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Abstract
Sapais a domain-independentheuristicforwardchainingplannerthatcanhandledurative ac-

tions, metric resourceconstraints,and deadlinegoals. It is designedto be capableof handling
the multi-objective natureof metric temporalplanning. Our technicalcontributions include (i)
planning-graphbasedmethodsfor deriving heuristicsthataresensitive to bothcostandmakespan
(ii) techniquesfor adjustingtheheuristicestimatesto take actioninteractionsandmetric resource
limitations into accountand(iii) a linear time greedypost-processingtechniqueto improve exe-
cution �e xibility of thesolutionplans. An implementationof Sapausingmany of the techniques
presentedin this paperwasoneof thebestdomainindependentplannersfor domainswith metric
andtemporalconstraintsin thethird InternationalPlanningCompetition,heldat AIPS-02.We de-
scribethe technicaldetailsof extractingthe heuristicsandpresentan empiricalevaluationof the
currentimplementationof Sapa.

1. Intr oduction

The successof the DeepSpaceRemoteAgent experimenthasdemonstratedthe promiseandim-
portanceof metrictemporalplanningfor real-world applications.HSTS/RAX,theplannerusedin
theremoteagentexperiment,waspredicatedon theavailability of domain-andplanner-dependent
control knowledge,the collectionandmaintenanceof which is admittedlya laboriousanderror-
proneactivity. An obviousquestionis whetherit will bepossibleto develop domain-independent
metric temporalplannersthatarecapableof scalingup to suchdomains.Thepastexperiencehas
not beenparticularlyencouraging.Although therehave beensomeambitiousattempts–including
IxTeT (Ghallab& Laruelle,1994)andZeno(Penberthy& Well, 1994),their performancehasnot
beenparticularlysatisfactory.

Someencouragingsignshoweveraretherecentsuccessesof domain-independentheuristicplan-
ning techniquesin classicalplanning(c.f., Nguyen,Kambhampati,& Nigenda,2001;Bonet,Lo-
erincs,& Geffner, 1997; Hoffmann& Nebel,2001). Our researchis aimedat building on these
successesto develop a scalablemetric temporalplanner. At �rst blushsearchcontrol for metric
temporalplannerswould seemto be a very simplematterof adaptingthework on heuristicplan-
nersin classicalplanning(Bonetet al., 1997;Nguyenet al., 2001;Hoffmann& Nebel,2001).The
adaptationhowever doesposeseveralchallenges:

� Metric temporalplannerstendto have signi�cantly larger searchspacesthanclassicalplan-
ners. After all, the problemof planningin the presenceof durative actionsandmetric re-
sourcessubsumesbothclassicalplanningandacertainclassof schedulingproblems.

c
 2003AI AccessFoundation.All rightsreserved.



DO & KAMBHAMPATI

� Comparedto classicalplanners,which only have to handlethe logical constraintsbetween
actions,metrictemporalplannershave to dealwith many additionaltypesof constraintsthat
involve timeandcontinuousfunctionsrepresentingdifferenttypesof resources.

� In contrastto classicalplanning,wherethe only objective is to �nd shortestlengthplans,
metric temporalplanningis multi-objective. Theusermaybe interestedin improving either
temporalquality of theplan(e.g. makespan)or its cost(e.g. cumulative actioncost,costof
resourcesconsumedetc.),or moregenerally, a combinationthereof.Consequently, effective
plansynthesisrequiresheuristicsthatareableto trackboththeseaspectsin anevolving plan.
Thingsarefurthercomplicatedby the fact that theseaspectsareoften inter-dependent.For
example,it is oftenpossibleto �nd a “cheaper”plan for achieving goals,if we areallowed
moretime to achieve them.

In this paper, we presentSapa, a heuristicmetric temporalplannerthat we arecurrentlyde-
velopingto addressthesechallenges.Sapais a forward chainingplanner, which searchesin the
spaceof time-stampedstatesSapahandlesdurative actionsaswell asactionsconsumingcontin-
uousresources.Our main focushasbeenon the developmentof heuristicsfor focusingSapa's
multi-objective search.Theseheuristicsarederived from the optimistic reachabilityinformation
encodedin the planninggraph. Unlike classicalplanningheuristics(c.f., Nguyenet al., 2001)),
whichneedonly estimatethe“length” of theplanneededto achieve asetof goals,Sapa'sheuristics
needto besensitive to both thecostandlength(“makespan”)of theplansfor achieving thegoals.
Ourcontributionsinclude:

� We presenta novel framework for trackingthecostof literals (goals)asa functionof time.
These“cost functions” are then usedto derive heuristicsthat are capableof directing the
searchtowardsplansthatsatisfyany typeof cost-makespantradeoffs.

� Sapageneralizesthe notion of “phased”relaxationusedin deriving heuristicsin planners
suchasAltAlt andFF (Nguyenet al., 2001; Hoffmann& Nebel,2001). Speci�cally, the
heuristicsare�rst derivedfrom arelaxationthatignoresthedeleteeffectsandmetricresource
constraints,andarethenadjustedsubsequentlyto betteraccountfor bothnegativeinteractions
andresourceconstraints.

� Sapaimprovesthetemporal�e xibility of thesolutionplansby post-processingtheseplansto
produceorderconstrained(o.c or partially-ordered)plans.This way, Sapais ableto exploit
boththeeaseof resourcereasoningofferedby theposition-constrained plansandtheexecu-
tion �e xibility offeredby theprecedence-constrained plans.We presenta lineartime greedy
approachto generateano.c planof betteror equalmakespanvaluecomparedto a givenp.c
plan.

Ar chitecture of Sapa: Figure1 shows the high-level architectureof Sapa. Sapausesa forward
chainingA* searchto navigate in the spaceof time-stampedstates. Its evaluationfunction (the
“ f (:)” function is multi-objective andis sensitive to bothmakespanandactioncost. Whena state
is picked from the searchqueueandexpanded,Sapacomputesheuristicestimatesof eachof the
resultingchildrenstates.Theheuristicestimationof a stateS is basedon (i) computinga relaxed
temporalplanninggraph(RTPG) from S, (ii) propagatingcost of achievementof literals in the
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Figure1: Architectureof Sapa

RTPGwith thehelpof time-sensitive costfunctions(iii) extractingarelaxedplanP r for supporting
thegoalsof theproblemand(iv) modifying thestructureof P r to adjustfor mutex andresource-
basedinteractions.Finally, P r is usedasthe basisfor deriving the heuristicestimateof S. The
searchendswhen a stateS0 selectedfor expansionsatis�es the goals. In this case,Sapapost-
processesthe position-constrained plan correspondingto the stateS to convert it into an order
constrainedplan.This laststepis doneto improve themakespanaswell astheexecution�e xibility
of thesolutionplan.

A versionof Sapausinga subsetof the techniquesdiscussedin this paper performedwell in
domainswith metricandtemporalconstraintsin thethird InternationalPlanningCompetition,held
at AIPS 2002(Fox & Long, 2002). In fact, it is the bestplannerin termsof solutionquality and
numberof problemssolvedin thehighestlevel of PDDL2.1usedin thecompetitionfor thedomains
SatelliteandRovers. Thesedomainsarebothinspiredby NASA applications.

Organization: Thepaperis organizedasfollows: in Section2 we discussthedetailsof theaction
andproblemrepresentation,andtheforwardstatespacesearchalgorithmusedtoproduceconcurrent
metric temporalplanswith durative actions.In Section3, we addresstheproblemof propagating
thetimeandcostinformationovera temporalplanninggraph.Section4 shows how thepropagated
informationcanbe usedto estimatethe costof achieving the goalsfrom a given state. We also
discussin that sectionhow themutualexclusionrelationsandresourceinformationhelp improve
the heuristicestimation. To improve the quality of the solution,Section6 discussesour greedy
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approachof building a precedence-constrained plan from the position-constrained plan returned
by Sapa. Section7 discussesthe implementationof Sapa, presentssomeempiricalresultswhere
Sapaproducesplanswith tradeoffs betweencostandmakespan,andanalyzesits performancein the
2002InternationalPlanningCompetition(IPC 2002). We presenta discussionof therelatedwork
in Section9 andconcludein Section10.

2. Handling Concurrent Actions in a Forward StateSpacePlanner

Sapaaddressesplanningproblemsthat involve durative actions,metric resources,and deadline
goals. In this section,we describehow suchplanningproblemsare representedand solved in
Sapa. We�rst describetheactionrepresentation,andthenpresenttheforwardchainingstatesearch
algorithmusedby Sapa.

2.1 Action Representation& Constraints

Planningis theproblemof �nding asetof actionsandthestarttimesof theirexecutionto satisfyall
causal,metric,andresourceconstraints.In thissection,wewill brie�y describeour representation,
which is an extensionof the actionrepresentationin PDDL2.1Level 3 (Fox & Long, 2001), the
mostexpressive representationlevel usedin the third internationalcompetition.Our extensionsto
PDDL2.1are: (i) interval preconditions;(ii) delayedeffectsthathappenat time pointsotherthan
action's startandendtimepoints;(iii) deadlinegoals.

We shallstartwith anexampleto illustratetheactionrepresentationin a simpletemporalplan-
ning problem.This problemandits variationswill beusedastherunningexamplesthroughoutthe
restof thepaper. Figure2 shows graphicallytheproblemdescription.In this problem,a groupof
studentsin Tucsonneedto go to Los Angeles(LA). Therearetwo car rentaloptions. If the stu-
dentsrenta fasterbut moreexpensive car(Car1), they canonly go to Phoenix(PHX) or LasVegas
(LV). However, if they decideto rent a slower but cheaperCar2, thenthey canuseit to drive to
Phoenixor directly to LA. Moreover, to reachLA, thestudentscanalsotake a train from LV or a
�ight from PHX. In total, thereare6 movementactionsin thedomain:drive-car1-tucson-phoenix
(D c1

t ! p, Dur = 1.0,Cost= 2.0), drive-car1-tucson-lv (D c1
t ! lv , Dur = 3.5, Cost= 3.0), drive-car2-

tucson-phoenix(D c2
t ! p, Dur = 1.5, Cost= 1.5), drive-car2-tucson-la (D c2

t ! la),Dur = 7.0, Cost=
6.0, �y-airplane-phoenix-la (Fp! la, Dur = 1.5,Cost= 6.0), anduse-train-lv-la (Tl v! la, Dur = 2.5,
Cost= 2.5). Eachmove actionA (by car/airplane/train)betweentwo citiesX andY requiresthe
preconditionthat thestudentsbeat X (at(X )) at thebeginningof A. Therearealsotwo temporal
effects:: at(X ) occursat thestartingtimepointof A andat(Y ) at theendtimepointof A. Driving
and�ying actionsalsoconsumedifferenttypesof resources(e.gfuel) at differentratesdepending
on thespeci�c caror airplaneused.In addition,therearerefuelingactionsfor carsandairplanes.
The durationsof the refuelingactionsdependon theamountof fuel remainingin thevehicleand
therefuelingrate. Thesummariesof actionspeci�cationsfor this exampleareshown on theright
sideof Figure2. In this example,thecostsof moving by train or airplanearetherespective ticket
prices,andthecostsof moving by rentalcarsincludetherentalfeesandgas(resource)costs.

