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Abstract

We presenta new structuredevelopedto analyze
reachabilitywithin the plan space.The maingoal
is to proposea new heuristicestimatorto guidethe
searchin partial order planners. It could be used
to evaluateestablishersf open-conditiongaswell
asresolentsfor threatsor resourcecontention Al-
gorithmsare detailedto expandthis structureand
updateit alongthesearch.

1 Intr oduction

Several recentworks have contributedto bring backto light

partial-orderalgorithms. First a numberof existing archi-

tecturedor integratingplanningwith executionillustrateone
reasorwhy partial-ordeplannergemainattractive over state
spaceand CSP-or SAT- basedblanners they provide plans
which offer a higher degree of execution flexibility. The

most striking exampleis of courseNASA's RAX [Johnson
etal., 200d. It hasalsobeenshavn thatthepessimisnabout
the scalabilityof partial-ordermplannerscould be challenged
(INguyenandKambhampati2001], [Younesand Simmons,
2002). However, eventhoughsomeimportantimprovements
have beenachieved, we are still lacking a solid domain-
independenteuristicestimatowhichwouldguidethesearch
within planspace.

The mostimpressve resultsto dateareexhibited by plan-
nersmaking use of solid searchcontrol informationwhich
arederived from the structureproposedn [Blum andFurst,
1994 : theplanninggraph.Theplanninggraphis anapprox-
imation of the part of the statespacewhich canbe reached
from a giveninitial situation. It is built in polynomialtime.
It hasbeenusedin differentsuccessfutashions.First, it has
beenproposedasthe basisto build plansthroughits encod-
ing in a CSPor SAT problem([Koehleretal., 1997, [Kautz
and Selman,1999). It hasalso beenusedas a basisto
build informed estimatorgto evaluatethe distancebetween
anodereachedluringthe searchanda goal ((Hoffmannand
Nebel,2001]). Lastit hasbeenusedasa new searchspace
in [Gerevini and Serina,2009 wherethe authorsexposeal-
gorithmsto explore a spacewhosenodesare subgraphf
the planninggraph. Therehasbeensomeattemptsto ben-
efit from the strengthof the planninggraphin a plan space
search.But transposinguccessfubpproaches statespace
is not straightforwarcandraisessomedifficulties.

LetusdetailthePlanSpacexplorationprocessoasto ex-
plain this last statementNodesof the Plan Spaceare partial
planswhich cancontainflaws : openconditions(conditions
with nosupportingactions)or threatgtwo mutuallyexclusive
propositionswhich could possiblyinterferewith eachother
or causeresourcecontentions).Movesin this searchspace
consistin flaw repairs. In orderto completethe searchfor
a solution, partial plansarerefinedby the addition of resol-
vents eitherestablisherfor openconditions(causalink with
an actionalreadyin the plan or a new action)or constraints
(orderingor binding/separationfor threats. Thuschoosing
how to progressn the searchimpliesrankingvery different
operatorsgachone repairingoneflaw. As statedin [Weld,
1994, this choiceis usuallydecomposeihto two steps: first
aflaw is choserandthe neighborhooaf the currentnodeis
definedby the resohentsof the choserflaw, thenaresohent
is chosen.

Elaboratingefficient heuristicsto take thesedecisionsis
complicatedby the partial order on actionsthat prevent us
from determiningthe context in which actionswill actually
be applied. Somehwy, sinceit is not obvious to associate
partial planto a "currentstate”,it is difficult to estimatehow
far it is from asolution. A goodreview of the heuristicsused
to choosewhich flaw to focuson canbe foundin [Pollacket
al., 1997. But it turnsout that mostof thesecontrol strate-
giesareproblem-dependentlo achieve betterperformance,
VHPOP ([Younesand Simmons,2004) periodically switch
from onestratgy to anotheralongthe search. Evenif this
versatility might pay out, it is not really satisfyingsinceit
needsadditionalcontrolfor instanceio decidehow oftenthe
controlstratgy shouldbe changed.

