
AltAlt-p: OnlineParallelizationof Planswith HeuristicState
Search

RomeoSanchezNigenda& SubbaraoKambhampati
Departmentof ComputerScienceandEngineering
ArizonaStateUniversity, TempeAZ 85287-5406

TelephoneNumber:4809652735
Email:

�
rsanchez,rao� @asu.edu

ASU CSETR02-002

Abstract

Despitetheir neardominance,heuristicstatesearchplannersstill lag behinddisjunctive plan-
nersin thegenerationof parallelplansin classicalplanning.Thereasonis thatdirectly searching
for parallelsolutionsin statespaceplannerswould requirethe plannersto branchon all possible
subsetsof parallelactions,thusincreasingthebranchingfactorexponentially. We presentavariant
of our statesearchplannerAltAlt calledAltAlt-p which generatesparallelplansby usinggreedy
onlineparallelizationof partialplans.Thegreedyapproachis significantlyinformedby theuseof
novel distanceheuristicsthatAltAlt-p derivesfrom a graphplan-styleplanninggraphfor theprob-
lem. While thisapproachis notguaranteedto provideoptimalparallelplans,empiricalresultsshow
thatAltAlt-p is capableof generatinggoodquality parallelplanswithout losingalsothequality in
termsof the total numberof actionsin the solutionat a fraction of the time cost incurredby the
disjunctiveplanners.

Keywords:Domain-independent planning,scalability in planning,heuristicstatesearchplanning,
parallelplans,andpartialplanning.

1 Intr oduction

In mostof realworld applicationsit is necessaryto find optimalplansgivenacostmeasure.Sequential
planscanbe seenasa specialcaseof parallelplans,whereeachaction is representedby an atomic
execution. It is morerealisticto representplansthat areoptimizedgiven a costmeasure(e.g. time),
andin which eachstepin theplanencodesa setof independentactions.Themainmotivation for this
representationis that most real world scenarioscould have a subsetof non conflicting actions,and
exploiting their concurrentexecutionto minimizetime is animportantrequirement.

Despitetheir neardominance,heuristicstatesearchplannersstill lag behinddisjunctive planners
in thegenerationof parallelplansin classicalplanning.Thereasonis thatdirectly searchingfor par-
allel solutionsin statespaceplannerswould requiretheplannersto branchon all possiblesubsetsof
parallelactions,thusincreasingthebranchingfactorexponentially. AltAlt is basedon two of themain
approaches:disjunctive plannersasexemplifiedby Graphplan[2], andheuristicstatespaceplanners
exemplifiedby UNPOP[11], HSP[4] andHSP-R[3].
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Graphplanbasedplannersare able to supportoptimal parallelismby groupingas many as non
conflictingactionsat eachtime stepof thesearch.In thecaseof heuristicstatesearchplanners,they
have proved to perform very well in solving large deterministicplanningproblems[3, 4], but they
have laggedbehinddisjunctive plannersin generatingparallelplans.However, we canusethreemain
techniquesto find suchplansin statespacesearch:

1. Searchin thetotal spaceof parallelplans.

2. Post-Processasequentialplanin orderto minimizethenumberof parallelsteps.

3. Useagreedytechniqueto incrementallyparallelizetheplan.

The first approachis basicallyinfeasible,becausewe would needto considerall partial subsets
of applicableactionsexponentiallyincreasingour branchingfactor [12, 5]. The secondapproachis
extensively discussedin [14], in whichreorderingsanddeorderingsof sequentialplansaredoneoffline
to minimize the numberof parallel steps. The main drawback of this approachis that it doesnot
minimize the numberof parallelstepsgiven the overall problem,but only given thecurrentplan. In
otherwords,thereis no guaranteethat the given plan will encodethe bestorderingto minimize the
numberof parallelstepsbecauseit wasnot computedfor thatpurpose.