As illustratedin the example,unlike actionsin classicalplanning,in planningproblemswith
temporalandresourceconstraints,actionsarenot instantaneousbut have durations. Eachaction
A hasa durationDA , startingtime SA , andendtime (EA = SA + DA ). The valueof DA can
be staticallyde�ned for a domain,staticallyde�ned for a particularplanningproblem,or canbe
dynamicallydecidedat the time of execution. For example, in the traveling domaindiscussed
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Figure2: Thetravel example

above, boardinga passengeralwaystakes10 minutesfor all problemsin this domain.Durationof
theactionof �ying anairplanebetweentwo citiesdependson thedistancebetweenthesetwo cities
andthespeedof theairplane.Becausethedistancebetweentwo citieswill notchangeover time,the
durationof a particular�ying actionwill be totally speci�edoncewe parsetheplanningproblem.
However, refuelinganairplanehasadurationthatdependsonthecurrentfuel level of thatairplane.
Wemayonly beableto calculatethedurationof agivenrefuelingactionaccordingto thefuel level
at theexacttime instantwhentheactionwill beexecuted.

An actionA canhave preconditionsPr e(A) thatmayberequiredeitherto be instantaneously
true at the time point SA or EA , or requiredto be true startingat SA andremaintrue for some
durationd � DA . The logical effectsEff(A) of A aredivided into two setsE s(A), andEd(A)
containing,respectively, the instantaneouseffectsat time pointsSA , anddelayedeffectsat SA +
d;d � DA . In PDDL2.1,d mustbeequalto D A for durative preconditionsanddelayedeffects.

Actionscanalsoconsumeor producemetricresourcesandtheirpreconditionsmayalsodepend
on the valuesof thoseresources.For resourcerelatedpreconditions,we allow several typesof
equalityor inequalitycheckingincluding==, < , > , < =, > =. For resource-relatedeffects,weallow
thefollowing typesof change(update):assignment(=),increment(+=),decrement(-=),multiplica-
tion(*=), anddivision(/=). In essence,actionsconsumeandproducemetric resourcesin thesame
way thatis speci�edin PDDL2.1.

2.2 A Forward Chaining Search Algorithm for metric temporal planning

Variationsof the action representationschemedescribedin the previous sectionhave beenused
in partialordertemporalplannerssuchasIxTeT (Ghallab& Laruelle,1994)andZeno(Penberthy
& Well, 1994). BacchusandAdy (2001)werethe �rst to proposea forward chainingalgorithm
capableof usingthis typeof actionrepresentationandstill allow concurrentexecutionof actionsin
theplan.Weadoptandgeneralizetheir searchalgorithmin Sapa. Themainideahereis to separate
the decisionsof “which action to apply” and “at what time point to apply the action.” Regular
progressionsearchplannersapply an action in the stateresultingfrom the applicationof all the
actionsin thecurrentpre�x plan. This meansthat thestarttime of thenew actionis after theend
time of the lastactionin thepre�x, andtheresultingplanwill not allow concurrentexecution. In
contrast,Sapanon-deterministicallyconsiders(a) applicationof new actionsat the currenttime
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stamp(wherepresumablyotheractionshave alreadybeenapplied;thusallowing concurrency) and
(b) advancementof thecurrenttime stamp.

Sapa's searchis thusconductedthroughthe spaceof time stampedstates.We de�ne a time
stampedstateS asa tupleS = (P; M ; � ; Q; t) consistingof thefollowing structure:

� P = (hpi ; t i i j t i � t) is a setof predicatespi thataretrueat t andt i is the last time instant
at which they wereachieved.

� M is a setof valuesfor all continuousfunctions,which maychangeover thecourseof plan-
ning. Functionsareusedto representthemetric-resourcesandothercontinuousvalues.Ex-
amplesof functionsarethefuel levelsof vehicles.

� � is a setof persistentconditions,suchasdurative preconditions,thatneedto be protected
duringaspeci�c periodof time.

� Q is aneventqueuecontainingasetof updateseachscheduledto occurataspeci�edtime in
the future. An event e cando oneof threethings: (1) changetheTrue/Falsevalueof some
predicate,(2) updatethevalueof somefunctionrepresentingametric-resource,or (3) endthe
persistenceof somecondition.

� t is thetimestampof S

In this paper, unlessnotedotherwise,whenwesay“state” wemeana time stampedstate.Note
thatatimestampedstatewith astampt notonly describestheexpectedsnapshotof theworldattime
t duringexecution(asdonein classicalprogressionplanners),but alsothedelayed(but inevitable)
effectsof thecommitmentsthathave beenmadeby (or before)time t.

The initial stateSinit hastime stampt = 0 andhasan emptyevent queueandemptysetof
persistentconditions.It is completelyspeci�edin termsof functionandpredicatevalues.Thegoals
arerepresentedby a setof 2-tuplesG = (hp1; t1i :::hpn ; tn i ) wherepi is the i th goalandt i is the
time instantby which pi needsto beachieved. NotethatPDDL2.1doesnot allow thespeci�cation
of goaldeadlineconstraints.

GoalSatisfaction: ThestateS = (P; M ; � ; Q; t) subsumes(entails)thegoalG if for eachhpi ; t i i 2
G either:

1. 9hpi ; t j i 2 P, t j < t i andthereis noeventin Q thatdeletespi .

2. 9e 2 Q thataddspi at time instantte < t i , andthereis no eventin Q thatdeletespi .1

Action Applicability: An actionA is applicablein stateS = (P; M ; � ; Q; t) if:

1. All logical (pre)conditionsof A aresatis�edby P.

2. All metricresource(pre)conditionsof A aresatis�edby M. (For example,if theconditionto
executeanactionA = move(tr uck; A; B ) is f uel(tr uck) > 500thenA is executablein S
if thevaluev of f uel(tr uck) in M satis�esv > 500.)

1. In practice,con¯ictingeventsarenever putonQ
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3. A'seffectsdo not interferewith any persistentconditionin � andany eventin Q.

4. Thereis no eventin Q thatinterfereswith persistentpreconditionsof A.

Interference: Interferenceis de�ned astheviolationof any of thefollowing conditions:

1. Action A shouldnotaddany evente thatcausesp if thereis anothereventcurrentlyin Q that
causes: p. Thus,thereis never a statein which therearetwo eventsin theeventqueuethat
causeoppositeeffects.

2. If A deletesp andp is protectedin � until timepoint t p, thenA shouldnotdeletep beforetp.

3. If A hasapersistentpreconditionp, andthereis aneventthatgives: p, thenthateventshould
occurafter A terminates.

4. A shouldnot changethe valueof any function which is currentlyaccessedby anotherun-
terminatedaction2. Moreover, A also shouldnot accessthe value of any function that is
currentlychangedby anunterminatedaction.

At �rst glance,the �rst interferencecondition seemsto be overly strong. However, we ar-
guethat it is necessaryto keepunderlyingprocessesthat causecontradictingstatechangesfrom
overlappingeachother. For example, supposethat we have two actionsA 1 = build house,
A2 = destroy house and Dur (A1) = 10, Dur (A2) = 7. A1 haseffect has house and A2

haseffect : has house at their endtime points. Assumingthat A 1 is appliedat time t = 0 and
addedanevente = Add(has house) at t = 10. If we areallowedto applyA 2 at time t = 0 and
adda contradictingevente0 = Delete(has house) at t = 7, thenit is unreasonableto believe that
we will still have a houseat time t = 10 anymore. Thus,even thoughin our currentactionmod-
eling,statechangesthatcausehas houseand: has houselook asif they happeninstantaneously
at theactions'endtime points,thereareunderlyingprocesses(build/destroy house)that spanthe
wholeactiondurationsto make themhappen.To prevent thosecontradictingprocessesfrom over-
lappingwith eachother, weemploy theconservativeapproachof not lettingQ containcontradicting
effects.3

WhenweapplyanactionA to astateS = (P; M ; � ; Q; t), all instantaneouseffectsof A will be
immediatelyusedto updatethepredicatelist P andmetricresourcesdatabaseM of S. A'spersistent
preconditionsanddelayedeffectswill beput into thepersistentconditionset� andeventqueueQ
of S.

Besidesthenormalactions,wewill have aspecialactioncalledadvance-timewhichweuseto
advancethetime stampof Sto thetime instantt e of theearliestevente in theeventqueueQ of S.
Theadvance-timeactionwill beapplicablein any stateSthathasa non-emptyeventqueue.Upon

2. Unterminatedactionsaretheonesthatstartedbeforethetime point t of thecurrentstateS but have not yet ®nished
at t .

3. It maybearguedthattherearecasesin whichthereis noprocessto givecertaineffect,or therearesituationsin which
thecontradictingprocessesareallowed to overlap. However, without theability to explicitly specifytheprocesses
andtheir characteristicsin theactionrepresentation,we currentlydecidedto go with theconservative approach.We
shouldalsomentionthat the interferencerelationsabove do not precludea condition from beingestablishedand
deletedin thecourseof a planaslong astheprocessesinvolvedin establishmentanddeletiondo not overlap. In the
exampleabove, it is legal to ®rst build thehouseandthendestroy it.
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StateQueue:SQ=f Sinit g
while SQ6= fg

S:= Dequeue(SQ)
Nondeterministically selectA applicablein S

/* A can be advance-time action */
S' := Apply(A,S)
if S' satis�esG then PrintSolution
elseEnqueue(S',SQ)

endwhile;

Figure3: Main searchalgorithm

applyingthis action,thestateSgetsupdatedaccordingto all theeventsin theeventqueuethatare
scheduledto occurat te. Note that we canapply multiple non-interferingactionsat a given time
pointbeforeapplyingthespecialadvance-timeaction.Thisallows for concurrency in the�nal plan.

Search algorithm: Thebasicalgorithmfor searchingin thespaceof timestampedstatesisshown in
Figure3. Weproceedby applyingeachapplicableactionto thecurrentstateandputeachresulting
stateinto thesortedqueueusingtheEnqueue() function.TheDequeue() functionis usedto take
outthe�rst statefrom thestatequeue.Currently, SapaemploystheA* search.Thus,thestatequeue
is sortedaccordingto someheuristicfunctionthatmeasuresthedif�culty of reachingthegoalsfrom
thecurrentstate.Next severalsectionsof thepaperdiscussthedesignof theseheuristicfunctions.

Example: To illustratehow differentdatastructuresin the searchstateS = (P; M ; � ; Q; t) are
maintainedduringsearch,we will usea (simpler)variationof our ongoingexampleintroducedat
theendof Section2.1. In this variation,we eliminatetheroutefrom Tucsonto Los Angeles(LA)
goingthroughLasVegas.Moreover, we assumethattherearetoo many studentsto �t into onecar
andthey hadto bedividedinto two groups.The�rst grouprentsthe�rst car, goesto Phoenix(Phx),
and then �ies to LA. The secondgrouprentsthe secondcar anddrives directly to LA. Because
the trip from Tucsonto LA is very long, the secondcar needsto be refueledbeforedriving. To
furthermake theproblemsimpler, we eliminatetheboarding/un-boarding actionsandassumethat
thestudentswill reachacertainplace(e.g.Phoenix)whentheirmeansof transportation(e.g.Car1)
arrivesthere.Figure4 shows graphicallytheplanandhow thesearchstateS's componentschange
aswegoforward.In thisexample,weassumether ef uel(car) actionrefuelseachcartoamaximum
of 20gallons.D r ive(car; Tucson;Phoenix) takes8 gallonsof gasandDr ive(car; Tucson;LA )
takes16 gallons.Notethat,at time point t1, evente1 increasesthefuel level of car2 to 20 gallons.
However, theimmediatelyfollowing applicationof actionA 3 reducesf uel(car2) backto thelower
level of 4 gallons.

