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Abstract

Despitetheir neardominanceheuristicstatesearchplannersstill lag behinddisjunctive plan-
nersin the generatiorof parallelplansin classicalplanning. The reasonis thatdirectly searching
for parallelsolutionsin statespaceplannerswould requirethe plannersto branchon all possible
subset®f parallelactions thusincreasinghe branchingfactorexponentially We present variant
of our statesearchplannerAltAlt called AltAlt-p which generateparallelplansby usinggreedy
online parallelizationof partial plans. The greedyapproacthis significantlyinformedby the useof
novel distancenheuristicsthat AltAlt-p derivesfrom a graphplan-stylglanninggraphfor the prob-
lem. While thisapproachs notguaranteetb provide optimalparallelplans,empiricalresultsshov
that AltAlt-p is capableof generatinggoodquality parallelplanswithout losingalsothe quality in
termsof the total numberof actionsin the solutionat a fraction of the time costincurredby the
disjunctive planners.

Keywords:Domain-independeplanning,scalabilityin planning,heuristicstatesearchplanning,
parallelplans,andpartial planning.

1 Intr oduction

In mostof realworld applicationst is necessaryo find optimal plansgivena costmeasureSequential
planscanbe seenasa specialcaseof parallel plans,whereeachactionis representedby an atomic
execution. It is morerealisticto represenplansthat are optimizedgiven a costmeasurde.g. time),

andin which eachstepin the planencodes setof independenactions. The main motivation for this

representatioiis that most real world scenarioscould have a subsetof non conflicting actions,and

exploiting their concurrentxecutionto minimizetime is animportantrequirement.

Despitetheir neardominanceheuristicstatesearchplannersstill lag behinddisjunctive planners
in the generatiorof parallelplansin classicalplanning. Thereasonis thatdirectly searchingor par
allel solutionsin statespaceplannerswould requirethe plannersto branchon all possiblesubsetof
parallelactions thusincreasinghebranchingfactorexponentially AltAlt is basedontwo of themain
approachesdisjunctive plannersas exemplified by Graphplan[2 and heuristicstatespaceplanners
exemplifiedby UNPOP[1], HSP[4 andHSP-R[3].



Graphplanbasedplannersare able to supportoptimal parallelismby groupingas mary as non
conflicting actionsat eachtime stepof the search.In the caseof heuristicstatesearchplannersthey
have proved to perform very well in solving large deterministicplanning problems[3 4], but they
have laggedbehinddisjunctive plannerdsn generatingoarallelplans. However, we canusethreemain
techniquedo find suchplansin statespacesearch:

1. Searchin thetotal spaceof parallelplans.
2. Post-Procesa sequentiaplanin orderto minimizethe numberof parallelsteps.

3. Useagreedytechniqueo incrementallyparallelizethe plan.

Thefirst approachis basicallyinfeasible,becauseve would needto considerall partial subsets
of applicableactionsexponentiallyincreasingour branchingfactor[12, 5]. The secondapproachis
extensvely discussedh [14], in whichreorderingsanddeordering®f sequentiaplansaredoneoffline
to minimize the numberof parallel steps. The main dravback of this approachis thatit doesnot
minimize the numberof parallelstepsgiven the overall problem,but only giventhe currentplan. In
otherwords, thereis no guaranteghatthe given plan will encodethe bestorderingto minimize the
numberof parallelstepsbecausdét wasnot computedor thatpurpose.

Our approachfalls in between,and aimsto incrementallyparallelizethe partial plan during the
regressiorsearch.The mainadwantagédor this kind of approactis thatit canobtainonthefly parallel
informationof thepartialplan,andit doesnotincurin thecostof searchinghewholespaceMoreover,
our approachs ablealsoto maintainquality in termsof the total numberof actionsin the plan. We
implementhisin AltAlt-p whichis basedntheimplementatiorof AltAlt planningsystem[§. AltAlt-
pusesagreedyapproactihatmakesuseof its heuristic2o consideonly asubsebf themostpromising
parallelactionsat eachlevel of the searchteratvely addingmore actionslater, and rearranginghe
partial planto maximizeits parallelism.Empirical resultsshav that our approacmot only maintains
the quality of the plansin termsof the numberof parallelsteps,but alsoin termsof the numberof
actionscontainedin the plan. AltAlt-p provides a good tradeof betweenthe quality basedon the
numberof parallelstepsn the plan,andlengthof thesolution. Thisis partly becaus@&ot only commits
to parallelizethe plan but alsoto insertthe bestpossibleactionsat eachstageof the searchreducing
the numberof actionsin the final solution. Becauseof this ability, AltAlt-p remainsthe only viable
optionwherecompetingapproachesannot even solve the problems.Our costsin termsof spaceand
time for finding parallelplanswith our approacharenggligible. Resultsalsoshav that AltAlt-p incurs
very little additionaloverheadover AltAlt. Finally, we alsoshav thatthe quality of the parallelplans
generatedyy our approachs superiorto that generatedy a post-processingpproachhput it is not
optimalwith respecto the Graphplan-basesblutions.