Our approachfalls in between,andaims to incrementallyparallelizethe partial plan during the
regressionsearch.Themainadvantagefor this kind of approachis thatit canobtainon thefly parallel
informationof thepartialplan,andit doesnot incur in thecostof searchingthewholespace.Moreover,
our approachis ablealsoto maintainquality in termsof the total numberof actionsin theplan. We
implementthisin AltAlt-p whichis basedontheimplementationof AltAlt planningsystem[8]. AltAlt-
p usesagreedyapproachthatmakesuseof its heuristicsto consideronly asubsetof themostpromising
parallelactionsat eachlevel of the search,iteratively addingmoreactionslater, andrearrangingthe
partialplan to maximizeits parallelism.Empirical resultsshow thatour approachnot only maintains
the quality of the plansin termsof the numberof parallelsteps,but also in termsof the numberof
actionscontainedin the plan. AltAlt-p provides a good tradeoff betweenthe quality basedon the
numberof parallelstepsin theplan,andlengthof thesolution.This is partlybecausenotonly commits
to parallelizetheplanbut alsoto insertthebestpossibleactionsat eachstageof thesearchreducing
the numberof actionsin the final solution. Becauseof this ability, AltAlt-p remainsthe only viable
optionwherecompetingapproachescannot evensolve theproblems.Our costsin termsof spaceand
time for finding parallelplanswith ourapproacharenegligible. Resultsalsoshow thatAltAlt-p incurs
very little additionaloverheadover AltAlt . Finally, we alsoshow that thequality of theparallelplans
generatedby our approachis superiorto that generatedby a post-processingapproach,but it is not
optimalwith respectto theGraphplan-basedsolutions.

In the restof this paper, we discussthe implementationandevaluationof our approachto gen-
erateparallelplanswith AltAlt-p . Section2 startsby providing the backgroundon AltAlt the base
plannerandexplainshow differs from AltAlt-p . Section3 and 4 describesthe generationof paral-
lel plansin AltAlt-p andconstraintsthis approachwith alternateapproaches(e.g. post-processing).
Next, Section5 presentsextensive empiricalevaluationof our implementationthat demonstratesthe
effectivenessand limitations of our approximation. This sectionalsopresentsexperimentsto study
the quality andefficiency tradeoffs betweenGraphplanbasedplannersandAltAlt-p in the computa-
tion of parallelplans. Finally, Section6 discussessomerelatedwork andSection7 summarizesour
contributions.
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Figure1: Architectureof AltAlt

2 Background on AltAlt

AltAlt systemis basedon a combinationof Graphplanandheuristicstatespacesearchtechnology.
AltAlt extractspowerful heuristicsfrom a planninggraphdatastructureto guidebackwardsthestate
search. The highlevel architectureof AltAlt is shown in Figure 1. The problemspecificationand
theactiontemplatedescriptionarefirst fed to a Graphplan-styleplanner, which constructsa planning
graphfor that problemin polynomial time. We assumethe readeris familiar with the Graphplan
algorithm[2].This planninggraphstructureis thenfedto aheuristicextractormodulethatis capableof
extractinga varietyof effective andadmissibleheuristics,basedon thetheorythatwe have developed
in our recentwork [8, 9]. This heuristic,alongwith theproblemspecification,andthesetof ground
actionsin thefinal actionlevel of theplanninggraphstructure(seebelow for explanation)arefed to a
regressionstate-searchplanner.

To explain theoperationof AltAlt at a moredetailedlevel, we needto provide somefurtherback-
groundonits variouscomponents.Weshallstartwith theregressionsearchmodule.Thismodulestarts
with thegoalstateandregressesit over thesetof relevantactioninstancesfrom thedomain.An action
instance� is consideredrelevant to a state � if theeffectsof � give at leastoneelementof � anddo
not deleteanyelementof � . Theresultof regressing� over � is then ���	��
�
����������������������� –whichis
essentiallythesetof goalsthatstill needto beachievedbeforetheapplicationof � , suchthateverything
in � would have beenachievedonce � is applied.For eachrelevantaction � , a separatesearchbranch
is generated,with the resultof regressing� over that actionasthe new statein that branch. Search
terminateswith successatanodeif every literal in thestatecorrespondingto thatnodeis presentin the
initial stateof theproblem.