3. PropagatingTime-sensitiveCost Functions in a Temporal Planning Graph

In this section,we discussthe issueof deriving heuristics,thataresensitive to both time andcost,
to guideSapa's searchalgorithm. An importantchallengein �nding heuristicsto supportmulti-
objective search,as illustratedby the examplebelow, is that the cost and temporalaspectsof a
planareofteninter-dependent.Therefore,in thissection,we introducetheapproachof trackingthe
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Init: at(Car1,T), at(Car2,T), at(Plane,Phx), fuel(Car1)=10, fuel(Car2)=10

Activate: e4
Apply:

Activate: e1
Apply: A3

Activate:
Apply: A1, A2

Activate: e2
Apply: A4

Activate: e3
Apply:

{(at(Car1,Phx),t2),
(at(Plane,LA),t3),
(at(Car2,LA),t4)}

P: {(at(Car2,T),0),
(at(Plane,Phx),0)}

{(at(Plane,Phx),0)} {(at(Car1,Phx),t2)} {(at(Car1,Phx),t2),
(at(Plane,LA),t3)}

M: {fuel(Car1)=2,
fuel(Car2)=10}

{fuel(Car1)=2,
fuel(Car2)=4}

{fuel(Car1)=2,
fuel(Car2)=4}

{fuel(Car1)=2,
fuel(Car2)=4}

{fuel(Car1)=2,
fuel(Car2)=4}

{(fuel(Car2),t4)}{(fuel(Car2),t4)} {(fuel(Car2),t4)}{(fuel(Car1),t2),
(fuel(Car2),t4}

�3: {(fuel(Car1),t2),
(fuel(Car2),t1),
(at(Car2,T)}

Q: {e1:(fuel(Car2)=20,t1),
e2:(at(Car1,Phx),t2)}

{}{e3:(at(Car2,LA),t4),
e4:(at(Plane,LA),t3)}

{e3:(at(Car2,LA),t4)}{e2:(at(Car1,Phx),t2),
e3:(at(Car2,LA),t4)}

A1 = Refuel(car2) A3 = Drive(car2,Tucson,LA)

A2 = Drive(car1,Tucson,Phx) A4 = Fly(Phx,LA)

t=0 t1 t2 t3 t4

Figure4: An exampleshowing how different datastructuresrepresentingthe searchstateS =
(P; M ; � ; Q) changeaswe advancethe time stamp,apply actionsandactivateevents.
Thetop row shows theinitial state.Thesecondrow shows theeventsandactionsthatare
activatedandexecutedat eachgiven time point. The lower rows show how the search
stateS = (P; M ; � ; Q) changesdueto actionapplication.Finally, we show graphically
thedurative actionsin thisplan.

costsof achieving goalsandexecutingactionsin theplanasfunctionsof time. Thepropagatedcost
functionscanthenbeusedto derive theheuristicvaluesto guidethesearchin Sapa.

Example: Considera simplerversionof our ongoingexample. Supposethatwe needto go from
Tucsonto Los Angelesandhave two transportoptions:(i) renta caranddrive from Tucsonto Los
Angelesin oneday for $100or (ii) take a shuttleto thePhoenixairportand�y to Los Angelesin
3 hoursfor $200. The �rst option takesmoretime (highermakespan)but lessmoney, while the
secondoneclearly takes lesstime but is moreexpensive. Dependingon the speci�c weightsthe
usergivesto eachcriterion,shemaypreferthe�rst optionover thesecondor viceversa. Moreover,
theuser'sdecisionmayalsobein�uencedby otherconstraintsontimeandcostthatareimposedon
the�nal plan. For example,if sheneedsto bein Los Angelesin six hours,thenshemaybeforced
to choosethesecondoption. However, if shehasplentyof time but limited budget,thenshemay
choosethe�rst option.
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Thesimpleexampleabove shows thatmakespanandexecutioncost,while nominallyindepen-
dentof eachother, areneverthelessrelatedin termsof the overall objectives of the userandthe
constraintson a given planningproblem. More speci�cally, for a given makespanthreshold(e.g.
to be in LA within six hours),thereis a certainestimatedsolutioncosttied to it (shuttlefee and
ticket priceto LA) andanalogouslyfor a givencostthresholdthereis a certainestimatedtime tied
to it. Thus,in orderto �nd plansthataregoodwith respectto bothcostandmakespan,we needto
developheuristicsthattrackcostof asetof (sub)goalsasa functionof time.

Giventhattheplanninggraphis anexcellentstructureto representtherelationbetweenfactsand
actions(c.f., Nguyenet al., 2001),we will usea temporalversionof theplanninggraphstructure,
suchas that introducedin TGP (Smith & Weld, 1999), as a substratefor propagatingthe cost
information. In Section3.1,we startwith a brief discussionof thedatastructuresusedfor thecost
propagationprocess.We thencontinuewith thedetailsof thepropagationprocessin Section3.2,
andthecriteriausedto terminatethepropagationin Section3.3.

3.1 The Temporal Planning Graph Structure

Wenow adaptthenotionof temporalplanninggraphs,introducedby SmithandWeld(1999),to our
actionrepresentation.The temporalplanninggraphfor a given problemis a bi-level graph,with
onelevel containingall facts, andthe othercontainingall actionsin the planningproblem. Each
fact haslinks to all actionssupportingit, andeachactionhaslinks to all factsthat belongto its
preconditionandeffect lists.4 Actionsaredurative andtheir effectsarerepresentedaseventsthat
occurat sometime betweenthe action's startandendtime points. As we will seein moredetail
in thelaterpartsof this section,we build thetemporalplanninggraphby incrementallyincreasing
the time (makespanvalue)of the graph. At a given time point t, an actionA is activatedif all
preconditionsof A canbeachievedat t. To supportthedelayedeffectsof theactivatedactions(i.e.,
effects that occurat the future time pointsbeyond t), we alsomaintaina global event queuefor
theentiregraph,Q = f e1; e2; :::en g sortedin the increasingorderof event time. Theeventqueue
for the temporalgraphdiffers from theeventqueuefor thesearchstate(discussedin theprevious
section)in thefollowing ways:

� It is associatedwith thewholeplanninggraph(ratherthanwith eachsinglestate).

� It only containsthepositiveevents.Speci�cally, thenegative effectsandtheresource-related
effectsof theactionsarenotenteredin to thegraph's queue.

� All theeventsin Q have eventcostsassociatedwith eachindividual event(seebelow).

Eachevent in Q is a 4-tuplee = hf ; t; c;Ai in which: (1) f is the fact thate will add;(2) t is the
time point at which the event will occur;and(3) c is the costincurredto enablethe executionof
actionA which causese. For eachactionA, we introducea costfunctionC(A; t) = v to specify
theestimatedcostv thatwe incur to enableA's executionat time point t. In otherwords,C(A; t)
is the estimateof the cost incurredto achieve all of A's preconditionsat time point t. Moreover,
eachactionwill alsohave anexecutioncost(Cexec(A)), which is thecostincurredin executingA

4. Thebi-level representationhasbeenusedin classicalplanningto save time andspace(Long & Fox, 1998),but as
Smith & Weld (1999)show, it makeseven moresensein temporalplanningdomainsbecausethereis actuallyno
notionof level. All we have area setof fact/actionnodes,eachoneencodinginformationsuchastheearliesttime
point at which thefact/actioncanbeachieved/executed,andthelowestcostincurredto achieve them.
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Function PropagateCost
Currenttime: tc = 0;
Apply(A init ; 0);
while Termination-Criteria6= true

Getearliestevente = hf e; te; ce; Aei from Q;
tc = te;
if ce < C(f ; tc) then
Update:C(f ; t) = ce

for all actionA: f 2 Precondition(A)
N ewCostA = CostAggregate(A; tc);
if N ewCostA < C(A; tc) then

Update:C(A; t) = N ewCost(A); tc � t < 1 ;
Apply(A; tc);

End PropagateCost;

Function Apply(A; t)
For all A'seffect thataddf at SA + d do

Q = Q
S

f e = hf ; t + d;C(A; t) + Cexec (A); Aig ;
End Apply(A; t);

Figure5: Main costpropagationalgorithm

(e.g.ticketpricefor the�y action,gascostfor driving acar).For eachfactf , asimilarcostfunction
C(f ; t) = v speci�estheestimatedcostv incurredto achieve f at time point t (e.g. costincurred
to bein LosAngelesin 6 hours).WealsoneedanadditionalfunctionSA(f ; t) = A f to specifythe
actionA f thatcanbeusedto supportf with costv at timepoint t.

Sincewe areusinga “relaxed” planninggraphthat is constructedignoringdeleteeffects,and
resourceeffects, the derived heuristicswill not be sensitive to negative interactionsandresource
restrictions.In Sections 5.1 and 5.2 we discusshow the heuristicmeasuresareadjustedto take
theseinteractionsinto account.

3.2 Cost PropagationProcedure

As mentionedabove, our generalapproachis to propagatetheestimatedcostsincurredto achieve
factsandactionsfrom theinitial state.As a�rst step,weneedto initialize thecostfunctionsC(A; t)
andC(f ; t) for all factsandactions.For a giveninitial stateSinit , let F = f f 1; f 2:::f n g betheset
of factsthataretrueat time point t init andf (f 0

1; t1); :::(f 0
m ; tm )g, bea setof outstandingpositive

eventswhichspecifytheadditionof factsf 0
i at timepointst i > t init . Weintroduceadummyaction

A init to representSinit whereA init (i) requiresnopreconditions;(ii) hascostCexec(A init ) = 0 and
(iii) causesthe eventsof addingall f i at t init andf 0

i at time pointst i . At the beginning (t = 0),
theeventqueueQ is empty, thecostfunctionsfor all factsandactionsareinitializedas:C(A; t) =
1 ; C(f ; t) = 1 ; 80 � t < 1 , andA init is theonly actionthatis applicable.

Figure5 summarizesthestepsin thecostpropagationalgorithm.Themainalgorithmcontains
two interleaved parts:onefor applyinganactionandtheotherfor activatinganevent representing
theaction's effect.
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Action Intr oduction: Whenan actionA is introducedinto the planninggraph,we (1) augment
theeventqueueQ with eventscorrespondingto all of A's effects,and(2) updatethecostfunction
C(A; t) of A.
Event Activation: Whenan event e = hf e; te; Ce; Aei 2 Q, which representsan effect of Ae

occurringat timepoint te andaddinga factf e with costCe is activated,thecostfunctionof thefact
f e is updatedif Ce < C(f e; te). Moreover, if thenewly improvedcostof f e leadsto a reductionin
thecostfunctionof any actionA thatf e supports(asdecidedby functionCostAggr egate(A; t) in
line 11of Figure5) thenwewill (re)applyA in thegraphto propagatef e'snew costof achievement
to thecostfunctionsof A andits effects.

