint: Chooseoneof sud opeiators.

2c. Move opto theendof Head-PlanandupdateC'.

Figure5: ThePrRODIGY searchalgorithm.

includesfive decisionpoints, which give rise to different
branchesof the searchspace. It can backtrackover the
choiceof a subgoal(Line 1b), an operatorthat achievesit

(Line 2b), andthe operatorsinstantiation(Line 4b). It also
backtrackover the decisionto apply an operator(Line 2a)
andthechoiceof an“applicabletail-planoperato(Line 1c).
Thetwo latterchoicesnabldaheplanneito consicerdifferent
orderingof operatorén thehead-planThesewo choicesare
essentiafor completenesgshey areanalogougo the choice
of orderingconstraintsn least-commitmenplanners.

The searchterminateswhen the head-planachieves the
goals;thatis, the goal statement= is satisfiedin C'. If the
tail-planis notemptyatthatpoint, it is dropped.

The incompletenessomesfrom two sources. First, the
plannerdoesnotaddoperatordor achieving literalsthatare
truein the currentstate. Intuitively, the plannerignorespo-
tentialtroublesuntil they actuallyarise. Sometimesit is too
late andthe plannerfails becauset did not take measures
earlier SecondpPRODIGY ignoresthe conditionsof condi-
tional effectsthatdo not establishary subgoal.Sometimes,
sucheffectsnegategoalsor precondition®f otheroperators,
which may causea failure. We discusghesetwo situations
andshav how to extendthe searchto makeit complete.

Limitation of Means-EndsAnalysis

GPsandPRODIGY2 werenot completebecausehey did not
explore all branchesn their searchspace.Theincomplete-
nessof later means-endnalysisplannershasa deepetrea-



(at pack- (truck-at Goals

leave- ville) load town-1) unload
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Figure6: Incompletenessf means-enadnalysis.

son: they do nottry to achiese tail-plan preconditionghat
holdin thecurrentstate.

For example,supposéhatthe truck is in town-1, pack-1
is in ville, andthe goalis to getpack-1 to town-1. Theonly
operatothatachievesthegoalis unload(pack-1, town-1), SO
PRODIGY begins by addingit to thetail (seeFigure6). The
precondition(truck-at town-1) of unload is true in the ini-
tial state. The plannermay achieve the otherprecondition,
(in-truck pack-1), by addingload(pack-1, ville). Theprecon-
dition (at pack-1 ville) of load is truein theinitial state,and
the other preconditionis achiezed by leave-town(town-1,
ville) (Figure6).

Now all preconditionsaresatisfiedandtheplannersonly
choiceis to applyleave-town. Theapplicationeadsstraight
into anunescapabl&ap,wherethetruckis strandedn ville
without a supplyof extra fuel. The plannermay backtrack
and considerdifferentinstantiationsof load, but they will
eventuallyleadto the sametrap.

To avoid suchtraps,a plannermustsometimesaddoper
atorsfor achieving literalsthataretruein the currentstate
andhave not beenlinked with ary tail-planoperators Such
literalsarecalledanycasesubgoals Thechallengéstoiden-
tify anycasesubgoalsamongthe preconditionsof tail-plan
operators.

A simplemethodis to view all preconditionsaasarycase
subgoals. Veloso and Stoneconsideredthis approachto
building a completeversionof their FLECS planner(Veloso
and Stone1995); however, it provedto causean explosion
in thenumberof subgoalsleadingto a grossinefficiency.

Kambhampatand Srivastaa useda similar approacho
ensurethe completenessf the UniversalClassicalPlanner
(Kambhampatiand Srivastaa 1996b). Their plannermay
addoperatordor achieving preconditionghataretruein the
currentstate,if the preconditionsare not explicitly linked
to the correspondinditerals of the state. Even thoughthis
approachs moreefficient thanviewing all preconditionsas
arycasesubgoalsjt considerablyincreasedranchingand
oftenmakesbidirectionalsearchmpracticallyslow.

A moreeffectivesolutionis basedntheuseofinformation
learnedin failed branchesof the seach space Let uslook
againat Figure6. The plannerfails becauseét doesnot add
ary operatorto achiere the precondition(truck-at town-1)
of unload, which is true in the initial state. The planner
triesto achieve this preconditiononly whenthe application
of leave-townhasnegatedit; however, aftertheapplication,
thepreconditioncanno longerbeachieved.

We seethatmeans-endanalysignayfail whensomepre-
conditionis true in the currentstate,but is later negatedby
an operatorapplication. We usethis obsenration to iden-
tify arycasesubgoals:a preconditionor a top-level goal
is an anycasesubgoalif, at somepoint of the seach, an
applicationneggatesit.