In the restof this paper we discussthe implementatiorand evaluationof our approachto gen-
erateparallel planswith AltAlt-p. Section2 startsby providing the backgroundon AltAlt the base
plannerand explainshow differs from AltAlt-p. Section3 and 4 describeghe generatiorof paral-
lel plansin AltAlt-p and constraintghis approachwith alternateapproachesge.g. post-processing).
Next, Section5 presentextensve empirical evaluationof our implementationthat demonstratethe
effectivenessand limitations of our approximation. This sectionalso presentexperimentsto study
the quality and efficiency tradeofs betweenGraphplanbasedplannersand AltAlt-p in the computa-
tion of parallelplans. Finally, Section6 discussesomerelatedwork and Section7 summarizeour
contritutions.
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2 Background on AltAlt

AltAlt systemis basedon a combinationof Graphplanand heuristic statespacesearchtechnology
AltAlt extractspowerful heuristicsfrom a planninggraphdatastructureto guide backwardsthe state
search. The highlevel architectureof AltAlt is shavn in Figure 1. The problemspecificationand
the actiontemplatedescriptionarefirst fed to a Graphplan-stylglanney which constructsa planning
graphfor that problemin polynomialtime. We assumethe readeris familiar with the Graphplan
algorithm[2]. This planninggraphstructures thenfed to a heuristicextractormodulethatis capableof

extractinga variety of effective andadmissibleheuristics basedon the theorythatwe have developed
in our recentwork [8, 9]. This heuristic,alongwith the problemspecificationandthe setof ground
actionsin thefinal actionlevel of the planninggraphstructure(seebelow for explanation)arefedto a

regressiorstate-searchlanner

To explain the operationof AltAlt atamoredetailedlevel, we needto provide somefurther back-
groundonits variouscomponentsWe shallstartwith theregressiorsearcimodule. This modulestarts
with thegoalstateandregresse# overthe setof relevantactioninstance$rom thedomain.An action
instances is consideredelevantto a stateS if the effectsof a give at leastoneelementof S anddo
not deleteanyelemenbf S. Theresultof regressingS over a is then(S ef f(a)) U prec(a)-whichis
essentiallythesetof goalsthatstill needto beachieved beforetheapplicationof a, suchthateverything
in S would have beenachiered oncea is applied.For eachrelevantactiona, a separatesearchbranch
is generatedwith the resultof regressingS over that actionasthe new statein that branch. Search
terminatesvith successitanodeif everyliteral in the statecorrespondingo thatnodeis presenin the
initial stateof the problem.

The crux of controlling the regressionsearchinvolves providing a heuristicfunctionthat canes-
timatethe relative goodnes®f the stateson the fringe of the currentsearchtreeandguidethe search
in mostpromisingdirections. Thecritical issuein designingheuristicsis to take positve andnegative
interactionsamongsubgoalsnto 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 subsectionye introduceoneof the bestheuristics.

2.1 hAdjSquM Heuristics

Oneof the bestheuristicsaccordingto our analysisin [8, 9] wasa heuristiccalled h 44jsuma2nr. We
adoptedthis heuristicas the default heuristicin AltAlt and AltAlt-p. In the following, we briefly
describehis heuristic.