At any giventimepointt, C(A; t) isanaggregatedcost(returnedby functionCostAggr egate(A; t))
to achieve all of its preconditions.Theaggregationcanbedonein differentways:

1. Max-propagation:
C(A; t) = M axf C(f ; t) : f 2 Pr econd(A)g or

2. Sum-propagation:
C(A; t) =

P
f C(f ; t) : f 2 Pr econd(A)g or

The�rst methodassumesthatall preconditionsof anactiondependon eachotherandthecost
to achieveall of themis equalto thecostto achieve thecostliestone.This rule leadsto theunderes-
timationof C(A; t) andthevalueof C(A; t) is admissible.Thesecondmethod(sum-propagation)
assumesthatall factsareindependentandis thusinadmissiblewhensubgoalshave positive inter-
actions.In classicalplanningscenarios,sumcombinationhasprovedto bemoreeffective thanthe
admissiblebut muchlessinformedmaxcombination(Nguyenetal., 2001;Bonetetal., 1997).

Whenthecostfunctionof oneof thepreconditionsof a givenactionis updated(lowered),the
CostAggr egate(A; t) functionis calledandit usesoneof themethodsdescribedaboveto calculate
if the costrequiredto executean actionhasimproved (beenreduced).5 If C(A; t) hasimproved,
thenwewill re-applyA (line 12-14in Figure5) to propagatetheimprovedcostC(A; t) to thecost
functionsC(f ; t) of its effects.

Theonly remainingissuein themainalgorithmillustratedin Figure5 is theterminationcrite-
ria for the propagation,which will be discussedin detail in Section3.3. Notice that the way we
updatethecostfunctionsof factsandactionsin theplanningdomainsdescribedabove shows the
challengesin heuristicestimationin temporalplanningdomains. Becausean action's effectsdo
not occurinstantaneouslyat theaction's startingtime,concurrentactionsoverlapin many possible
waysandthusthecostfunctions,which representthedif�culty of achieving factsandactionsare
time-sensitive.

Beforedemonstratingthecostpropagationprocessin our ongoingexample,we make two ob-
servationsaboutourpropagatedcostfunction:

Observation 1: Thepropagatedcostfunctionsof factsandactionsare non-increasingover time.

Observation 2: Becausewe increasetime in stepsby going through eventsin the event queue,
the cost functionsfor all factsand actionswill be step-functions,even thoughtime is measured
continuously.

5. Propagationrule(2) and(3) will improve(lower) thevalueof C(A; t) whenthecostfunctionof oneof A'sprecondi-
tionsis improved.However, for rule (1), thevalueof C(A; t) is improvedonly whenthecostfunctionof its costliest
preconditionis updated.
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Figure6: Timelineto representactionsat theirearliestpossibleexecutiontimesin therelaxedtem-
poralplanninggraph.

Figure7: Costfunctionsfor factsandactionsin thetravel example.
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Fromthe�rst observation,theestimatedcheapestcostof achieving agivengoalg at timepoint
tg is C(g; tg). We do not needto look at the valueof C(g; t) at time point t < t g. The second
observationhelpsusin ef�ciently evaluatingtheheuristicvaluefor anobjectivefunctionf involving
bothtimeandcost.Speci�cally, weneedcomputef atonly the(�nite numberof)timepointswhere
thecostfunctionof somefactor actionchanges.We will comebackto thedetailsof theheuristic
estimationroutinesin Section4.

Returningto our runningexample,Figure6 shows graphicallytheearliesttime point at which
eachactioncanbeapplied(C(A; t) < 1 ) andFigure7 showshow thecostfunctionof facts/actions
changeasthetime increases.Hereis anoutlineof theupdateprocessin thisexample:at timepoint
t = 0, four actionscanbeapplied.They areD c1

t ! p, D c2
t ! p, D c1

t ! lv , D c2
t ! la. Theseactionsadd4events

into theeventqueueQ = f e1 = hat phx; t = 1:0; c = 2:0; D c1
t ! pi ; e2 = hat phx; 1:5; 1:5; D c2

t ! p i ;
e3 = hat lv; 3:5; 3:0; D c1

t ! lv i ; e4 = hat la;7:0; 6:0; D c2
t ! la ig. After we advancethe time to t =

1:0, the �rst event e1 is activatedand C(at phx; t) is updated. Moreover, becauseat phx is a
preconditionof Fp! la, we alsoupdateC(Fp! la; t) at te = 1:0 from 1 to 2.0 andput an event
e = hat la;2:5; 8:0; Fp! la i , which representsFp! la's effect, into Q. We then go on with the
secondeventhat phx; 1:5; 1:5; D c2

t ! p i andlowerthecostof thefactat phx andactionFp! la. Event
e = hat la;3:0; 7:5; Fp! la i is addedasa resultof thenewly improvedcostof Fp! la. Continuing
theprocess,weupdatethecostfunctionof at la onceat timepoint t = 2:5, andagainat t = 3:0 as
thedelayedeffectsof actionsFp! la occur. At timepoint t = 3:5, weupdatethecostvalueof at lv
andactionTl v! la andintroducetheevente = hat la;6:0; 5:5; Tl v! la i . Noticethat the�nal event
e0 = hat la;7:0; 6:0; D c2

t ! la i representinga delayedeffect of the actionD c2
t ! la appliedat t = 0

will not causeany costupdate.This is becausethecostfunctionof at la hasbeenupdatedto value
c = 5:5 < ce0 at time t = 6:0 < te0 = 7:0.

Besidesthevaluesof thecostfunctions,Figure7 alsoshows thesupportingactions(SA(f ; t),
de�ned in Section3.1)for thefact(goal)at la. WecanseethatactionTl v! la givesthebestcostof
C(at la; t) = 5:5 for t � 6:0 andactionFp! la givesbestcostC(at la; t) = 7:5 for 3:0 � t < 5:5
andC(at la; t) = 8:0 for 2:5 � t < 3:0. The right mostgraphin Figure7 shows similar cost
functionsfor the actionsin this example. We only show the costfunctionsof actionsTl v! la and
Fp! la becausetheotherfour actionsarealreadyapplicableat time point t init = 0 andthustheir
costfunctionsstabilizeat0.

3.3 Termination Criteria for the CostPropagationProcess

In thissection,wediscusstheissueof whenweshouldterminatethecostpropagationprocess.The
�rst thing to noteis thatcostpropagationis in somewaysinherentlymorecomplex thanmakespan
propagation.For example,oncea setof literals enterthe planninggraph(and arenot mutually
exclusive), the estimateof the makespanof the shortestplan for achieving themdoesnot change
aswe continueto expandtheplanninggraph. In contrast,theestimateof thecostof thecheapest
plan for achieving themcanchangeuntil the planninggraphlevels off. This is why we needto
carefully considerthe effect of differentcriteria for stoppingthe expansionof theplanninggraph
on theaccuracy of thecostestimates.The�rst intuition is thatwe shouldnot stopthepropagation
whenthereexist top level goalsfor which thecostof achievementis still in�nite (unreachedgoal).
Ontheotherhand,givenourobjective functionof �nding thecheapestwayto achieve thegoals,we
neednotcontinuethepropagationwhenthereis nochancethatwecanimprovethecostof achieving
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thegoals.Fromthoseintuitions,following areseveral rulesthatcanbeusedto determinewhento
terminatepropagation:

Deadlinetermination: Thepropagationshouldstopata timepointt if: (1)8 goal G : Deadline(G) �
t, or (2) 9 goal G : (Deadline(G) < t) ^ (C(G; t) = 1 ).

The �rst rule governsthehardconstraintson thegoaldeadlines.It implies thatwe shouldnot
propagatebeyondthelatestgoaldeadline(becauseany costestimationbeyondthatpoint is useless),
or wecannotachieve somegoalby its deadline.

With the observation that the propagatedcostscanchangeonly if we still have someevents
left in thequeuethatcanpossiblychangethecostfunctionsof a speci�c propositions,we have the
secondgeneralterminationrule regardingthepropagation:

Fix-point termination: Thepropagation shouldstopwhenthere are no more eventsthat cande-
creasethecostof anyproposition.

Thesecondrule is aquali�cation for reachingthe�x-point in which thereis nogainon thecost
function of any fact or action. It is analogousto the ideaof growing the planninggraphuntil it
levels-off in classicalplanning.

Stoppingthepropagationaccordingto thetwo generalrulesabove leadsusto thebest(lowest
value)achievablecostestimationfor all propositionsgivenaspeci�c initial state.However, thereare
severalsituationsin which we maywantto stopthepropagationprocessearlier. First,propagation
until the �x-point, wherethereis no gainon thecostfunctionof any factor action,would be too
costly (c.f., Nguyenet al., 2001). Second,the cost functionsof the goalsmay reachthe �x-
point longbeforethefull propagationprocessis terminatedaccordingto thegeneralrulesdiscussed
above,wherethecostsof all propositionsandactionsstabilize.

Given the above motivations,we introduceseveral different criteria to stop the propagation
earlierthanis entailedby the�x-point computation:

Zero-lookaheadapproximation: Stopthe propagation at the earliest time point t where all the
goalsare reachable(C(G; t) < 1 ).

One-lookaheadapproximation: At the earliest time point t where all the goalsare reachable,
executeall theremainingeventsin theeventqueueandstopthepropagation.

One-lookaheadapproximationlooksaheadonestepin the(future)eventqueueswhenonepath
to achieve all the goalsunderthe relaxed assumptionis guaranteedandhopesthat executingall
thoseeventswouldexplicatesomecheaperpathto achieve all goals.6

Zeroandone-lookaheadareexamplesof a moregeneralk-lookaheadapproximation,in which
extractingtheheuristicvalueassoonasall thegoalsarereachablecorrespondsto zero-lookahead
and continuingto propagateuntil the �x-point correspondsto the in�nite (full) lookahead. The
rationalebehindthek-lookaheadapproximationis thatwhenall thegoalsappear, which is anindi-
cationthatthereexistsat leastone(relaxed)solution,thenwe will look aheadoneor morestepsto
seeif we canachieve someextra improvementin thecostof achieving thegoals(andthusleadto a
lowercostsolution).7

6. Notethatevenif noneof thoseeventsis directlyrelatedto thegoals,theirexecutionscanstill indirectly leadto better
(cheaper)pathto reachall thegoals.