@| (| 1=x-0)

; T
| is not i}mycase

~~._ lisanycase

R B ‘
o | =m0 | o) =)
£ %L K
(c) O>D>(not 1) |>D>O

Figure7: ldentifyinganarycasesubgoal.

(truck-at
ville) ~!leave- |

llage!
\(ville,” = (truck-at Goals

|
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|
|
> (extra- = h- town-1
:(town-l) (fuel) - town *1) ) unload (at A
[ I —— -
(pack-1=(aL pac
(at pack-lx town-1 town-1)
eave: ville) ~load (in-truck”
oW (pack-1}="pack-1)
(town-1§~ (truck-at-| ville)
ville) ville)

Figure8: Subgoalingn literalstruein the currentstate.

Weillustratetheidentificationof anycasesubgoalsn Fig-
ure7. Supposedhatthe planneraddsan operatorz, with a
precondition/, to the tail (plan a in Figure 7). The plan-
ner createsthe branchwhere! is not an anycasesubgoal
(pland). If, at somedescendentnapplicationof someop-
eratomnegated andif it wastruebeforetheapplicationthen
! is markedasarycase(planc). If the plannerfails to find
a solutionin this branch,it eventuallybacktrackgo plana.
If { is markedasarycase the plannercreatesa new branch,
wherel is anarycasesubgoal(pland). If several precon-
ditions of  aremarkedasarycase the plannercreateghe
branchwherethey all arearnycasesubgoals.

Let us seehow this mechanismworks in the example
of Figure 6. The plannerfirst assumeghat the precondi-
tions of unload(pack-1, town-1) are not arycasesubgoals.
It builds the tail-plan shavn in Figure6 andappliesleave-
town, negatingthe preconditiontruck-at town-1) of unload.
The plannerthenmarksthis preconditiorasarycase.

Eventually the plannerbacktracksandcreateghebranch
where(truck-at town-1) is anarycasesubgoal.lt is achieved
by addingleave-villagg(ville, town-1) (seeFigure8). The
plannetthenconstructshetail-planshavnin Figure8,which
leadgothesolution(thepreconditior(truck-at ville) of leave-
village is satisfiedafterapplyingleave-town).

Clobbers Among Conditional Effects

We illustratetheothersourceof incompleteness—thgseof
conditionaleffects—inFigure9. Thegoalis to loadfragile
pack-1, without breakingit. The planneraddsload(pack-1,
town-1) to achieve (in-truck pack-1). The preconditionsof
load andthe goal (not (broken pack-1)) hold in the current
state,andthe planners only choiceis to apply load. The
applicationcauseghe breakageof pack-1, and no further



Goals

Initial State

(at pack-1 in-truck
tOV\_/n—l) (agowr?_kl)k load (pack—l)
(fragile (pack-1=| (ot
pack-1) (truck-at = town-1 (broken
(truck-at town-1) pack-1))

town-1

Figure9: Failurebecausef a clobbereffect.

planningimprovesthe situation. The plannermaytry other
instance®f load, but they alsobreakthe package.

The problemarisesbecausean effect of load negatesthe
goal(not (broken pack-1)); wecallit aclobbereffect. Theap-
plicationrevealstheclobber andtheplannerbacktracksand
triesto find anotheiinstanceof load, or anotheoperatorthat
doesnotcauseclobbering.If theclobbereffectis notcondi-
tional, backtrackings the only way to remedythe situation.

If theclobberis aconditionaleffect, we shouldtry another
alternatve: negatetheclobbers conditiongPednaultL 988).
It may or may not be a goodchoice;perhapsit is betterto
apply the clobberandthenre-achiee the negatedsubgoal.
For example,if we hada meandor repairinga brokenpack-
age,we coulduseit insteadof cushioning.We thusneeda
decisionpointon whetherto negatea clobbers conditions.

Introducingthis new decisionpoint for every conditional
effect will ensurecompletenesshut may considerablyin-
creaseébranching.We avoid this problemby identifying po-
tential clobbersamongconditionaleffects. We detectthem
inthesamawvayasarycasesubgoals Aneffectis markedasa
potentialclobberif it actuallydeletesomesubgoain oneof
thefailed brandhes. Thedeletedsubgoamaybeatop-level
goal, an operatorprecondition,or a condition of a condi-
tionaleffectthatachievesanothessubgoal Wethusagainuse
informationlearnedn failed branchego guidethesearch.