The basicideaof h4g4jsumanr is to adjustthe sumheuristic[8] to take positve and negatie in-
teractionanto account. This heuristicapproximateshe costof achieving the subgoaldn somesetS
asthe sumof the costof achieving S, while consideringpositive interactionsandignoring negative
interactions plus the penaltyfor ignoringthe negative interactions.Thefirst componentanbe com-
putedasthe lengthof a “relaxed plan” for supportingS, which is extractedby ignoring all the mutex
relations And, thesecondcomponentsthelargestinteractingvalueamongary pair of subgoalsn S.
In summarywe have:

Heuristic 1 (AdjustedHeuristic2M) h agjsumaon (S) := length(Relazedplan(S))+maz, ges §(p,q)

This heuristicnot only provides quality in termsof the numberof actionscontainedin the plan,
but alsoin thefinal numberof parallelsteps.The computatiorof the heuristiccapturegheinteraction
amongpairwiseindependensubgoalsproviding usefulinformationto the planner As we will seein
our evaluationSection5 this heuristicprovidesa goodtradeof betweerguality in termsof thenumber
of actionsin the planandthe numberof parallelstepsandefficiengy.

Oneof the main differenceshetweenAltAlt and AltAlt-p is the computationof the heuristic. In
AltAlt the heuristicswereextractedfrom a serialplanninggraph[g, in which every pair of non-noop
actionsatthe samdevel aremarked mutex to make the optimality holdsin termsof numberof actions.
However, in AltAlt-p weareinterestedlsoin encodingheinformationaboutthetotalnumberof steps,
whereeachstepcanhave multiple actions. So, the computationof the heuristicson AltAlt-p is based
on a parallelplanninggraphratherthanon a serialone. This proceduregive us moreeffectivenesaot
only in thetotal numberof parallelstepsout alsoin thefinal numberof actionsin theplan. In Section5
we provide empiricalresultsof our intuition.

3 Representationof Parallel Plansin AltAlt-p

Oneof the main motivationsin representingparallelplansis that mostrealworld applicationsrequire
to find plansgivena costmeasurd14]. Oneof thesecostmeasuress executiontime, whereaplanis
representedsingtime stepsnsteadof sequentiabctions.Eachtime stepcoulditself containanumber
of independenéactionsthat canbe executedtogetherwithout constrainingo a specificorderbetween
them. To represenparallelplansin AltAlt-p, we needto addincrementallyto a partial plan a setof
independenactions:

Definition 1 (IndependentActions) Two actionsa anda, are consideed independenin our context
if andonlyif theresultingstateS’ afterapplyingbothactionssimultaneouslys the samestateobtained
by applyinga anda; sequentiallywith any of their possibldinearizations.

Thelastdefinitionimpliesthata anda; canbedonein parallelif their executiondoesnot overlap
atall [14]. In otherwords,if the preconditionsndeffectsof eachof theactionsdo notinteract.



Definition 2 (Interaction) Two actionsa and al do not interact with ead other if (((prec(a) +
ef fects(a)) N (prec(ar) + ef fects(ai))) =0

In otherwords,neitherof theactiondeletesatomsfrom the preconditiorandeffectlists of the other
[5]. So,we considera parallelstepasonecontaininga setof actionswhich arepairwiseindependent.
AltAlt-p changeghe branchingstratgy of AltAlt, andit hastwo mainalternatestepsthe selectionof
themostpromisingparallelnodeandtherearrangingf theplan. Wewill discussuroverall procedure
in the next subsectior8.1.

3.1 Intr oducing Parallel Nodesinto the Search Space

Recallfrom section2 that AltAlt-p searcheshe statespaceof the problemin a backward direction,
guidedby powerful heuristicsextractedfrom the planninggraphdatastructure.In serialdomainsthe
executioncostof a planis basedon the occurrence®f actionsratherthantime steps.In otherwords,
eachactionrepresents time step. In our parallelspace the costis in termsof time stepsthat may
containa parallel set of independentctions. AltAlt-p will try to limit the branchingfactor of the
problemby consideringonly individual actionsgiven a stateat eachtime step,andby creatingparallel
nodeswhich containthemostpromisingsetof independenactionsdeterminedytheheuristicat eah
timestep Initially, only oneparalleInodeis createdat eachlevel of the search.The main motivation
for this techniques thatwe do not wantto explore the exponentialsubsetf applicableactions,and
atthe sametime wanta goodapproximatiorof the bestparallelnodesduringthesearch Ourapproach
picksthesinglebestaction,asrecommendeby the heuristic,andaddspairwiseindependenactionsto
thatbranch.The obviousway to parallelizethe choserbranchis to addthe maximumpossiblenumber
of pairwiseindependenactionsto thatbranch.Applying the maximumparallelsetdoesnot work well
in practice this techniquedoesnot make useof the heuristicinformationat all, increasinghe number
of actionsin the plan, and consequentlyncreasingthe numberof parallel steps. Justbecausea set
of actionscould be appliedin paralleldoesnot imply thatthey shouldhadbeenappliedat thattime.
The maindravbackis thatsomeactionsin the maximumsetcouldtake us away from theinitial state,
necessitatinghe introductionof moreactions.