The crux of controlling the regressionsearchinvolvesproviding a heuristicfunction that canes-
timatetherelative goodnessof thestateson the fringe of thecurrentsearchtreeandguidethesearch
in mostpromisingdirections.Thecritical issuein designingheuristicsis to take positive andnegative
interactionsamongsubgoalsinto account.However, taking interactionsinto accountin a principled
way turnsout to presentseveral technicalchallenges.Fortunately, our recentwork [8, 9] providesan
interestingway of leveragingthe Graphplantechnologyto generatevery effective heuristics. In the
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next subsection,we introduceoneof thebestheuristics.

2.1 ���! #"%$�&�')(+* Heuristics

Oneof the bestheuristicsaccordingto our analysisin [8, 9] wasa heuristiccalled ,-�! ."/$�&�'0(+* . We
adoptedthis heuristicas the default heuristic in AltAlt and AltAlt-p . In the following, we briefly
describethisheuristic.

The basicideaof ,-�! #"%$�&�'0(+* is to adjustthe sumheuristic[8] to take positive andnegative in-
teractionsinto account.This heuristicapproximatesthecostof achieving thesubgoalsin someset 1
asthe sumof the costof achieving 1 , while consideringpositive interactionsandignoring negative
interactions,plus thepenaltyfor ignoringthenegative interactions.Thefirst componentcanbecom-
putedasthe lengthof a “relaxedplan” for supporting1 , which is extractedby ignoring all themutex
relations. And, thesecondcomponentasthelargestinteractingvalueamongany pairof subgoalsin 1 .
In summary, we have:

Heuristic 1 (AdjustedHeuristic2M) ,-�! #"%$�&�'0(+*	2�143)57698;:�<�=?>@,A2�BC:�8�DFE!:�G�HI8�D?<J2�1J3�3�KMLND?EPORQ S/T $VU 27HXW+Y�3
This heuristicnot only providesquality in termsof the numberof actionscontainedin the plan,

but alsoin thefinal numberof parallelsteps.Thecomputationof theheuristiccapturestheinteraction
amongpairwiseindependentsubgoals,providing usefulinformationto theplanner. As we will seein
ourevaluationSection5 thisheuristicprovidesagoodtradeoff betweenquality in termsof thenumber
of actionsin theplanandthenumberof parallelsteps,andefficiency.

Oneof the main differencesbetweenAltAlt andAltAlt-p is the computationof the heuristic. In
AltAlt theheuristicswereextractedfrom a serialplanninggraph[8], in which every pair of non-noop
actionsat thesamelevel aremarkedmutex to make theoptimalityholdsin termsof numberof actions.
However, in AltAlt-p weareinterestedalsoin encodingtheinformationaboutthetotalnumberof steps,
whereeachstepcanhave multiple actions.So,thecomputationof theheuristicson AltAlt-p is based
on a parallelplanninggraphratherthanon a serialone.This proceduregive usmoreeffectivenessnot
only in thetotalnumberof parallelstepsbut alsoin thefinal numberof actionsin theplan. In Section5
we provide empiricalresultsof our intuition.

3 Representationof Parallel Plansin AltAlt-p

Oneof themainmotivationsin representingparallelplansis thatmostrealworld applicationsrequire
to find plansgivena costmeasure[14]. Oneof thesecostmeasuresis executiontime,wherea planis
representedusingtimestepsinsteadof sequentialactions.Eachtimestepcoulditself containanumber
of independentactionsthatcanbeexecutedtogether, without constrainingto a specificorderbetween
them. To representparallelplansin AltAlt-p , we needto addincrementallyto a partial plana setof
independentactions:

Definition 1 (IndependentActions) Two actions D and D�Z are considered independentin our context
if andonly if theresultingstate1\[ afterapplyingbothactionssimultaneouslyis thesamestateobtained
by applying D and D-Z sequentiallywith anyof their possiblelinearizations.