We illustrate the mechanisnfor identifying clobbersin
Figurel10. Supposehatthe planneraddsanoperatorz, with
a conditionaleffect ¢, to thetail-plan,andthatthis operator
is addedfor the sakeof someotherof its effects(plana in
Figure 10). Thatis, e is notlinked to a subgoal. Initially,
theplannerdoesnottry to negatee’s conditions(plans). If,
at somedescendenty is appliedandits effect e negatesa
subgoathatwastruebeforetheapplicationthentheplanner
markse asa potentialclobber(planc). If the plannerfails
to find a solutionin this branch,it backtrackgo plana. If
e is now markedasa potentialclobber the planneraddsthe
negationof ¢’s conditions,cond to the operators precondi-
tions(pland). If anoperatohasseveral conditionaleffects,
theplannerusesa separat@ecisionpointfor eachof them.

In the exampleof Figure9, the applicationof load(pack-
1, town-1) negatesthe goal (not (broken pack-1)) andthe
plannermarksthe conditionaleffect of load asa potential
clobber Upon backtrackingthe planneraddsthe negation
of the clobbers condition (fragile pack-1) to the precondi-
tions of load. The plannerusescushion to achieve this
new preconditionandgenerateshe plan*cushion(pack-1),
load(pack-1, town-1).”
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Figurel0: Identifying a clobbereffect.
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Figurel1l: Corvertinga solutioninto atail-plan.

Completenesdroof

We give a sketchof the completenesproof. We shav
that,for everysolvableplanningproblem,somesequencef
choicesin theplanners decisionpointsleadsto a solution.

Supposéhata problemhasa (fully instantiatedyolution
“op1, op2, 0ps, ..., op," andthatno othersolutionhasfewer
operators.We begin by definingclobbereffects, subgoals,
andjustified effectsin the solutionplan.

A clobberisaconditionaleffectsuchthat(1)itscondtions
do not hold in the planand (2) if we appliedits actions
aryways,they would makethe planincorrect.

A subgoalis agoalliteral or preconditiorsuchthateither
(1) it doesnot hold in the initial stateor (2) it is negated
by someprior operator For example,a preconditionof ops
is a subgoalif eitherit doesnot hold in the initial stateor
it is neggatedby op;. Every subgoalin a correctsolutionis
achieved by someoperator;for example,if op; negatesa
preconditiorof ops, thanop, mustachieveit.

A justifiedeffectis the lasteffect thatachievesa subgoal
or ngygatesa clobbers conditions. For example,if op, opa,
andopz all achieve somesubgoalpreconditionof opy4, then
the correspondingeffect of ops is justified, sinceit is last
amongthethree.

If a conditionliteral in a justified conditionaleffect does
not hold in theinitial state,or if it is negatedby someprior
operatorwe consideit asubgoal Notethatthedefinitionof
sucha subgoalis recursve: we defineit througha justified
effect, anda justified effect is definedin termsof a subgoal
in someoperatotthatcomesafterit.

Sincewe considela shortessolution,eachoperatoiin the
solutionplanhasatleastonejustifiedeffect. If we link each
subgoaland eachclobbers negation to the corresponding
justified effect, we mayusetheresultinglinks to corvertthe
solutioninto a tree-structuredail-plan. We illustrate this
conversionin Figure1l. If anoperatoris linked to several
subgoalswe useonly oneof thelinks in thetail-plan.

We now show that our algorithm can constructthis tail-



plan. If nosubgoaholdsin theinitial stateandthe planhas
no clobbereffects, thenthe tail constructionis straightfor
ward. The nondeterministialgorithmin Figure5 creates
thedesiredail-planby alwayscalling Badkward-Chainerin
Line 2a, choosingsubgoalghat correspondo the links of
the desiredplan in Line 1b, and selectingthe appropriate
operatorgLine 2b) andtheirinstantiationgLine 4b).

If somesubgoaliteral holdsin the initial state,the plan-
nerfirst builds atail-planthathasno operatodinked to this
subgoal. Then,the applicationof someoperatomegatesit
andthe plannermarksit asarycase.It canthenbacktracks
to the point before thefirst applicationandchoosethe right
operatoffor achieving thesubgoal.Similarly, if theplanhas
aclobbereffect,thealgorithmcandetecit by applyingoper
ators. Theplannercanthenbacktracko the pointbeforethe
applicationsandaddtheright operatofor negatingtheclob-
ber'sconditions.Notethat,evenif theplanneralwaysmakes
theright choicesjt mayhave to backtrackior every subgoal
thatholdsin theinitial stateandfor every clobbereffect.

Eventually thealgorithmconstructsheplanconsistingpf
thedesiredail andnohead.It maythenproducehesolution
plan by alwaysdecidingto applyin Line 2a (seeFigure5)
andselectingapplicableoperatorsn theright ordet

Performanceof the CompletePlanner

We have implementeda complete bidirectional planner
calledrASPUTINE. We presentexperimentalcomparisorof
its efficiengy with thatof PRODIGY4. We thendemonstrate
thatRASPUTINSOIVesmoreproblemghanpPrODIGYA4.