We specificallyidentify the bestindividual choiceat eachtime step,we call this actionthe pivot.
Usingthis pivot, we will setup athresholdfor therestof theactions.Actionsthatproducenodeswith
lessheuristiccostthanthis thresholdwill be consideredo createtheparallelnode.We do not consider
independenactionswhoseintroductionworsenthe heuristiccostof the pivot. Basically we identify
the possiblesetof independengctionswithin the thresholdandwith the currentpivot, andcreatethe
parallelnode.This parallelnodebecomesnadditionalbranchin the currentstatebeingevaluatedand
its costwill bethesameasthe costof the pivot node.

It is easyto seethatwe may lose somerelevant actionsin the computationof the parallelnodes.
Thesearetheactionsthatcouldhave beenindependenandpartof theparallelnode but werediscarded
by the pivot threshold.In orderto solve this problem,andget a betterapproximationo the optimal
parallelplan, the algorithmwill identify theseactionsif they are selectedaterin the searchtreefor
expansion. Oncethey are identified, our algorithmtries to rearrangethe partial plan. Specifically
beforeexpandingsuchactions thealgorithmwill go throughthe currentpartial plancheckingif there
exists a nodewhich containsonly pairwiseindependenactionswith respecto the currentselection.
If sucha nodeexists, the currentactionis addedto that nodeandthe changesare propagatediowvn
throughthe partial planto avoid losing the progressof the search.This computatioris not expensve
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END

pivot = Goal-State
WHILE pivot < > NULL
children = EXPAND ( pivot )
IF solution is in children THEN RETURN it
OTHERWISE
pivot = bestNodeln ( children )
IF pivot = NULL THEN
pivot = bestOpenList ();
IF pivot < > NULL
pivot = pushUP ();

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

Unload(Jason,Airp2, Bos-airp)

Unload(Pé¢ncil Airp2,Bos-airp)

CONTINUE

o H=21
Pivot

H=22 A=22

(a) GreedySearchAlgorithm (b) GreedySearchlree

Figure2: SearchAlgorithm andSearchlree

becausd is justlinearonthenumberof ancestorsef thecurrentnode.We call this procedurerushUp,
andit is discusseavith anexamplein the next section.

4 A detailed example

We will illustrate the detailsof our algorithmwith an example. We canobsere both the selection
mechanismén Figure2(a),andanexampleof the searchreeof a problemfrom the Logisticsdomain
in Figure2(b). Our goalin Figure2(b) is to have Jason, April, and Pencil at Bos — airp, while
Michelle needdo beatJ fk — airp. Therearetwo planesuirpl andairp2 to carryouttheplan. The
pictureshavsthefirst level of thesearctafter G hasbeenexpandedlt alsoshavsthepivot nodebeing
choserby our algorithm. At this stageof the searchthe call to the pushU P proceduredoesnot affect
the partial plan, sincethe pivot action “Unload(April, airp2, Bos — airp)” cannotbe pushedup to
higherlevels of the tree. Basically the two core component®f the searchprocedureasintroduced
in Section3.1, are the expansionof the nodesat eachtime stepaswell asthe maximizationof the
parallelismby pushingUp actionson the partialplan.