In [Nguyenand Kambhampati 2001, the authorsfocus
on the selectionof a resohent for a given open-condition.
They proposea novel heuristicestimatorrelying on the use
of a planninggraphto rank partial plans. Their planner Re-
POR usesonly groundactionsanddoesnot handleresource.
Thusthe only threats resolentsto be consideredareorder
ing constraints.Insteadof branchingon eitherdemotionor
promotion,RePORusesa disjunctiverepresentationf order
ings during plan refinement. Onceall the flaws are solved,
theremainingdisjunctive constraintsaresplit into the search
space. The efficieng/ of the POPalgorithmis reportedto
be dramaticallyimproved. However this systemhassome
limits. Oneis the use of disjunctive constraints. extend-
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Figurel: the PS-PGior a problemof thedomainZeno

ing RePOPo handlelifted actionsor resourcesvould intro-
ducesomethreatswith morethantwo alternatve resohents.
Keepingsuchdisjunctionswvouldsignificantlycomplicatehe
constraintropagation.Furthermorechoosingwhich open-
condition (or flaw) to focuson is still an openissuesince
RePOPrelieson the sameclassicheuristicsasVHPOR

Our work has been motivated by this lack of a well
groundedand uniform searchcontrol stratgy in planspace.
In the following sectionsof this paper we first proposea
structurethatenablesisto catcha partof thePlanSpaceahat
is relevantto a given problem.We highlight someproperties
of this structure mainly thatit canreflectthe effectsof com-
mitmentmadealongplanrefinementsFinally we proposeo
usethis structureto obtaincontrolinformationrankingestab-
lishersaswell asthreatresolhents.

2 The Plan SpacePlanning Graph :
Definitions and Properties

In this sectionwe first review the basisof partial-ordeiplan-
ning algorithms.Thenwe exposemethoddgo build a disjunc-
tive structurerepresentin@ partof the PlanSpace We name
it the "Plan SpacePlanningGraph”(PS-PG).

In this paperwe will only considerthe context of classical
planningproblems. Theinitial stateof the world 7, the list
of goalsG andthe setof deterministicactionschemas? are
given. Eachactionschemaz € € hasa preconditionlist
andaneffectlist, denotedrespectiely Pre(a) andEf f(a).
Finding a plan consistsin building an orderedsetof actions
(instantiation®f actionschemajvhich will achieve thegoals
G whenexecutedfrom 7.

Background on POP Algorithm - The Partial Order
Planningalgorithmsearcheshe solutionplaninto the partial
plan space. A partial plan canbe consideredas a conjunc-
tion of constraintsthat definesa set of "candidatesplans”.
The searchprocesswill reducethis setof candidatesntil it
discardsevery inconsisteniplan, the remainingplansbeing
solutionsfor the problem.

More formally a partial plan is defined as a 6-tuple
(A,0,B,L,0C,UL) where A is a set of potentially un-
groundedactions,© asetof orderingconstraintover 4, 5 a
setof constraintover thevariablediguring in elementf A

and( is asetof causalinks * (i.e. orientedarcsbetweerac-
tions labeledby a propositionwhich figure commitmentfor
an actionto establishone preconditionof an otheraction).
Thedescriptionof a partial planis completedby two setsof
flaws: OC, asetof openconditions,andi/ £, a setof unsafe
links (threats).A partial planstandgfor a family of plans. It
is consideredo be a valid solutionif all of theseplansare
consistent.Thisimpliesthatthe setsOC andi/ £ areempty
An opencondition designates non-eplainedprecondition
of oneof the actionsin .A. A threatappearsvhenanaction
ay establishes preconditionp of anactiona, while a third
actionas might causethe cancellationof this precondition,
i.e not(p) is an effect of a3 andas might occurbetween:;
andas withoutviolating ary constrainin O .

The algorithm startsits searchfrom a partial plan which
containsonly two actionsA, and A.,. Ap hasonly effects:
it establishesheinitial state. A, hasonly preconditionsit
initializesthe openconditionswith thedesiredinal state.