Thelastdefinitionimpliesthat D and D�Z canbedonein parallelif their executiondoesnot overlap
atall [14]. In otherwords,if thepreconditionsandeffectsof eachof theactionsdonot interact.
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Definition 2 (Interaction) Two actions ] and ]!^ do not interact with each other if _�_�_7`Ia�b�c�_�]�dMe
b�f�f�b�c%g@hP_�]�d�d�ij_7`�a�b�c�_�]-k%dXelb�f�f�b�c/g�hP_�]-k/d�d�d4m9n

In otherwords,neitherof theactiondeletesatomsfrom thepreconditionandeffect listsof theother
[5]. So,we considera parallelstepasonecontaininga setof actionswhich arepairwiseindependent.
AltAlt-p changesthebranchingstrategy of AltAlt , andit hastwo mainalternatesteps,theselectionof
themostpromisingparallelnodeandtherearrangingof theplan.Wewill discussouroverallprocedure
in thenext subsection3.1.

3.1 Intr oducing Parallel Nodesinto the Search Space

Recall from section2 that AltAlt-p searchesthe statespaceof the problemin a backward direction,
guidedby powerful heuristicsextractedfrom theplanninggraphdatastructure.In serialdomainsthe
executioncostof a plan is basedon theoccurrencesof actionsratherthantime steps.In otherwords,
eachactionrepresentsa time step. In our parallelspace,the cost is in termsof time stepsthat may
containa parallel set of independentactions. AltAlt-p will try to limit the branchingfactor of the
problemby consideringonly individual actionsgivenastateateachtimestep,andby creatingparallel
nodes,whichcontainthemostpromisingsetof independentactionsdeterminedbytheheuristicat each
timestep. Initially, only oneparallelnodeis createdat eachlevel of thesearch.Themainmotivation
for this techniqueis thatwe do not want to explore theexponentialsubsetsof applicableactions,and
at thesametimewantagoodapproximationof thebestparallelnodesduringthesearch.Ourapproach
picksthesinglebestaction,asrecommendedby theheuristic,andaddspairwiseindependentactionsto
thatbranch.Theobviouswayto parallelizethechosenbranchis to addthemaximumpossiblenumber
of pairwiseindependentactionsto thatbranch.Applying themaximumparallelsetdoesnotwork well
in practice,this techniquedoesnot make useof theheuristicinformationat all, increasingthenumber
of actionsin the plan, andconsequentlyincreasingthe numberof parallelsteps.Justbecause,a set
of actionscould be appliedin paralleldoesnot imply that they shouldhadbeenappliedat that time.
Themaindrawbackis thatsomeactionsin themaximumsetcouldtake usaway from theinitial state,
necessitatingtheintroductionof moreactions.

We specificallyidentify thebestindividual choiceat eachtime step,we call this actionthe `�oqpFrsg .
Usingthis `�o�pFrsg , we will setup a thresholdfor therestof theactions.Actionsthatproducenodeswith
lessheuristiccostthanthis thresholdwill beconsideredto createtheparallelnode.Wedonotconsider
independentactionswhoseintroductionworsentheheuristiccostof the `�o�pPrsg . Basically, we identify
thepossiblesetof independentactionswithin thethresholdandwith thecurrent̀�o�pPrsg , andcreatethe
parallelnode.Thisparallelnodebecomesanadditionalbranchin thecurrentstatebeingevaluated,and
its costwill bethesameasthecostof the `�o�pFrsg node.

It is easyto seethatwe may losesomerelevant actionsin thecomputationof theparallelnodes.
Thesearetheactionsthatcouldhavebeenindependentandpartof theparallelnode,but werediscarded
by the `�o�pFrsg threshold.In orderto solve this problem,andgeta betterapproximationto theoptimal
parallelplan, the algorithmwill identify theseactionsif they areselectedlater in the searchtreefor
expansion. Oncethey are identified, our algorithm tries to rearrangethe partial plan. Specifically,
beforeexpandingsuchactions,thealgorithmwill go throughthecurrentpartialplancheckingif there
exists a nodewhich containsonly pairwiseindependentactionswith respectto thecurrentselection.
If sucha nodeexists, the currentactionis addedto that nodeandthe changesarepropagateddown
throughthepartialplan to avoid losingtheprogressof thesearch.This computationis not expensive
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Figure2: SearchAlgorithm andSearchTree

becauseit is just linearonthenumberof ancestorsof thecurrentnode.Wecall thisprocedure�I�!�s���J� ,
andit is discussedwith anexamplein thenext section.