During the expansionphase(seeFigure 3(a)) a set A of applicableactionswill be consideredor
expansion.Next, giventhe heuristicvalueof the currentnodebeingexpandedpivot), a new setB of
actionsis derivedfrom A. In Figure3(b), the set A led to the nodesN;..N; onthetree. B contains
only actionsfrom nodesN,» and Ny, becausd¢hosearethe onesthatsatisfythe heuristicthresholdof
the currenpivot N;. Using B, we find the setof pairwiseindependenactionsP, which will be used
to createthe parallelnode. In our example P and B arethe same. P containstwo new actionsthat
arepairwiseparallelamongthemselesandwith V;, anda new parallelnodeN,, is createdwith this
subsetTheprocedure/ alidate — Costs — Links from Figure3(a)will updatehenecessarpeuristic
andcostinformationof the new parallelnodeNV,. In our example NV, hasbeenlinkedto the pivot's
parentsandits costhasbeensetto the pivot’s cost. So, the fatherof IV, in the partial planwill bethe
root G, andits costwill beone.Finally, by settingthe pivot pointerto N,, we areindicatingthatonly
onetime stephasoccurredn our partial plan,andthis time stephasthreeparallelactions.

We seethepseudocoderocedureof pushU P, andanexampleonits operationon Figure4(a)and

Unload{April Airp2,Bos-airp)



EXPAND pivot

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

Unload(april,Airp2,Bos-airp)

Unload(Jason,Airp2,Bos-airp)

Unload(Pgncil, Airp2,Bos-airp)

RETURN

A = get_applicable_actions ( pivot );
For aIN A

createChildNode (a)
B = get_best_actions( A, pivot )
P = get_parallel_actions ( B, pivot )
createParalleINode (P )
Validate-Costs-Links ()

H=19
Unload(April Airp2,Bos-airp)
Unload(Jason,Airp2,Bos-airp)

Unload(Pencil Airp2,Bos-airp)

(a) NodeExpansiorAlgorithm (b) Generatiorof ParallelNodes

Figure3: NodeExpansiorandlllustrative Example

Figure4(b) respectiely. Giventhe currentnodeN; for expansionandthe actionsthat originatedit,
we will try to seeif the nodes actionsmay have beenpartof earliernodes but wereignoredbecause
of a heuristicthreshold.Following our exampleon Figure4(b), nodeN;» couldbe pushedup because
it hasbeenleft out by theinitial thresholdon the computationof the parallelnode NV,,. We checkthe
ancestoref N;» until aninteractingnodeis found. The currentactioncannot be pushedup furtheron
the tree without affecting the applicability of the actionsabove the interactingnode. In our example
therootis thatnodebecauseave cannot regressarymore,but it could have beenary nodecontaining
an actionthatinteractedwith node N;». Finally, the direct child of G is updatedby appendinghe
actionUnload(Michelle, AIpl, J fk — airp) to Ny. Thisideafindsbetterapproximationgo optimal
parallelplanswithout muchadditionaloverhead.

5 Evaluating the Performanceof AltAlt-p

We implementedAltAlt-p ontop of AltAlt. We have testedour implementatioron a suiteof parallel
problemsthatwereusedin the 2000AIPS competition[1], aswell asotherbenchmarkproblems.We
have comparedhe performanceof our plannerwith the resultsobtainedby runningthe latestversion
of blackbox[7] chaged with a new powerful SAT solver, and STAN [10] , which is an improved
versionof the graphplanalgorithmthat reasonswith invariantsand symmetrieso reducethe size of
the problem. Both of theseplannersaregraphplarbasedandaredesignedo produceoptimal parallel
plans.Our experimentsyvereall doneon aLinux systenrunningona500MHZ pentiumill CPUwith
256 MB of RAM. Unlessnotedotherwise AltAlt-p wasrun with the h a4;sum2ns family of heuristics



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

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

Unload(Jason,Airp2,Bos-airp)
Unload(Pencil Airp2,Bos-airp)

Unload(Pgncil Airp2,Bos-airp)

Unload(Michelle,Airp1,Jfk-airp)

PUSHUP startNode
currentNode = getAncestor ( startNode );
For aIN startNode
WHILE currentNode <> NULL
IF parallel (a,currentNode) AND applicable (a,currentNode)
currentNode = getAncestor ( currentNode );
ELSE
newNode = rearrangePlan (a,currentNode +1);
Validate-Costs-Links (newNode)
RETURN newNode
END

Partial Plan

Node being pushed up

(a) PushUPAIgorithm (b) Pushinganactionto higherlevelsof thetree

Figure4: PushUPAIgorithm andExample

describedn section2.1 of this paper andwith a planninggraphgrown until the first level wherethe
top goalsarepresentithout beingmutex.