7. For backward plannerswherewe only needto run thepropagationonetime, in®nite-lookaheador higherlevels of
lookaheadmaypayoff, while in forwardplannerswherewe needto evaluatethecostof goalsfor eachsinglesearch
state,lower valuesof k maybemoreappropriate.
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Comingbackto our travel example,zero-lookaheadstopsthepropagationprocessat the time
point t = 2:5 and the goal cost is C(in la;2:5) = 8:0. The action chain giving that cost is
f D c1

t ! p; Fp! lag. With one-lookahead,we �nd the lowest cost for achieving the goal in la is
C(in la;7:0) = 6:0 andit is givenby theaction(D c2

t ! la). With two-lookaheadapproximation,the
lowestcostfor in la is C(in la;6:0) = 5:5 andit is achievedby costpropagationthroughtheaction
setf (D c1

t ! lv ; Tl v! la)g. In this example,two-lookaheadhasthesameeffect asthe�x-point propa-
gation(in�nite lookahead)if thedeadlineto achieve in la is later thant = 6:0. If it is earlier, say
Deadline(in la) = 5:5, thentheone-lookaheadwill have thesameeffectasthein�nite-lookahead
optionandgivesthecostof C(in la;3:0) = 7:5 for theactionchainf D c2

t ! phx ; Fphx ! lag.

4. Heuristics basedon PropagatedCost Functions

Oncethe propagationprocessterminates,the time-sensitive cost functionscontainsuf�cient in-
formationto estimateany makespanandcost-basedheuristicvalueof a given state. Speci�cally,
supposethe planninggraphis grown from a stateS. Thenthe costfunctionsfor the setof goals
G = f (g1; t1); (g2; t2):::(gn ; tn )g, t i = Deadline(gi ) canbeusedto derivethefollowing estimates:

� The minimum makespanestimateT(PS) for a plan startingfrom S is given by theearliest
time point � 0 at whichall goalsarereachedwith �nite costC(g; t) < 1 .

� Theminimum/maximum/summationestimateof slackSlack(PS) for a planstartingfrom S
is given by the minimum/maximum/summationof the distancesbetweenthe time point at
whicheachgoal�rst appearsin thetemporalplanninggraphandthedeadlineof thatgoal.

� Theminimumcostestimate,(C(g; deadline(g))), of aplanstartingfrom astateS andachiev-
ing a set of goalsG, C(PS; � 1 ), can be computedby aggregating the cost estimatesfor
achieving eachof theindividualgoalsat their respective deadlines.8 Noticethatweuse� 1 to
denotethetime pointat which thecostpropagationprocessstops.Thus,� 1 is thetimepoint
at which thecostfunctionsfor all individual goalsC(f ; � 1 ) have their lowestvalue.

� For eachvaluet : � 0 < t < � 1 , thecostestimateof aplanC(PS; t), whichcanachievegoals
within agivenmakespanlimit of t, is theaggregationof thevaluesC(gi ; t) of goalsgi .

Themakespanandthecostestimatesof a statecanbeusedasthebasisfor deriving heuristics.
Thespeci�c way theseestimatesarecombinedto computetheheuristicvaluesdoesof coursede-
pendon what theuser's ultimateobjective function is. In thegeneralcase,theobjective would be
a functionf (C(PS); T(PS)) involving boththecost(C(PS)) andmakespan(T(PS)) valuesof the
plan.Supposethattheobjective functionis a linearcombinationof costandmakespan:

h(S) = f (C(PS); T(PS)) = �:C (PS) + (1 � � ):T(PS)

If the useronly caresaboutthe makespanvalue(� = 0), thenh(S) = T(PS) = � 0. Similarly,
if theuseronly caresabouttheplancost(� = 1), thenh(S) = C(PS; � 1 ). In the moregeneral

8. If we considerG asthesetof preconditionsfor a dummyactionthat representsthegoalstate,thenwe canuseany
of thepropagationrules(max/sum)discussedin Section3.2 to directly estimatethetotal costof achieving thegoals
from thegiveninitial state.
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case,where0 < � < 1, thenwe have to �nd the time point t, � 0 � t � � 1 , suchthat ht (S) =
f (C(PS; t); t) = �:C (PS ; t) + (1 � � ):t hasminimumvalue.9

In our ongoingexample,givenour goalof beingin Los Angeles(at la), if � = 0, theheuris-
tic value is h(S) = � 0 = 2:5 which is the earliesttime point at which C(at la; t) < 1 . The
heuristicvalue correspondsto the propagationthroughaction chain (D c1

t ! p; Fp! la). If � = 1
and Deadline(At LA ) � 6:0, then h(S) = 5:5, which is the cheapestcost we can get at time
point � 1 = 6:0. This heuristicvalue representsanothersolution (D c1

t ! lv ; Tl v! la). Finally, if
0 < � < 1, say � = 0:55, then the lowestheuristicvalueh(S) = �:C (PS ; t) + (1 � � ):t is
h(S) = 0:55 � 7:5 + 0:45 � 3:0 = 5:47 at time point 2:5 < t = 3:0 < 6:0. For � = 0:55, this
heuristicvalueh(S) = 5:47 correspondsto yet anothersolution involving driving part way and
�ying therest:(D c2

t ! p; Fp! la).
Noticethatin thegeneralcasewhere0 < � < 1, eventhoughtimeismeasuredcontinuously, we

donotneedto checkeverytimepoint t: � 0 < t < � 1 to �nd thevaluewhereh(S) = f (C(PS; t); t)
is minimal. This is dueto the fact that the cost functionsfor all facts(including goals)arestep
functions. Thus,we only needto computeh(S) at thetime pointswhereoneof thecostfunctions
C(gi ; t) changesvalue.In ourexampleabove,weonly needto calculatevaluesof h(S) at � 0 = 2:5,
t = 3:0 and� 1 = 6:0 to realizethath(S) hasminimumvalueat timepoint t = 3:0 for � = 0:55.

Beforeweendthissection,wenotethatwhentherearemultiplegoalsthereareseveralpossible
waysof computingC(PS) from thecostfunctionsof theindividual goals.This is aconsequenceof
thefactthattherearemultiplerulesto propagatethecost,andtherearealsointeractionsbetweenthe
subgoals.Broadly, therearetwo differentwaysto extracttheplancosts.Wecaneitherdirectlyuse
thecostfunctionsof thegoalsto computeC(PS), or �rst extracta relaxedplanfrom thetemporal
planninggraphusingthe costfunctions,andthenmeasureC(PS) basedon the relaxed plan. We
discussthesetwo approachesbelow.

4.1 Dir ectly UsingCost Functions to EstimateC(PS)

After we terminatethe propagationusing any of the criteria discussedin Section3.3, let G =
f (g1; t1); (g2; t2):::(gn ; tn )g, t i = Deadline(gi ) be a set of goals and CG = f c1; :::cn jci =
C(gi ; Deadline(gi )g be their bestpossibleachievementcosts.If we considerG asthesetof pre-
conditionsfor adummyactionthatrepresentsthegoalstate,thenwecanuseany of thepropagation
rules(max/sum)discussedin Section3.2 to directly estimatethe total costof achieving thegoals
from the given initial state. Among all the different combinationsof the propagationrules and
the aggregation rules to computethe total cost of the set of goalsG, only the max-max(max-
propagationto updateC(gi ; t), andcostof G is themaximumof thevaluesof C(gi ; Deadline(gi ))
is admissible.Thesum-sumrule, which assumesthetotal independencebetweenall facts,andthe
othercombinationsaredifferentoptionsto re�ect thedependenciesbetweenfactsin theplanning
problem.Thetradeoffs betweenthemcanonly beevaluatedempirically.
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Goals:G = f (g1; t1); (g2; t2):::(gn ; tn )g
Actionsin therelaxed-plan:RP = fg
Supportedfacts:SF = f f : f 2 I nitial StateSg
While G 6= ;

SelectthebestactionA thatsupportg1 at t1

RP = RP + A
tA = t1 � Dur (A)
UpdatemakespanvalueT(RP) if tA < T(RP)
For all f 2 E f f ect(A) addedby A after

durationt f from startingpoint of A do
SF = SF

S
f (f ; tA + t f )g

For all f 2 Precondition(A) s.tC(f ; tA ) > 0 do
G = G

S
f (f ; tA )g

If 9(gi ; t i ) 2 G; (gi ; t j ) 2 SF : t j < t i Then
G = G n f (gi ; t i )g

End while;

Figure8: Procedureto extracttherelaxedplan

4.2 Computing Cost fr om the RelaxedPlan

To take into accountthe positive interactionsbetweenfacts in planningproblems,we can do a
backtrack-freesearchfrom thegoalsto �nd arelaxedplan.Then,thetotalexecutioncostof actions
in the relaxed plan andits makespancanbe usedfor the heuristicestimation.Besidesproviding
a possiblybetterheuristicestimate,work on FF (Hoffmann& Nebel,2001)shows thatactionsin
the relaxed plan canalsobe usedto effectively focusthe searchon the branchessurroundingthe
relaxedsolution.Moreover, extractingtherelaxedsolutionallowsusto usetheresourceadjustment
techniques(to bediscussedin Section5.2)to improve theheuristicestimations.Thechallengehere
is how to usethe costfunctionsto guidethe searchfor the bestrelaxed plan andwe addressthis
below.

Thebasicideais to work backwards,�nding actionsto achieve thegoals.Whenanactionis se-
lected,weaddits preconditionsto thegoallist andremovethegoalsthatareachievedby thataction.
Thepartialrelaxedplanis theplancontainingtheselectedactionsandthecausalstructurebetween
them.Whenall theremaininggoalsaresatis�edby theinitial stateS, wehave thecompleterelaxed
planandtheextractionprocessis �nished. At eachstage,anactionis selectedsothatthecomplete
relaxedplanthatcontainstheselectedactionsis likely to have thelowestestimatedobjective value
f (PS; TS). For a given initial stateS andtheobjective function h(S) = f (C(PS); T(PS)) , Fig-
ure8 describesa greedyprocedureto �nd a relaxedplangiventhetemporalplanninggraph.First,
let RP bethesetof actionsin therelaxedplan,SF bethesetof time-stampedfacts(f i ; t i ) thatare
currentlysupported, andG bethesetof currentgoals.Thus,SF is thecollectionof factssupported
by the initial stateS andtheeffectsof actionsin RP, andG is theconjunctionof top level goals

9. Becausef (C(PS ; t ); t ) estimatesthe costof the (cheapest)plan that achieves all goalswith the makespanvalue
T (PS ) = t, theminimumof f (C(PS ; t ); t ) (� 0 � t � � 1 ) estimatestheplanP thatachievesthegoalsfrom state
S andP hasa smallestvalueof f (C(PS ); T (PS )) . Thatvaluewould be theheuristicestimationfor our objective
functionof minimizing f (C(PS ); T (PS )) .
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andthesetof preconditionsof actionsin RP thatarenot currentlysupportedby factsin SF . The
estimatedheuristicvaluefor thecurrent(partial) relaxedplanandthecurrentgoalsetis computed
asfollows: h(S) = h(RP) + h(G) in which h(RP) = f (C(RP); T(RP)). For thegivensetof
goalsG, h(G) = min � 0<t<� 1 f (C(G; t); t) is calculatedaccordingto theapproachdiscussedin
theprevioussection(Section4). Finally, C(RP) =

P
A2 RP Cexec(A) andT(RP) is themakespan

of RP, whereactionsin RP arealignedaccordingto their causalrelationship(seebelow). Wewill
elaborateon this in theexampleshown laterin thissection.