Stepby step thePOPalgorithmis goingtotry toresoleall
theflaws of thepartialplan. A stepconsistsn selectincaflaw
andchoosingaresolhent. An openconditioncanbeexplained
eitherby insertinga new actionwhoseeffectsunify with this
openconditionor by establishinga new causallink with an
actionalreadyin the plan. To resolhe athreat,it is necessary
to over-constrainthe actionssoasto ensurenon-overlapping
betweerthethreateningictionandthethreatenedink. Thisis
achieved by postingtemporal(promotion/demotn)or atem-
poral(inequalities)constraints.

If the searchreaches nodewhich containsoneflaw with
no possibleresolent,it hasgoneinto a dead-endranch: it
hasto backtrackon oneof its previous choices.

The selectionof the flaw and the choice of a resohent
involve good heuristicsto guidethe search.As seenabove,
theheuristicestimatorsisedin this context shouldbe ableto
rankvariousresolents: interncausalinks, causalinks with
new tasks, ordering constraintsand binding or separation
constraintsin orderto build suchanestimatorwe proposea
new way to computereachabilitywithin PlanSpace.

1Sincewe consideungroundedictions causalinks involve uni-

fying parametersf actionsandopen-conditionslf ¢ = a 2 bisa
causalink, wewill denotes(c) thesubstitutionthatmapsthe vari-
ablesin b to thevariablesin a.



The Plan SpacePlanning Graph - This structureis in-
tendedto catchthe part of the plan spacethat might be ex-
plored by the POPalgorithm. Like a partial plan, it canbe
consideredsasetof actionsandconstraintslefiningafamily
of potentialplans.Butinsteadof committingto oneresohent
for eachflaw, theideais to keepdisjunctions.Therelaxation
hereconsistsn neglectingthreatsandfocusingon opencon-
ditions andtheir establishersWe definethe elementsof the
structureand how it is expanded. The expansionprocedure
stronglysuggests successionf open-conditionsayersand
establishertayers. Theresultingstructurecanbe considered
asanextensionof the Action Graph,describedn [Smithand
Peot,1999, to dealwith lifted actions.

Definition - ThePlan SpacePlanningGraph (PS-PG)is an
orientedgraphwith two kind of nodes: propositionandac-
tion nodes.It canbe formally expressedasa 7-tuple (P, A,

Pre, £L, ITL, O,B). P and. A arerespectiely proposition
andactionnodes. Pre areedgesfromP to A : if a € A

thenP containsnodescorrespondingo the preconditionsf

a and Pre containsedgesrom thesenodeso a. ££ andZ L

completethe setof edges they aresetsof causalinks from

actionsto propositionq € £ standdor externlink andZ £ for

internlink). We alsodenotel = ZL U £L. O andB3 areset
of orderingconstraintsand constraintover variables;these
constraintareinducedby thecausalinksin L.

ThePS-PGis initialized with thetwo actionsAg and A,.
It is thenexpandedaccordingto the proceduré Expansion”.

Expansion:

1. OC  Pre(As), NewOC + 0

2. while (OC # 0)

3. for every oc in OC

4. ExternEst + supportingtaskpc)

5. for every £ in ExternEst

6. insert(¥)

7. NewOC «+ NewOC U Pre(E)

8. endfor

9. endfor

10. for every ocin OC

11. InternE'st «+ internestablishers()
12. forevery £ in InternEst

13. insert(¥)

14. endfor

15. endfor

16. Add constraint§rom the new causalinks
17. OC « NewOC, NewOC « 0

18. endwhile

Noteson the "Expansion” procedure - The function sup-
porting_task returnsthe list of all the possibleextern estab-
lishersof thegivenopen-conditiorve, i.e. new actionswhich
have oneeffect that canbe unified with oc. Insertingan ex-
tern establisherconsistsin the following : binding the vari-
ablesinvolvedin the actionandin the open-condition(new
constraintdn B), addingthe actionin A, its preconditions
in P andthe correspondingedgesn Pre, thena causallink
with theopen-conditions addedn £L.
intern_establisher(ocjeturnsthelist of all the possiblen-
ternestablishersf oc, i.e. all theactionsalreadyin .4 whose
oneof the effects could be unified with oc. Decidingif an

elementof .4 could be anintern establisheiof oc involves
checkingweitherthis causalink would be consistentvith O
andB. Insertinganintern establishersimply entailsadding
acausalink in ZL.