On Figure 5(a) we obsenre the behaior of AltAlt-p usinga parallelplanninggraphand a serial
one. We canseethat our intuition from Section2.1is true, a serial planninggraphoverestimateshe
heuristicvaluesin termsof steps,producinglonger parallel solutions. We shov alsoon Figure 5(b)
anotherimportantcharacteristiof AltAlt-p, the effect of rearranginghe partial plan. The pushU P
procedurgprovideshigherquality in termsof the numberof parallelsteps.lt is interestingto compare
this approachwith Graphplanwhich tries to maximizeparallelismby satisfyingthe mostof actions
at eachtime step,if the searchfails thenit backtracksand reduceshe setof parallelactionsbeing
considerednelevel before. AltAlt-p doesthe opposite trying to guessaninitial parallelnodegiven
the heuristics anditeratively addingmoreactionsto this nodeaspossible.

Recallfrom Sectionl thatPost-processinig oneof thethreefeasibleapproacheasedto minimize
the parallelexecutionof a plan. This approachs extensvely discussedn [14], in which reorderings
and deorderingsof sequentialplans are done offline to minimize the numberof parallel steps. In
deorderingalgorithms orderingrelationscanonly beremaoved,while in reorderingechniquesrbitrary
modificationsto the orderingare allowed. The main disadwantagesof this approachs thatthe plan
needgo begiven,andtherearenot goodheuristicsto determinethe bestlinearization.Sincethe plan
is fixed, this approaclis just concernedvith modifying the orderbetweerthe actionsin the plan, but
it doesnot considerto modify the currentsetof actions.In otherwords,this approactwill try to find
aminimal parallelplanwith respecto the currentplan, but thatdoesnotimply thatit will be minimal
alsowith respecto theinitial problem.Moreover, if the plangivendoesnotshav ary optimality even
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in the numberof actionsin the plan, thenthe final parallel plan could be very unoptimal. To prove
thisintuition, we have encodedhe Minimal DeorderingAlgorithm from [14], andwe have runit using
the sequentiaplansproducedby AltAlt usingthe default heuristich o¢jsumanr- Figure6 shows that
AltAlt-p is superiorto this approach.

Figure7 compareghe performancef AltAlt-p in the Logisticsdomainfrom AIPS-00[1] with re-
spectto STAN andBlackBoxin termsof the numberof parallelstepsplot 7(a) andtotal time plot 7(b)
for eachof the plans. STAN solvesonly half of the problemsfor this particulardomain,and AltAlt-p
producesoptimal parallel plansfor this subset. However, AltAlt-p tries to approximatethe optimal
parallelplansproducedby Blackboxin the restof the problems,but its approximationin this partic-
ular domainis not good,althoughin termsof efficiengy outperformsclearly the othertwo competing
approaches..

Resultsfrom the Schedulingdomainin Figure 8 presenta similar behaior. AltAlt-p canapprox-
imate optimal parallelplansfor a large setof the problems,having a betterperformancehanin the
Logistics domain. On Figure 8(b) we obsere anotherimportantcriteria for evaluatingplans: total
numberof actions. For this case AltAlt-p is betterthanboth of the otherplanners.Recallfrom Sec-
tion 2.1 that our heuristicallow a goodtradeoff betweenparallelismandlengthof the plan. While
Blackboxand STAN are completelypushingfor the bestparallelismof the plan, addingthe mostof
actionsat eachtime step,evenif they arenot necessaryAltAlt-p heuristicandalgorithmaretrying to
guessanapproximatiorto the optimal parallelplanwithout fully committingto insertall independent
new actionsinto the planasBlackboxandSTAN do. In otherwords,BlackboxandSTAN will insert
more actionsat eachtime stepto get betterparallelismbut increasingthe plan length, and AltAlt-p
will only insertthe mostpromisingactionsat eachtime stepreducingthe lengthof the plan, but also
increasingthe numberof parallel steps. We canobsenre thatthis intuition is true on Figure 8(b). In
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thefirst 50 problemstestedAltAlt-p returnsoptimal parallelplans,andthereis nota majordifference
onthelengthof theseplansandthoseproducedby the othertwo systems.n therestof the problems
AltAlt-p approximateshe parallelismof STAN andBlackbox,gettinglongerparallelplansbut shorter
sequences.