At thestart,G is thesetof toplevel goals,RP is emptyandSF containsfactsin theinitial state.
ThusC(RP) = 0, T(RP) = 0 andh(S) = h(G). We starttheextractionprocessby backward
searchfor theleastexpensiveactionA supportingthe�rst goalg1. By leastexpensive,wemeanthat
A contributesthesmallestamountto theobjective functionh(S) = h(RP) + h(G) if A is added
to thecurrentrelaxedplan. Speci�cally, for eachactionA thatsupportsg1, we calculatethevalue
hA (S) = h(RP + A) + h((G n Ef f ect(A))

S
Pr econd(A)) which estimatestheheuristicvalue

if weaddA to therelaxedplan.WethenchoosetheactionA thathasthesmallesthA (S) value.
WhenanactionA is chosen,weput its preconditionsinto thecurrentgoallist G, andits effects

into thesetof supportedfactsSF . Moreover, we adda precedenceconstraintbetweenA andthe
actionA1 thathasg1 asits preconditionsothatA givesg1 beforethetimepointatwhichA1 needs
it. Using theseorderingrelationsbetweenactionsin RP and the mutex orderingsdiscussedin
Section5.1,wecanupdatethemakespanvalueT(RP) of thecurrent(partial)relaxedplan.

In our ongoingexample,supposethat our objective function is h(S) = f (C(PS); T(PS)) =
�:C (PS)+ (1� � ):T(PS ), with � = 0:55andthein�nite-lookaheadcriterionis usedtostopthecost
propagationprocess.Whenwe startextractingtherelaxedplan,the initial settingis G = f at lag,
RP = ; andSF = f at tucsong. AmongthethreeactionsD c2

t ! la, Tl v! la andFp! la thatsupport
thegoalat la, we chooseactionA = Fp! la becauseif we addit to therelaxedplanRP, thenthe
estimatedvaluehA (S) = h(RP + A) + h((G n at la)

S
at phx) = (� � Cexec(Fp! la) + (1 �

� ) � Dur (Fp! la)) + min t (f (C(at phx); t)) = (0.55*6.0+ 0.45*1.5)+ (0.55*1.5+ 0.45*1.5)=
5.475.This turnsout to bethesmallestamongthethreeactions.After weaddFp! la to therelaxed
plan,we updatethegoalsetto G = f at phxg. It is theneasyto comparebetweenthetwo actions
D c2

t ! phx andD c1
t ! phx to seethatD c2

t ! phx is cheaperfor achieving at-phxgiventhevalue� = 0:55.
The �nal costC(PS) = 6:0 + 1:5 = 7:5 andmakespanof T(PS) = 1:5 + 1:5 = 3 of the �nal
relaxedplancanbeusedasthe�nal heuristicestimationh(S) = 0:55 � 7:5 + 0:45 � 3 = 5:475for
thegivenstate.

Notice that in the relaxed-planextraction procedure,we set the time points for the goal set
to be the goal deadlines,insteadof the latesttime pointswherethe cost functionsfor the goals
stabilized.The reasonis that the costvaluesof factsandactionsmonotonicallydecreaseandthe
costsaretime-sensitive. Therefore,the laterwe setthe time pointsfor goalsto startsearchingfor
the relaxed plan, the betterchancewe have of gettingthe low-costplan, especiallywhenwe use
the k-lookaheadapproximationapproachwith k 6= 1 . In our ongoingexample,if we usethe
zero-lookaheadoption to stopthepropagation,we �nd that thesmallestcostis C(in la) = 8:0 at
t = 2:5. If we searchbackfor the relaxed planwith thecombination(in la;2:5) thenwe would
�nd a planP1 = (D c1

t ! p; Fp! la). However, if we searchfrom thegoaldeadline,sayt = 7:0, then
we would realizethatthelowestcostfor thepreconditionin phx of Fp! la at t = 7:0 � 1:5 = 5:5
is C(in phx; 5:5) = 1:5 (causedby D c2

t ! p at time point t = 2:0) andthusthe �nal plan is P2 =
(D c2

t ! p; Fp! la) which is cheaperthanP1.
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4.3 Origin of Action Costs

In all ourprecedingdiscussionof cost-basedheuristics,wehaveimplicitly assumedthattheindivid-
ualactioncostsarespeci�eddirectlyaspartof theproblemspeci�cation.While this is areasonable
assumption,it canalsobearguedthatunlike theduration,thecostof anactionis implicitly depen-
dentonwhattheuseris interestedin optimizing.For example,suppose,in a transportationdomain,
theuserdeclarestheobjective functionto beoptimizedas:10

4 � T otalT ime + 0:005� T otalF uelUsed

without providing any additionalexplicit informationaboutactioncosts. It is possibleto usethe
objective functionto assessthecostsof individual actions(in termsof how muchthey contributeto
thecostportionof theobjective). Speci�cally, thecosteachactioncanbesetequalto theamount
of fuel usedby thataction.The� value(for combiningcostandmakespan)canbesetbasedon the
coef�cients in theobjective function.Of course,this typeof “de-compilation”of theobjective func-
tion into actioncostsis only possibleif theobjective functionis a linearcombinationof makespan
andresourceconsumption.

5. Adjustments to the RelaxedPlan Heuristic

Until now, the heuristicestimateshave beencalculatedby relaxing certaintypesof constraints
suchasnegative effectsandmetric resourceconsumptions.In this section,we discusshow those
contraintscanthenbeusedto adjustandimprove the�nal heuristicvalues.

5.1 Impr oving the RelaxedPlan Heuristic Estimation with Static Mutex Relations

Whenbuilding the relaxed temporalplanninggraph(RTPG),we ignoredthenegative interactions
betweenconcurrentactions.We now discussa way of usingthestaticmutex relationsto help im-
prove theheuristicestimationwhenextractingtherelaxedplan.Speci�cally, ourapproachinvolves
thefollowing steps:

1. Find the setof staticmutex relationsbetweenthe groundactionsin the planningproblem
basedon theirnegative interactions.11

2. Whenextractingthe relaxed plan (Section4.2), besidesthe orderingsbetweenactionsthat
have causalrelationships(i.e oneactiongivestheeffect thatsupportstheotheraction's pre-
conditions),wealsopostprecedenceconstraintsto avoid concurrentexecutionof actionsthat
are mutex. Speci�cally, when a new action is addedto the relaxed plan, we usethe pre-
calculatedstaticmutexes to establishorderingbetweenmutually exclusive action pairsso
thatthey cannotbeexecutedconcurrently. Theorderingsareselectedin suchawaythatthey
violatetheleastnumberof existingcausallinks in therelaxedplan.

By usingthe mutex relationsin this way, we canimprove the makespanestimationof the re-
laxedplan,andthustheheuristicestimation.Moreover, in somecases,themutex relationscanalso
helpusdetectthattherelaxedplanis in facta valid plan,andthuscanleadto theearlytermination

10. In fact,this wasthemetricspeci®edfor the®rst problemin theZeno-Travel domainin IPC2003.
11. Two actionsarestaticmutex if thedeleteeffectsof oneactionintersectwith thepreconditionsor addeffectsof the

other.
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A

Plane 2

Plane 1

package 1

package 2

package 1

package 2

B

C

move(package1,airplane1,A,B)

move(package2,airplane1,A,C)

Relaxed solution with mutex:

move(package1,airplane1,A,B)

Relaxed solution with no mutex:

move(package2,airplane2,A,C)

Figure9: Exampleof mutex in therelaxedplan

of thesearch.Considertheexampleof theLogisticsdomainillustratedin Figure9. In this exam-
ple, we needto move two packagesfrom city A to city B andcity C andtherearetwo airplanes
(plane1; plane2) at city A thatcanbeusedto move them.Moreover, we assumethatplane1 is 1.5
timesfasterthanplane2 andusesthesameamountof resourcesto �y betweentwo cities.Thereare
two relaxedplans

P1 = f move(package1; plane1; city A; city B ); move(package2; plane1; city A; city C)g

P2 = f move(package1; plane1; city A; city B ); move(package2; plane2; city A; city C)g

that both containtwo actions. The �rst one usesthe sameplaneto carry both packages,while
the secondone usestwo different planes. The �rst one hasa shortermakespanif mutexes are
ignored. However, if we considerthe mutex constraints,then we know that two actionsin P1

cannot be executedconcurrentlyandthusthe makespanof P1 is actuallylongerthanP2. More-
over, the static mutex relationsalso show that even if we order the two actionsin P1, thereis
a violation becausethe �rst action cutsoff the causallink betweenthe initial stateand the sec-
ond one. Thus, the mutex information helpsus in this simple caseto �nd a better(consistent)
relaxed plan to useasa heuristicestimate. Here is a sketch of how the relaxed plan P2 canbe
found. After the �rst actionA1 = move(package1; plane1; city A; city B ) is selectedto support
thegoalat(package1; city B ), the relaxedplan is RP = A1 andthe two potentialactionsto sup-
port the secondgoal at(package2; city C) areA2 = move(package2; plane1; city A; city C) and
A0

2 = move(package2; plane2; city A; city C). With mutex information,wewill beableto choose
A0

2 over A2 to includein the�nal relaxedplan.

5.2 UsingResourceInf ormation to Adjust the CostEstimates

Theheuristicsdiscussedin Section4 haveusedtheknowledgeaboutdurationsof actionsanddead-
line goalsbut not resourceconsumption.By ignoringtheresourcerelatedeffectswhenbuilding the
relaxed plan,we maymisscountingactionswhoseonly purposeis to provide suf�cient resource-
relatedconditionsto otheractions.In our ongoingexample,if we wantto drive a carfrom Tucson
to LA andthegaslevel is low, by totally ignoringtheresourcerelatedconditions,wewill notrealize
thatweneedto refuelthecarbeforedrive. Consequently, ignoringresourceconstraintsmayreduce
thequality of theheuristicestimatebasedon therelaxedplan. We arethusinterestedin adjusting
theheuristicvaluesdiscussedin thelasttwo sectionsto accountfor theresourceconstraints.
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In many real-world problems,mostactionsconsumeresources,while therearespecialactions
thatincreasethelevelsof resources.Sincecheckingwhetherthelevel of a resourceis suf�cient for
allowing theexecutionof anactionis similar to checkingthepredicatepreconditions,oneobvious
approachis to adjusttherelaxedplanby includingactionsthatprovide thatresource-relatedcondi-
tion to therelaxedplan. However, for many reasons,it turnsout to betoo dif�cult to decidewhich
actionsshouldbeaddedto therelaxedplan to satisfythegiven resourceconditions(Do & Kamb-
hampati,2001,givesa moredetaileddiscussionof thesedif�culties). Therefore,we introducean
indirectway of adjustingthecostof therelaxedplanto take into accounttheresourceconstraints.
We �rst pre-processtheproblemspeci�cationsand�nd for eachresourceR anactionA R thatcan
increasethe amountof R maximally. Let � R be the amountby which AR increasesR, and let
C(AR ) bethecostvalueof AR . Let I nit (R) bethelevel of resourceR at thestateSfor which we
want to computetherelaxedplan,andCon(R), Pr o(R) bethetotal consumptionandproduction
of Rby all actionsin therelaxedplan. If Con(R) > I nit (R) + Pr o(R), thenwe increasethecost
by thenumberof productionactionsnecessaryto make up thedifference.Moreprecisely:

C  C +
X

R

�
(Con(R) � (I nit (R) + Pr o(R)))

� R

�
� C(AR)

Weshallcall this theadjustedcostheuristic.Thebasicideais thateventhoughwedonotknow
if an individual resource-consumingactionin the relaxed plan needsanotheractionto supportits
resource-relatedpreconditions,we canstill adjustthenumberof actionsin therelaxedplanby rea-
soningaboutthetotal resourceconsumptionof all theactionsin theplan. If weknow theresources
R consumedby therelaxed planandthemaximumproductionof thoseresourcespossibleby any
individual actionin thedomain,thenwe caninfer theminimumnumberof resource-increasing ac-
tionsthatwe needto addto therelaxedplanto balancetheresourceconsumption.In our ongoing
example,if thecarrentedby thestudentsat Tucsondoesnot have enoughfuel in theinitial stateto
make thetrip to Phoenix,LA, or LasVegas,thenthisapproachwill discover thattheplannerneeds
to adda refuelactionto therelaxedplan.