4 A detailedexample

We will illustrate the detailsof our algorithmwith an example. We canobserve both the selection
mechanismsin Figure2(a),andanexampleof thesearchtreeof a problemfrom theLogisticsdomain
in Figure2(b). Our goal in Figure2(b) is to have �������s� , �4���R�q� , and �������%�q� at ���R�����F���%� , while� �q���������;� needsto beat �������	�?�q�/� . Therearetwo planes�F���%�A� and �F���%�!  to carryout theplan.The
pictureshowsthefirst level of thesearchafter ¡ hasbeenexpanded.It alsoshowsthe ���q¢F�s£ nodebeing
chosenby our algorithm.At this stageof thesearchthecall to the �I�!�s���M� proceduredoesnot affect
thepartialplan,sincethe ����¢P�¤£ action ¥%�M���¦�R�P§I¨��J���R�q�ª©+�?�q�/�� P©+�«���¬��?�q�/��®°¯ ¯ cannot bepushedup to
higher levels of the tree. Basically, the two corecomponentsof the searchprocedureas introduced
in Section3.1, are the expansionof the nodesat eachtime stepaswell as the maximizationof the
parallelismby �����¤�-����±-�J� actionson thepartialplan.

During theexpansionphase(seeFigure3(a))a set � of applicableactionswill beconsideredfor
expansion.Next, giventheheuristicvalueof thecurrentnodebeingexpanded(����¢P�¤£ ), a new set � of
actionsis derived from � . In Figure3(b), theset � led to thenodes²´³�µ¶µ·²�¸#¹ on the tree. � contains
only actionsfrom nodes² ³ ¹ and ²�º ¹ , becausethosearetheonesthatsatisfytheheuristicthresholdof
thecurren����¢P�s£4² ¸ . Using � , we find thesetof pairwiseindependentactions� , which will beused
to createthe parallelnode. In our example � and � arethe same. � containstwo new actionsthat
arepairwiseparallelamongthemselvesandwith ² ¸ , anda new parallelnode ²M» ¹ is createdwith this
subset.Theprocedure¼C�P�¦�q§?�F£@�A�¾½C����£��\�´¿4�q�X��� from Figure3(a)will updatethenecessaryheuristic
andcostinformationof thenew parallelnode ²À»�¹ . In our example ²M»�¹ hasbeenlinked to thepivot’s
parentsandits costhasbeensetto thepivot’s cost.So,thefatherof ²M» ¹ in thepartialplanwill bethe
root ¡ , andits costwill beone.Finally, by settingthe ���q¢F�s£ pointerto ²M»�¹ we areindicatingthatonly
onetimestephasoccurredin ourpartialplan,andthis timestephasthreeparallelactions.

Weseethepseudocodeprocedureof ���!�s���Á� , andanexampleon its operationonFigure4(a)and

6



EXPAND 
w

pivott
A = 
Â

get_applicable_actionsÃ ( pivot t );
x

For aÄ  IN A
      createChildNodeÅ (aÄ )

x
B = 
Æ

get_best_actionsÃ ( A
Â

, pivot t )
x

P = 
Ç

get_parallel_actionsÃ ( B, pivot 
Æ

)
x

createParallelNodeÅ ( P )
Validate-Costs-Links ( )

         RETURN
È

END 

(a) NodeExpansionAlgorithm

At(Pencil, Bos-airp),
At(Jason,Bos-airp),
At(April, Bos-airp),
At(Michelle, Jfk-airp)