Figure 9 compareghe numberof stepsandtime performanceof AltAlt-p, STAN and Blackbox
on the Gripperdomain.We seethatfor mary of theseproblemsAltAlt-p is the only possiblesolution
to generategparallelplans. Specifically neitherof the othertwo approachess ableto solve morethan
four problems FurthermoreAltAlt-p is ableto solve all andgetoptimalplans.In Figure9(b) we have
includedtheserialversionof AltAlt andwe canobsere thatAltAlt-p actuallyperformsslightly better
thanthe normalversion.Our intuition hereis thatwe aretrying to pushthe parallelismof a problemin
alimited way, thenthedifferenceamongthetwo versionsof AltAlt will be smallbut significantfor the
parallelversionon parallelproblems.

Oneconcernwould be how much of extra computationthe parallelalgorithmtakesin serial do-
mains. We expectit to be nggligible becausdoththe parallelizationandpushU P stepscanfail very
quickly in serialdomains. To validateour expectationwe ran AltAlt and AltAlt-p on a setof serial
problemsof the Blocks-world domainfrom AIPS-00[1]. We seefrom theplotsin 10thatthelengthof
thetwo solutionsandtime performancesarebasicallyequalsupportingour intuition.

6 Relatedwork

Theideaof partialexplorationof parallelizablesetsof actionsis notnew [13, 12]. It hasbeenstudied
in theareaof concurrentandreactve planning,whereoneof the maingoalsis to approximateptimal
parallelism.However, mostof theresearchtherehasbeenfocusedon Forward-ChainingPlannerg13],
wherethe stateof theworld is completelyknown. It hasbeenimplied that backward-searchmethods
are not suitablefor this kind of analysis[12] becausédhe representationf the statesare partial. We
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have shavn thatbackward-searcimethodscanbealsousedto approximatearallelplansin the context
of classicablanning.

Optimizationof plansaccordingto different criteria (e.g. executiontime, quality, etc) hasalso
beendoneoffline. The post-processingomputationof a given planto minimize its parallelismhas
beendiscussedn [14]. Reorderinganddeorderingtechniquesare usedto minimize the parallelism
of the plan. However, asdiscussedn Sectionl and 5, they arejust concernedvith modifying the
orderbetweenthe existing actionsof a given plan. Our approacmot only consideramodifying such
orderingsbut alsoinsertingnew actionswhich canminimize the possiblenumberof parallelstepsof
the overall problem.

We have alreadydiscussedsraphplarbasedblannerq7, 10], which returnoptimal plansbasedon
thenumberof time steps.GraphplarusesdDA* to includethemostpossiblenumberof parallelactions
ateachtime stepof the search However, theiterative proceduras bothmemoryintensve andreduces
the efficiencgy of the planners. Finally, somework hasbeendoneto obtainadmissibleheuristicsfor
optimal planning[5]. Thatwork shaws that optimal parallelplansfor statespacesearchare hardto
achieve, andthey do notapproachheperformancef GraphplarbasedlannersOurimplementation,
althoughanapproximationprovidesatradeof betweerguality in termsof the numberof parallelsteps
andnumberof actionscontainedn the planata fraction of time of the competingapproaches.

7 Concluding Remarks

Wehave presente@dnapproacho find parallelplansin statespacesearch Thisis achallengingoroblem
becausef the exponentialbranchingfactorcausedy naive methods.Our approacttriesto limit the
branchingfactorof the problemby exploring a subsebf the possibleparallelsetsin statespacesearch.
Our implementationis basedon a backward searchplanney which makes useof heuristicsextracted
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Figure8: Scheduldbomain(AIPS-00)

from a planninggraphdatastructure. The algorithmtries to minimize the numberof parallel steps
consideringonly a subsetof all applicableactionsat eachtime step,and updatingdynamicallythe
partialplanduringthesearchf additionalactionscanbe parallelizedat higherlevelsof thetree.

We have demonstratethattheadditionalcostincurredby ouralgorithmin serialplansis negligible.
We have compareaurapproactwith Post-ProcessingchniquesndGraphplarbasedlannersyhich
produceoptimal parallel plans. We have seenthat our resultsare promising, producinga tradeof
betweerguality andefficienay.
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