On Line 16, the constraintsve areconcernedvith areor-
deringsand bindingsfrom the new establishments an ac-
tion shouldbe orderedafter the establishersf its precondi-
tions and the domainsof its parametersalso dependon its
establishersSincethereis no commitmento a particulares-
tablisher theseconstraintsare disjunctive. Given an action
a € A andoneof its preconditionp € P, thefollowing con-
straintshold:

o (\.(a>b;),b; € Est(p)) € O where
Est(p) ={be A,b—pe L}

e Vo € Var(p) Dom(z) C U;(Dom(y;),y; € Est(x))
whereEst(z) = {y,3b € A/y = o (b — p)(z)}

A lastremarkshouldbe madeon the stopconditionused
online 2. Thisis not a realisticstop conditionfor the sim-
ple reasorthatin mostcases partialplan canalwaysbe ex-
tendeddy puttingactionsnto it (loops)whichentailmoreand
more openconditionsto be establishedInstead the expan-
sion shouldbe stoppedwhentherearereasorto believe the
PS-PGcontainsa solutionplan. We will proposean actual
stopconditionin thefollowing sections.

Figure 1 providesan example of a PS-PGdevelopedfor
a problemin the domainZeno. Thereare 4 actionsin the
domain(Fly, Refuel,Board, Debark). Solid (resp. dashed)
lines standfor extern (resp. intern) causalinks. Bold lines
representhe links that are part of the actualsolutionof the
problem.

Beforemoving onto usingthe PlanSpacePlanningGraph
asthe basisfor a heuristicestimator let us stateone of its
importantproperties.

Property - All the partial plans that the POP algorithm
could explore are containedin the Plan SpacePlanning
Graph.

More preciselyif the Expansiomprocedue passeshrough
the main loop N times,thenany partial plan that might be
refinedby the POP algorithm to resolveN open-conditions
(andanynumberof flaws)is containedn the PS-PG.

Intuitively, this propertyis ensuredy thetwo stepswithin
the mainloop of "Expansion”. First all new tasksarecom-
putedandinsertedin the PS-PG.t is only afterthis thatin-
terncausalinks arecomputed Thustasksthathave justbeen
addedo establishan open-conditiormight alsobereusedo
establishotheropen-conditiongsside-efects. This way we
makesurethatall combination®f resolentsareconsidered.

3 Estimating distancewithin Plan Space

As saidabove, the PS-PGcanbe consideredisa setof con-
straintsthat definesa setof candidateplans. It is possible
to evaluatea lower boundof the length of a solution plan
throughthe PS-PG.Adding constraintsJike committing to
oneestablisher®r enforcingan orderbetweentwo actions,
will reducethe setof candidatesindthuspotentiallychange
(increasejhelowerboundof thelengthof solutionplan. This
changecanbeusedasanestimatorto rankresohentsin func-



tion of theirlikelinessto bring the partialplan closerto a so-
lution plan.

In this sectionwe will first presentheuristicfunctionsto
estimatea lower boundof thelengthof a solutionplanusing
the PS-PG.We will thenpresenta methodto enforcein the
PS-PGeither a commitmentto an establisheror ordering
constraintsor even binding/separatioronstraints. We will
then disposeof all the necessaryool to build a heuristic
searchcontrolfor aPOPalgorithm.

Lower bound of the length of a solution plan - Theseunc-

tionscomputea lower boundof thelengthof a solutionplan.