…

Unload(April,Airp2,Bos-airp)
É

N1
Ê

N2
Ê

Ni
Ê

Pivot

G

…N1'
Ê

N2'
Ê Ni'

Ê

H=22 H=22

H=21

H=20 H=20 H=21

Np'
Ê

H=19

Pivot'

Unload(Pencil,Airp2,Bos-airp)

Unload(April,Airp2,Bos-airp)
Unload(Jason,Airp2,Bos-airp)
É

Unload(Jason,Airp2,Bos-airp)
É

Unload(Pencil,Airp2,Bos-airp)
É

Unload(Pencil,Airp2,Bos-airp)

FlyAirp(Airp2,Jfk-airp,Bos-airp)
Unload(Jason,Airp2,Bos-airp)
É

(b) Generationof ParallelNodes

Figure3: NodeExpansionandIllustrative Example

Figure4(b) respectively. Given thecurrentnode Ë�Ì.Í Í for expansionandtheactionsthatoriginatedit,
we will try to seeif thenode’s actionsmayhave beenpartof earliernodes,but wereignoredbecause
of a heuristicthreshold.Following our exampleon Figure4(b),node Ë�Ì.Í Í couldbepushedup because
it hasbeenleft out by the initial thresholdon thecomputationof theparallelnode ËÀÎ�Í . We checkthe
ancestorsof Ë Ì.Í Í until aninteractingnodeis found.Thecurrentactioncannotbepushedup furtheron
the treewithout affecting theapplicability of theactionsabove the interactingnode. In our example
theroot is thatnodebecausewe cannot regressanymore,but it couldhave beenany nodecontaining
an action that interactedwith node Ë Ì.Í Í . Finally, the direct child of Ï is updatedby appendingthe
action ÐÀÑ�Ò�ÓRÔFÕ!Ö;×ÙØqÚ�ÛIÜ�Ò�Ò;Ü�Ý+ÞMß�àAáRÝãâXä�åÁæçÔ?Øqè/à�é to ËMÎ�Í . This ideafindsbetterapproximationsto optimal
parallelplanswithout muchadditionaloverhead.

5 Evaluating the Performanceof AltAlt-p

We implementedAltAlt-p on top of AltAlt . We have testedour implementationon a suiteof parallel
problemsthatwereusedin the2000AIPS competition[1], aswell asotherbenchmarkproblems.We
have comparedtheperformanceof our plannerwith theresultsobtainedby runningthe latestversion
of blackbox[7] charged with a new powerful SAT solver, and STAN [10] , which is an improved
versionof the graphplanalgorithmthat reasonswith invariantsandsymmetriesto reducethe sizeof
theproblem.Both of theseplannersaregraphplanbasedandaredesignedto produceoptimalparallel
plans.Ourexperimentswereall doneonaLinux systemrunningona500MHZ pentiumIII CPUwith
256MB of RAM. Unlessnotedotherwise,AltAlt-p wasrun with the Û-ê!ë#ì%í�î�ï0ð+ñ family of heuristics
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Figure4: PushUPAlgorithm andExample

describedin section2.1 of this paper, andwith a planninggraphgrown until thefirst level wherethe
topgoalsarepresentwithoutbeingmutex.

On Figure5(a) we observe the behavior of AltAlt-p usinga parallelplanninggraphanda serial
one. We canseethatour intuition from Section2.1 is true,a serialplanninggraphoverestimatesthe
heuristicvaluesin termsof steps,producinglongerparallelsolutions. We show alsoon Figure5(b)
anotherimportantcharacteristicof AltAlt-p , theeffect of rearrangingthe partial plan. The ���
	�����
procedureprovideshigherquality in termsof thenumberof parallelsteps.It is interestingto compare
this approachwith Graphplan,which tries to maximizeparallelismby satisfyingthe mostof actions
at eachtime step,if the searchfails then it backtracksand reducesthe setof parallelactionsbeing
consideredonelevel before.AltAlt-p doestheopposite,trying to guessan initial parallelnodegiven
theheuristics,anditeratively addingmoreactionsto thisnodeaspossible.