Wefirst give resultsin the PRODIGY LogisticsTransporta-
tion Domain (Veloso1994). The taskin this domainis to
constructplansfor transportingpackagesby vansandair-
planes.Thedomainconsistof seseralcities,eachof which
hasan airportandpostaloffices. We useairplanesfor car
rying packagesetweenairports,andvansfor deliveryfrom
andto postofficeswithin cities. This domainhasno condi-
tional effectsanddoesnot give riseto situationghatrequire
planning for arycasesubgoals;thus, PRODIGY4 performs
betterthanthe completeplanner

We ran both plannerson fifty problemsof variouscom-
plexities. We experimentedvith differentnumberof cities,
vans airplanesandpackagesWerandomlygeneratedaitial
locationsof packagesyans,andairplanesanddestinations
of packages.The resultsare summarizedn Figure 12(a),
whereeachplus (+) denotesa problem. The horizontalaxis
shavs PRODIGY’S running time and the vertical axis gives
RASPUTINS time on the sameproblems. Since PRODIGY
winson all problemsall plusesareabove thediagonal. The
ratio of RASPUTIN'S to PRODIGY’s time variesfrom 1.20to
1.97;its meanis 1.45.

Weransimilartestsn therProDIGY MachineShopDomain
(Gil 1991), which also doesnot require negating effects’
conditionsor planningfor anycasesubgoals. The taskin

TheRussiarmysticGrigori Rasputinusecdthebiblical parable
of the ProdigalSonto justify his debaucheryHe tried to makethe
storyof theProdigalSonascompleteaspossiblewhichis similarto
ourgoal. Besideshisnamecomedsrom theRussiarwordrasputie
which meanglecisionpoint.

(a) Logistics Transportation Domain (b) Trucking Domain
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Figure12: PRODIGY’'sandRASPUTIN S performance.

this domainis to constructplansfor making mechanical
partswith specifiedproperties,using available machining
equipment. The ratio of RASPUTINS to PRODIGY’S time in

thisdomainis betweeri.22and1.89,with themeanat1.39.

We next shav resultsin anextendedversionof our Truck-
ing Domain.We now usemultipletrucksandconnectowns
andvillagesby roads.A truck cango from oneplaceto an-
otheronlyif thereis aroadbetweerthem.We experimented
with differentnumberof towns, villages, trucks,and pack-
ages.We randomlygeneratedoadconnectionsinitial loca-
tionsof trucksandpackagesanddestination®f packages.

In Figure 12(b), we summarizethe performanceof
PRODIGY andRASPUTIN on fifty problems. The twenty-two
problemsdenotedby pluses(+) do not require the clob-
ber negation or arycasesubgoals. PRODIGY outperforms
RASPUTIN ontheseproblemswith a meanratio of 1.27.

Thefourteerproblemsdenotedy asteriskgx) requirethe
useof anycasesubgoalor the negationof clobbers’condi-
tionsfor findinganefficientsolution,but canbe solvedinef-
ficiently withoutit. RASPUTINWiInS ontwelve of theseprob-
lemsandlosesontwo. Theratio of PRODIGY’StO RASPUTINS
time variesfrom 0.90to 9.71, with the meanat 3.69. This
ratio dependsn the numberof requiredarycasesubgoals:
it grows with the numberof suchsubgoals.

Finally, the circles (0) shawv the sixteenproblemsthat
cannotbe solvedwithout arycasesubgoalsandthe negation
of clobbers.PRODIGY hitsthe 10-secondime limit on some
of theseproblemsandterminateswith failure onthe others,
whereaRASPUTINSoOIvesall of them.

Conclusions

We have developeda completebidirectionalplannery by ex-
tending PRODIGY search;to our knowledge, it is the first
completeplannerthat usesmeans-endanalysis. The com-
plete planneris about1.5 times slower than PRODIGY4 on
the problemsthat do not requirenegating clobbers’condi-
tions andplanningfor anycasesubgoalshowever, it solves
problemshattheincompleteplannercannotsolve.

We developedthe completeplannerin threesteps. First,
we identifiedthe specificreasongor incompletenessf pre-
vious planners. Secondwe addednew decisionpointsto
eliminatethesereasons. Third, we implementeda search
algorithmthatexploresthe branche®f the old searchspace
first, andextendsthe searctspaceonly afterfailing to find a
solutionin theold spaces branchesWe conjectureghatthis



three-stempproachmay prove useful for enhancingother
incompleteplanners.

The planner usesinformation from failed branchesin
its branchingdecisionswhich meansthatit mustperform
depth-firstsearch. We cannotusebreadth-firstor best-first

searchhowever, breadth-firssearchin casual-commitment

bidirectionalplannerds impracticallyslow aryways,dueto
alargebranchingfactor
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