Thelengthof a partialplan P is measureasthe numberof

refinementhatshouldbe appliedto theinitial partial planto

reachP. It is astrictlowerboundsinceresolhentsfor threats
arenottakeninto account.Theformulaspresentedbelow are
inducedby the interpretationof the PS-PGasan AND/OR

structure: all the open-conditionén a partial planshouldbe
establishedo reacha solutionandeachopen-conditiorcan
be establishedh differentways.

In the following equations, P denotesa partial plan,
OC(P) the set of open-conditionsn P, p a proposition,
Est(p) the setof possibleestablishersf p which appeaiin
the PS-PG(i.e. Est(p) ={a € Ala — p € L}), E atask
andfinally OC(F) is the setof open-conditions” would in-
troducein theplan.

(1) cost(P) = Z cost(p)
peEOC(P)
(2) cost(p) = EEIIE’l}sItl(p) cost(E) if Est(p) # 0,
oo otherwise
() cost(E) = 1+ Z cost(p)
pEOC(E)

It shouldbe notedthatthesefunctionstake positive inter-
actionsinto accountAn actionis usedonly onceasanextern
causalink (seeProcedurd&xpansioi. If it is usedto support
otheropen-conditionss side-efects, it is throughan intern
causallink. Sinceinterncausalink do not entailary open-
condition, the costof establishinghe preconditionswill be
countedonly once,even if it is usedto establishedseveral
propositions.

Lastthesefunctionsprovide a criterionto stopthe expan-
sion of the PS-PG: aslong asthe costof the initial partial
planis infinite, the POPalgorithmwill have to refinethe par
tial planwith establishersvhich arenotin the PS-PG.Soa
stratgy consistdn expandingthe PS-PGso asto reacha fi-
nite costandthenconsiderfurther expansionif it is required
by thesearch.

Enforcing choicesin the PS-PG- The proceduré’Expan-
sion” proposedn the previous sectioncatchesa part of the
PlanSpaceaccordingto the "constraints"definedby theini-
tial situationandthe goals. Now we considermethodsto
modify the PS-PGaccordinglyto additionalconstraints we
areinterestedn determiningvhatwouldbetheconsequences
of committingto a specificflaw resohentwith respecto the
reachablgartof the searchspace.

Committing to an establisherfor an open condition will
discardall thealternatve establishers it involvesdiscarding

thepreconditionghey entailedandof courset preventsthem
from beingfurtherusedin interncausalinks. Committingto

anorderingor separatiorconstrainto solve a threatwill af-

fectsomeestablishera/hichwill nolongerbeconsistentvith

either3 or 0. TheproceduréEnforce” is presentedelov

to shav how thesechangesrepropagatedvithin the PS-PG
in caseof commitmento anestablisherThe procedurdor a
constrainithreatsresolent)is basicallythe same.

Enforce(EstablisherE)
1. a—=p=F

2. addconstraint{a > s) where(p — s) € Pre

3. addbindingconstraintdetween: andp

4. DiscardedFEst + establishers(p) — a

5. DiscardedOC  entailed_oc(DiscardedEst)
6. Remawe DiscardedEstrom the PS-PG.

7. OC « Pre(As)

8. while(OC # B)

9 for every ocin OC

10. Ests + establihers(oc)

11. if oc € DiscardedOC then

12. DiscardedOC + entailed_oc(Fsts)
13. Remae Estsfrom the PSPG

14. else

15. for every £/ in Ests

16. if no_longer_possible(F) then

17. DiscardedOC < DiscardedOC
18. U entailed_oc(E)
19. Remae E from the PS-PG

20. else

21. NewOC «+ NewOC U entailed_oc(E)
22. endif

23. endfor

24. endif

25. endfor

26. OC < NewOC, NewOC +

27. endwhile

Remawing an extern causallink ¢ — p from the PS-PG
consistsn remwving ¢ — p from ££, removing a from A
andfor every preconditionp of a remaving p from P and
removing p — a from Pre. Remaing anintern causalink
simply consistsn remwing it fromZ L.