Recallfrom Section1 thatPost-processingis oneof thethreefeasibleapproachesusedto minimize
theparallelexecutionof a plan. This approachis extensively discussedin [14], in which reorderings
and deorderingsof sequentialplansare doneoffline to minimize the numberof parallel steps. In
deorderingalgorithms,orderingrelationscanonly beremoved,while in reorderingtechniquesarbitrary
modificationsto the orderingareallowed. The main disadvantagesof this approachis that the plan
needsto begiven,andtherearenot goodheuristicsto determinethebestlinearization.Sincetheplan
is fixed,this approachis just concernedwith modifying theorderbetweentheactionsin theplan,but
it doesnot considerto modify thecurrentsetof actions.In otherwords,this approachwill try to find
a minimal parallelplanwith respectto thecurrentplan,but thatdoesnot imply thatit will beminimal
alsowith respectto theinitial problem.Moreover, if theplangivendoesnot show any optimality even
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Figure5: Comparisonof PlanningGraphsandEffectsof pushUpprocedurein AltAlt-p

in the numberof actionsin the plan, thenthe final parallelplan could be very unoptimal. To prove
this intuition, wehaveencodedtheMinimal DeorderingAlgorithm from [14], andwehaverun it using
the sequentialplansproducedby AltAlt usingthe default heuristic ��� �"!$#&%('*),+ . Figure6 shows that
AltAlt-p is superiorto thisapproach.

Figure7 comparestheperformanceof AltAlt-p in theLogisticsdomainfrom AIPS-00[1] with re-
spectto STAN andBlackBoxin termsof thenumberof parallelstepsplot 7(a)andtotal timeplot 7(b)
for eachof theplans.STAN solvesonly half of theproblemsfor this particulardomain,andAltAlt-p
producesoptimal parallelplansfor this subset.However, AltAlt-p tries to approximatethe optimal
parallelplansproducedby Blackboxin the restof theproblems,but its approximationin this partic-
ular domainis not good,althoughin termsof efficiency outperformsclearly theothertwo competing
approaches..

Resultsfrom theSchedulingdomainin Figure8 presenta similar behavior. AltAlt-p canapprox-
imateoptimal parallelplansfor a large setof the problems,having a betterperformancethanin the
Logisticsdomain. On Figure8(b) we observe anotherimportantcriteria for evaluatingplans: total
numberof actions.For this case,AltAlt-p is betterthanbothof theotherplanners.Recallfrom Sec-
tion 2.1 that our heuristicallow a goodtradeoff betweenparallelismandlengthof the plan. While
BlackboxandSTAN arecompletelypushingfor the bestparallelismof the plan,addingthe mostof
actionsat eachtime step,evenif they arenot necessary, AltAlt-p heuristicandalgorithmaretrying to
guessanapproximationto theoptimalparallelplanwithout fully committingto insertall independent
new actionsinto theplanasBlackboxandSTAN do. In otherwords,BlackboxandSTAN will insert
moreactionsat eachtime stepto get betterparallelismbut increasingthe plan length,andAltAlt-p
will only insertthemostpromisingactionsat eachtime stepreducingthe lengthof theplan,but also
increasingthe numberof parallelsteps.We canobserve that this intuition is true on Figure8(b). In
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Figure6: AltAlt-p vsPost-Processingalgorithm

thefirst 50 problemstestedAltAlt-p returnsoptimalparallelplans,andthereis not a majordifference
on the lengthof theseplansandthoseproducedby theothertwo systems.In therestof theproblems
AltAlt-p approximatestheparallelismof STAN andBlackbox,gettinglongerparallelplansbut shorter
sequences.