Currently, our resource-adjustmenttechniquediscussedabove is limited to simpleconsumption
andproductionof resourcesusingadditionandsubtraction.Thesearethemostcommonforms,as
evidencedby thefactthatin all metrictemporalplanningdomainsusedin thecompetition,actions
consumeandproduceresourcessolelyusingaddition(increase)andsubtraction(decrease).Modi�-
cationsareneededto extendourcurrentapproachto dealwith othertypesof resourceconsumption
suchasusingmultiplicationor division.

6. Post-Processingto Impr ove Temporal Flexibility

To improve themakespanandexecution�e xibility of theplansgeneratedby Sapa, wepost-process
andconvert theminto partially orderedplans.We discussthedetailsof this processin this section.
Wewill startby �rst differentiatingbetweentwo broadclassesof plans.

Position and Order constrained plans: A positionconstrained plan (p.c.) is a plan where the
executiontimeof each actionis �xed to a speci�c timepoint. An order constrained(o.c.) plan is a
planwhere only therelativeorderingsbetweentheactionsarespeci�ed.

Note that the p.c. vs. o.c. distinctionis orthogonalto whetheror not concurrency is allowed
during execution. Indeed,we candistinguishtwo subclassesof p.c. plans–serialandparallel. In
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Figure10: Examplesof p.c. ando.c.plans

a serialpositionconstrainedplan, no concurrency of executionis allowed. In a parallelposition
constrainedplan, actionsareallowed to executeconcurrently. Examplesof the serialp.c. plans
aretheonesreturnedby classicalplannerssuchasHSP(Bonetet al., 1997),AltAlt (Nguyenet al.,
2001),FF (Hoffmann& Nebel,2001),or GRT (Refanidis& Vlahavas,2001b). The parallelp.c.
plansaretheonesreturnedby Sapa(Do & Kambhampati,2001),TP4(Haslum& Geffner, 2001).
Graphplan-basedplanners(STAN, Long & Fox, 1998;IPP, Koehleret al. 1997)andtheir temporal
cousins(TGP, Smith& Weld,1999;TPSYS,Garrido,Onaindia& Barber, 2001)alsoreturnparallel
p.c plans. Examplesof plannersthat outputorderconstrained(o.c.) plansareZeno (Penberthy
& Well, 1994),HSTS(Muscettola,1994),IxTexT (Laborie& Ghallab,1995),RePOP(Nguyen&
Kambhampati,2001),andVHPOP(Younes& Simmons,2003).

As mentionedabove, theplansreturnedby Sapaareposition-constrained (p.c.). Searchingin
the spaceof thesep.c. planshassomeadvantagesin the presenceof metric resources(viz., it
is easyto computethe amountof consumedresourcesat every point in a partial plan). Position
constrainedplansare however lessdesirablefrom the point of view of execution�e xibility and
humancomprehension.For theselatteruses,an order(precedence)constrainedplan (o.c plan) is
oftenbetter.

Figure10 shows a valid parallelp.c. planconsistingof four actionsA 1; A2; A3; A4 with their
startingtime points�x edto T1; T2; T3; T4 andano.cplanconsistingof thesamesetof actionsand
achieving thesamegoals.For eachaction,theshadedregionsshow thedurationsover which each
preconditionor effectsshouldhold duringeachaction's executiontime. Thedarker onesrepresent
theeffect andthe lighter onesrepresentpreconditions.For example,actionA 1 hasa precondition
Q andeffect R; actionA3 hasno preconditionsandtwo effects: R andS. Thearrows show the
relative orderingsbetweenactions. Thoseorderingrelationsrepresentthe o.c plan and thusany
executiontracethatdoesnotviolatethoseorderingswill beaconsistentp.cplan.

Given a p.c plan Ppc, we areinterestedin computingan o.c. plan Poc that containsthe same
actionsas Ppc, and is also a valid plan for solving the original problem. In general,therecan
be many sucho.c. plans. In the relatedwork (Do & Kambhampati,2003),we discusshow this
conversionproblemcanbeposedasanoptimizationproblemsubjectto any varietyof optimization
metricsbasedon temporalqualityand�e xibility. In thefollowing wediscussagreedystrategy that
wasusedin thecompetitionversionof Sapa, which �nds an o.c plan biasedto have a reasonably
goodmakespan.Speci�cally, we extendthe explanation-basedordergenerationmethodoutlined
by KambhampatiandKedar(1994)to �rst computea causalexplanationfor thep.c planandthen
constructano.cplanthathasjust thenumberof orderingsneededto satisfythatexplanation.This
strategy dependsheavily on thepositionsof all theactionsin theoriginal p.c. plan. It worksbased
on the fact that the alignmentof actionsin the original p.c. plan guaranteesthat causationand
preservationconstraintsaresatis�ed.Thefollowing notationhelpsin describingourapproach:
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� For each(pre)conditionp of actionA, we use[stp
A ; etpA ] to representthedurationin which p

shouldhold (stp
A = etpA if p is aninstantprecondition).

� For eacheffect e of actionA, weuseeteA to representthetime pointat whiche occurs.

� For eachresourcer that is checked in preconditionsor usedby someaction A, we use
[str

A ; etrA ] to representthedurationover which r is accessedby A.

� The initial andgoalstatesarerepresentedby two new actionsA I andAG. A I startsbefore
all other actionsin the Ppc, it hasno preconditionand haseffects representingthe initial
state. AG startsafter all otheractionsin Ppc, hasno effect, andhastop-level goalsas its
preconditions.

� Thesymbol00� 00is usedthroughoutthis sectionto denotetherelative precedenceorderings
betweentwo timepoints.

Note that the valuesof stp
A ; etpA ; eteA ; str

A ; etrA are �x ed in the p.c plan but areonly partially
orderedin theo.cplan.Theo.cplanPoc is built from ap.cplanPpc asfollows:

Supporting Actions: For eachpreconditionp of actionA, we choosetheearliestpossibleaction
A0 in thep.cplanthatcansupportp:

1. p 2 Effect(A0) andetpA 0 < stp
A in thep.c.planPpc.

2. Thereis no actionB suchthat: : p 2 Effect(B ) andetpA 0 < et: p
B < stp

A in Ppc.

3. Thereis no otheractionC thatalsosatis�esthetwo conditionsabove andetp
C < etpA 0.

WhenA0 is selectedto supportp for A, we addthecausallink A 0 p
�! A betweentwo time points

etpA 0 andstp
A to theo.cplan.Thus,theorderingetpA 0 � stp

A is addedto Poc.

Interfer encerelations: For eachpairof actionsA; A 0 thatinterferewith eachother, weorderthem
asfollows:

1. If 9p 2 Delete(A0)
T

Add(A), thenaddtheorderingetpA � et: p
A 0 to Poc if etpA < st: p

A 0 in
Ppc. Otherwiseaddet: p

A 0 � etpA to Poc.

2. If 9p 2 Delete(A0)
T

Pr econd(A), thenaddtheorderingetpA � et: p
A 0 to Poc if etpA < et: p

A
in Ppc. Otherwise,if et: p

A 0 < stp
A in theoriginalplanPpc thenweaddtheorderinget: p

A 0 � stp
A

to the�nal planPoc.

Resourcerelations: For eachresourcer that is checkedasa (pre)conditionfor actionA andused
by actionA0, basedon thoseaction's �x ed startingtimesin theoriginal p.c plan Ppc, we addthe
following orderingsto theresultingPoc planasfollows:

� If etrA < str
A 0 in Ppc, thentheorderingrelationetrA � str

A 0 is addedto Poc.

� If etrA 0 < str
A in Ppc, thentheorderingrelationetrA 0 � str

A is addedto Poc.
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This strategy is backtrack-freedueto the fact that the original p.c. plan is correct. All (pre)
conditionsof all actionsin Ppc aresatis�edandthusfor any preconditionp of anactionA, we can
always �nd an actionA0 that satis�es the threeconstraintslisted above to supportp. Moreover,
oneof thetemporalconstraintsthat leadto theconsistentorderingbetweentwo interferingactions
(logical or resourceinterference)will alwaysbesatis�edbecausethep.c. planis consistentandno
pair of interferingactionsoverlapeachotherin Ppc. Thus,thesearchis backtrack-freeandwe are
guaranteedto �nd ano.c. plandueto theexistenceof onelegal dispatchof the �nal o.c. planPoc

(which is thestartingp.c. planPpc). The �nal o.c. plan is valid becausethereis a causal-linkfor
every action's precondition,all causallinks aresafe,no interferingactionscanoverlap,andall the
resource-related(pre)conditionsaresatis�ed. Moreover, this strategy ensuresthattheorderingson
Poc areconsistentwith theoriginalPpc. Therefore,becausethep.cplanPpc is oneamongmultiple
p.cplansthatareconsistentwith theo.cplanPoc, themakespanof Poc is guaranteedto beequalor
betterthanthemakespanof Ppc.

Thealgorithmdiscussedin this sectionis a specialcaseof thepartializationproblemin metric
temporalplanning. In our relatedwork (Do & Kambhampati,2003),we do a systematicstudyof
thegeneralpartializationproblemandgive CSOP(ConstraintSatisfactionOptimizationProblem)
encodingsfor solvingthem.Thecurrentalgorithmcanbeseenasaparticulargreedyvariable/value
orderingstrategy for theCSOPencoding.

7. Implementation of Sapa

TheSapasystemwith all thetechniquesdescribedin thispaperhasbeenimplementedin Java. The
implementationincludes:

1. Theforwardchainingalgorithm(Section2).

2. Thecostsensitive temporalplanninggraphandtheroutinesto propagatethecostinformation
andextracttheheuristicvaluefrom it (Section3).

3. Theroutinesto extractandadjusttherelaxedplanusingstaticmutex andresourceinformation
(Section4.2).

4. Greedypost-processingroutinesto convert thep.c.planinto ano.cplanwith bettermakespan
andexecution�e xibility (Section6).

By defaultSapausesthesum-propagationrule,in�nite lookaheadtermination,resource-adjusted
heuristics,andconvertsthesolutionsinto o.c. plans.Besidesthetechniquesdescribedin thispaper,
we alsowrote a JAVA-basedparserfor PDDL2.1Level 3, which is the highestlevel usedin the
Third InternationalPlanningCompetition(IPC3).