Online 16, checkingif a causallink is no longerpossible
consistsn checkingif theinvolved actionhasnot beendis-
cardedfrom the PS-PGandif it is still consistenwith the
currentconstraintgorderingandbinding/separation).

On line 8, this stop condition is sufficient : contraryto
what is donein "Expansion”, herewe are not computing
new establisherut retrieving whatis alreadyin the PS-PG.
Thus,sincethe expansionof the PS-PGhasfinished,we are
sureto stop.

Search control - We arenow readyto explain how to use
the PS-PGto guidethe searchprocessn a POPalgorithm.
The basicideais that at eachstepof the searchresolhents
will be rankedaccordingto the lower bound of the length
of a solutioncomputedvia the PS-PGoncethey have been
enforced ThePS-PQGwill beincrementallyupdatedalongthe
searchby actuallyenforcingeachresohentwhich is chosen
to be addedto the currentpartial plan. The procedurePOP



below givesa naive sketchof algorithmto illustrate sucha
seacchcontrol.

POP(.,G)
1. P « initial partialplan
({Ao, A }, {A0 < Ao}, 0, Pre(Aw), 0)

2. Flaws + Pre(Aw)

3. ExpandthePS-PG

4. while (Flaws # 0)

5. Resolvents < compute_resolvent(Flaws)
6. if (Resolvents — (}) thenBacktrack.

7. for every R in Resolvents

8. Evaluatethecostof R in thePS-PG

9. [* i.e. temporaryenforceR andcomputecost x /
10. endfor

11. chooseR with minimal cost

12. addR in P andupdateF'laws

13. if P isinconsistenthenBacktrack.

14. enforceR in thePS-PG

15.  endwhile

This simple setting enablesus to highlight one of the
strengthof this heuristicestimator: it evaluatesin a uni-
form way all kinds of resolents. Thusit could be usedin
amuchmoreexpressve contet, for instancen systemdan-
dling time and numericresourcessuchas IxTeT ([Ghallab
and Laruelle, 1994) or HSTS ([Muscettola,1994). What
wouldthenberequiredaremoduledo analyzelaws andelab-
oratetheirresohents.For instancesuchmethodsasthoseex-
posedin [Laborie,2001 could be usedto build an efficient
ResourceContentionDetectionmodulethatwould elaborate
setsof constraintso resohe thesenew threats. Thesecon-
straintscouldthenbe evaluatedthroughthe PS-PG.

Beyondthe controlschemaxposedabore, we couldelab-
oratea more complex algorithm. First we could mix it with
classicalPOPsettings,suchasa two-level choice: first se-
lect a flaw andthena resohent. But the PS-PGitself could
be usedmoreactively. For instancejt couldbe usedto com-
pute the resolhentsfor open-conditionsat eachstep of the
search. Furthermoreinsteadof insertingestablisher®ne at
a time, deterministicbrancheof the PS-PG(i.e part of the
graphwith no alternatves)couldbeinsertedaltogether

4 Conclusion

We have presentea structureto encodethe partof the Plan
Spacewhich might be explored by a POP algorithmfor a
givenproblem,namelythe Plan SpacePlanningGraph. We
proposeto useit asa basisfrom which to computeheuristic
informationandto build a searclcontrolstratey.

We arecurrentlyworking on the effective implementation
andexperimentatiorof the searctcontrolproposedn section
3. We have implementedhe PS-PGwithin thelxTeT system.
Althoughvery preliminar the resultswe obtainindicatethat
the heuristicturnsout to be much more efficient thanfixed
stratgy suchasLIFO, Z-LIFO or LCFR. However expand-
ing the PS-PGremainsexpensve andhardly bearscompari-
sonwith thesystemsvhichtookpartin thethird International
PlanningCompetition.We arecontinuingto work on theim-
plementatiorso asto checkwhetherthe extendedtemporal
context might be responsiblefor theseresultsand find out
how to makethis approacltomputationallyeffective.
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