Figure9 comparesthe numberof stepsandtime performanceof AltAlt-p , STAN andBlackbox
on theGripperdomain.We seethat for many of theseproblemsAltAlt-p is theonly possiblesolution
to generateparallelplans.Specifically, neitherof theothertwo approachesis ableto solve morethan
four problems.Furthermore,AltAlt-p is ableto solveall andgetoptimalplans.In Figure9(b)wehave
includedtheserialversionof AltAlt andwecanobserve thatAltAlt-p actuallyperformsslightly better
thanthenormalversion.Our intuition hereis thatwearetrying to pushtheparallelismof aproblemin
a limited way, thenthedifferenceamongthetwo versionsof AltAlt will besmallbut significantfor the
parallelversionon parallelproblems.

Oneconcernwould be how muchof extra computationthe parallelalgorithmtakesin serialdo-
mains.We expectit to benegligible becauseboth theparallelizationand 1�2
3�4�5�6 stepscanfail very
quickly in serialdomains.To validateour expectationwe ran AltAlt andAltAlt-p on a setof serial
problemsof theBlocks-world domainfrom AIPS-00[1]. Weseefrom theplotsin 10 thatthelengthof
thetwo solutionsandtimeperformancesarebasicallyequalsupportingour intuition.

6 Relatedwork

Theideaof partialexplorationof parallelizablesetsof actionsis not new [13, 12]. It hasbeenstudied
in theareaof concurrentandreactive planning,whereoneof themaingoalsis to approximateoptimal
parallelism.However, mostof theresearchtherehasbeenfocusedonForward-ChainingPlanners[13],
wherethestateof theworld is completelyknown. It hasbeenimplied thatbackward-searchmethods
arenot suitablefor this kind of analysis[12] becausethe representationof the statesarepartial. We
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Figure7: LogisticsDomain(AIPS-00)

haveshown thatbackward-searchmethodscanbealsousedto approximateparallelplansin thecontext
of classicalplanning.

Optimizationof plansaccordingto different criteria (e.g. executiontime, quality, etc) hasalso
beendoneoffline. The post-processingcomputationof a given plan to minimize its parallelismhas
beendiscussedin [14]. Reorderinganddeorderingtechniquesareusedto minimize the parallelism
of the plan. However, asdiscussedin Section1 and 5, they are just concernedwith modifying the
orderbetweentheexisting actionsof a given plan. Our approachnot only considersmodifying such
orderingsbut alsoinsertingnew actionswhich canminimize thepossiblenumberof parallelstepsof
theoverall problem.

Wehave alreadydiscussedGraphplanbasedplanners[7, 10], which returnoptimalplansbasedon
thenumberof timesteps.GraphplanusesIDA* to includethemostpossiblenumberof parallelactions
ateachtimestepof thesearch.However, theiterative procedureis bothmemoryintensive andreduces
the efficiency of the planners.Finally, somework hasbeendoneto obtainadmissibleheuristicsfor
optimal planning[5]. That work shows that optimal parallelplansfor statespacesearcharehardto
achieve,andthey donotapproachtheperformanceof Graphplanbasedplanners.Our implementation,
althoughanapproximation,providesatradeoff betweenquality in termsof thenumberof parallelsteps
andnumberof actionscontainedin theplanata fractionof time of thecompetingapproaches.

7 Concluding Remarks

Wehavepresentedanapproachtofindparallelplansin statespacesearch.Thisisachallengingproblem
becauseof theexponentialbranchingfactorcausedby naive methods.Our approachtries to limit the
branchingfactorof theproblemby exploringasubsetof thepossibleparallelsetsin statespacesearch.
Our implementationis basedon a backward searchplanner, which makesuseof heuristicsextracted
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Figure8: ScheduleDomain(AIPS-00)

from a planninggraphdatastructure. The algorithmtries to minimize the numberof parallelsteps
consideringonly a subsetof all applicableactionsat eachtime step,and updatingdynamicallythe
partialplanduringthesearchif additionalactionscanbeparallelizedat higherlevelsof thetree.

Wehavedemonstratedthattheadditionalcostincurredby ouralgorithmin serialplansis negligible.
Wehavecomparedourapproachwith Post-ProcessingtechniquesandGraphplanbasedplanners,which
produceoptimal parallel plans. We have seenthat our resultsare promising,producinga tradeoff
betweenqualityandefficiency.
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