To visualizethe plansreturnedby Sapaand the relationsbetweenactionsin the plan (such
ascausallinks, mutualexclusions,and resourcerelations),we have developeda GraphicalUser
Interface(GUI)12 for Sapa. Figure11and 12shows thescreenshotsof thecurrentGUI. It displays
thetimeline of the�nal planwith eachactionshown with its actualdurationandstartingtimein the
�nal plan.Thereareoptionsto displaythecausalrelationsbetweenactions(foundusingthegreedy
approachdiscussedin Section6), andlogical andresourcemutexesbetweenactions.Thespeci�c
timesatwhich individual goalsareachievedarealsodisplayed.

179



DO & KAMBHAMPATI

Figure11: Screenshot of Sapa's GUI: PERT chart showing the actions' startingtimes and the
precedenceorderingsbetweenthem.

Figure12: Screenshotsof Sapa's GUI: Gantchartshowing different logical relationsbetweena
givenactionandotheractionsin theplan.
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Figure13: Costandmakespanvariationsaccordingto differentweightsgivento themin theobjec-
tivefunction.Eachpoint in thegraphcorrespondsto anaveragevalueover20problems.

Our implementationis publicly availablethroughthe Sapahomepage13. Sincethe planneras
well astheGUI arein JAVA, wealsoprovide web-basedinteractive accessto theplanner.

8. Empirical Evaluation

We have subjectedthe individual componentsof theSapaimplementationto systematicempirical
evaluation(c.f. Do & Kambhampati,2001,2002,2003).In thissection,wewill describetheexper-
imentsthatwe conducted(Do & Kambhampati,2001)to show thatSapais capableof satisfyinga
varietyof cost/makespantradeoffs. Moreover, we alsoprovide resultsto show theeffectivenessof
theheuristicadjustmenttechniques,theutility of differentterminationcriteria,andtheutility of the
post-processing.Comparisonof Sapawith othersystemsin theInternationalPlanningCompetition
is providedin thenext section.

8.1 ComponentEvaluation

Our �rst testsuitefor theexperiments,usedto testSapa'sability to producesolutionswith tradeoffs
betweentimeandcostquality, consistedof asetof randomlygeneratedtemporallogisticsproblems
providedby HaslumandGeffner(2001).In thissetof problems,weneedtomovepackagesbetween
locationsin differentcities.Therearemultiplewaystomovepackages,andeachoptionhasdifferent
timeandcostrequirements.Airplanesareusedto movepackagesbetweenairportsin differentcities.
Moving by airplanestakesonly 3.0 time units,but is expensive, andcosts15.0costunits. Moving
packagesby trucksbetweenlocationsin differentcitiescostsonly 4.0costunits,but takesa longer
time of 12.0 time units. We canalsomove packagesbetweenlocationsinsidethe samecity (e.g.
betweenof�ces andairports).Driving betweenlocationsin thesamecity costs2.0unitsandtakes
2.0time units.Loading/unloadingpackagesinto a truckor airplanetakes1.0unit of timeandcosts
1.0unit.

We testedthe�rst 20 problemsin thesetwith theobjective functionspeci�edasa linearcom-
binationof both total executioncostandmakespanvaluesof the plan. Speci�cally, the objective

12. TheGUI wasdevelopedby DanBryce
13. http://rakaposhi.eas.asu.edu/sapa.html
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functionwassetto
O = �:C (Plan) + (1 � � ):T(P lan)

We testedwith different valuesof � : 0 � � � 1. Among the techniquesdiscussedin this
paper, we usedthesum-propagationrule, in�nite look-ahead,andrelax-planextractionusingstatic
mutex relations.Figure13shows how theaveragecostandmakespanvaluesof thesolutionchange
accordingto the variation of the � value. The resultsshow that the total executioncost of the
solutiondecreasesaswe increasethe � value(thus,giving moreweight to the executioncost in
the overall objective function). In contrast,when� decreases,giving moreweight to makespan,
the �nal costof the solution increasesandthe makespanvaluedecreases.The resultsshow that
ourapproachindeedproducessolutionsthataresensitive to anobjective functionthatinvolvesboth
time andcost. For all the combinationsof f problem; � g, 79% (173/220)aresolvablewithin our
cutoff time limit of 300 seconds.The averagesolutiontime is 19.99secondsand78.61%of the
instancescanbesolvedwithin 10 seconds.

8.1.1 EVALUATION OF DIFFERENT TERMINATION CRITERIA

Figure14 shows thecomparisonresultsfor zero,one,andin�nite lookaheadfor thesetof metric
temporalplanningproblemsin thecompetition.We take the �rst 12 problemsin eachof the four
temporaldomains:ZenoTravel-Time, DriverLog-Time, Satellite-Time, andRoversTime. We set
� = 1 in theobjective function,makingit entirelycost-based.Theactioncostsaresetto 1 unit. As
discussedin Section3.3,zero-lookaheadstopsthecostpropagationprocessat thetimepointwhere
thereis a solutionundertherelaxedcondition. K-lookaheadspendsextra effort to go beyond that
time point in hopeof �nding betterquality (relaxed)solutionto useasheuristicvaluesto guidethe
search.Therunningconditionis speci�edin thecaptionof the�gure.

Formostof theproblemsin thethreedomainsZenoTravel-Time,DriverLog-Time,andSatellite-
Time, in�nite-lookaheadreturnsbetterquality solutionsin shortertime thanone-lookahead,which
in turn is generallybetterthanzero-lookahead.Theexceptionis theRovers-Timedomain,in which
thereis virtually no differencein runningtime or solutionqualitybetweenthedifferentlook-ahead
options.

The following is a moreelaboratesummaryof the resultsin Figure14. The top three�gures
show therunningtime, cost,andmakespancomparisonsin theZenoTravel domain(Timesetting).
In thisdomain,within thetimeandmemorylimit, in�nite-lookaheadhelpsto solve3moreproblems
thanone-lookaheadand2 morethanzero-lookahead.In all but oneproblem(problem10), in�nite-
lookaheadreturnsequal(three)or better(eight) costsolutionthanzero-lookahead.Comparedto
one-lookahead,it' sbetterin � veproblemsandequalin six others.For themakespanvalue,in�nite-
lookaheadis generallybetter, but not asconsistentasothercriteria. The next threelower �gures
show the comparisonresultsfor the DriverLog-Time domain. In this domain, in�nite and one-
lookaheadsolve onemoreproblemthanzero-lookahead,in�nite-lookaheadis alsofasterthanthe
othertwo optionsin all but oneproblem. The costs(numberof actions)of solutionsreturnedby
in�nite-lookaheadarealsobetterthanall but twoof theproblems(in whichall threesolutionsarethe
same).One-lookaheadis alsoequalto or betterthanzero-lookaheadin all but two problems.In the
Satellite-Timedomain,while in�nite andone-lookaheadsolvethreemore(of twelve)problemsthan
zero-lookahead,thereis nooptionthatconsistentlysolvesproblemsfasterthantheother. However,
thesolutionquality (cost)of in�nite andone-lookaheadis consistentlybetterthanzero-lookahead.
Moreover, thesolutioncostof plansreturnedby in�nite-lookaheadis worsethanone-lookaheadin
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Figure14: Comparisonof thedifferentlookaheadoptionsin thecompetitiondomains.Theseex-
perimentswererun on a PentiumIII-750 WindowsXPmachinewith 256MB of RAM.
Thetimecutoff is 600seconds.
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Figure15: Utility of theresourceadjustmenttechniqueonZenoTravel (timesetting)domainin the
competition.ExperimentswererunonaWindowsXPPentiumIII 750MHzwith 256MB
of RAM. Timecutoff is 600seconds.

only oneproblemwhile beingslightly betterin 6 problems.In thisdomain,it seemsthatthereis big
improvementfrom zeroto onelook-ahead,while in�nite-lookaheadis a slight improvementover
one-lookahead.(The plots for the Roversdomainarenot shown in the �gure asall the different
look-aheadoptionsseemto leadto nearidenticalresultsin thatdomain.)Finally, sincetheheuristic
is basedcompletelyon cost(� =1), we do not, in theory, expectto seeany conclusive patternsin
themakespanvaluesof thesolutionsproducedfor thedifferentlookaheadoptions.

8.1.2 UTILITY OF THE RESOURCE ADJUSTMENT TECHNIQUE

In ourpreviouswork (Do & Kambhampati,2001),weshow thattheresourceadjustmenttechnique
canleadto signi�cant quality andsearchspeedimprovementsin problemssuchasthemetrictem-
poral logisticsdomainin which thereareseveral typesof resourceconsumptionobjectslike trucks
andairplanes.

In the competition,therearetwo domainsin which we cantesttheutility of the resourcead-
justmenttechniquediscussedin Section5.2. TheZenoTravel domainandtheRoversdomainhave
actionsconsumingresourcesandother(refueling)actionsto renew them. Of these,the resource
adjustmenttechniquegivesmixedresultsin theZenoTravel domainandhasno effect in theRovers
domain. Therefore,we only show the comparisonfor the ZenoTravel domainin Figure 15. In
the ZenoTravel domain,Sapawith the resourceadjustmentrunsslightly fasterin 10 of 14 prob-
lems, returnsshortersolutionsin 5 problemsand longer solutionsin 3 problems. The solution
makespanwith theresourceadjustmenttechniqueis alsogenerallybetterthanwithout theadjust-
menttechnique.In conclusion,theresourceadjustmenttechniqueindeedhelpsSapain thisdomain.
In contrast,in the Roversdomain,this techniqueis of virtually no help. Actually, in the Rovers
domain,thenumberof searchnodeswith andwithout the resourceadjustmentis thesamefor all
solvedproblems.Onereasonmaybethat in theRoversdomain,thereareadditionalconstraintson
the recharge actionso that it canonly be carriedout at a certainlocation. Therefore,even if we
know thatweneedto addarechargeactionto thecurrentrelaxedplan,wemaynotbeableto addit
becausetheplandoesnotvisit theright location.
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Figure16: Utility of the greedypost-processingapproachfor problemsin domainsZenoTravel-
Time,DriverLog-Time,Satellite-Complex, andRovers-Time in theIPC3.

8.1.3 UTILITY OF POST-PROCESSING P.C. PLANS TO O.C. PLANS

Figure16 shows the utility of the greedypost-processingtechniquediscussedin Section6. The
testsuitecontainsthesamesetof problemsusedin the�rst test,which arethe�rst 12 problemsin
theZenoTravel-Time, DriverLog-Time, Satellite-Complex, andRovers-Time domain. Thegraphs
in Figure16 show the comparisonsof makespanvaluesof (i) total durationof all actionsin the
plan (makespanof a serialplan); (ii) original parallelposition-constrained (p.c) plansreturnedby
Sapa, and(iii) order-constrained(o.c)plansreturnedafterpost-processing.Thegraphsshow thatthe
greedypost-processingapproachhelpsimproving themakespanvaluesin all domains.Onaverage,
it improvesthe makespanvaluesof the original plansby 32.4%in the ZenoTravel-Time domain,
27.7%in the DriverLog-Time domain,20.3%in the Satellite-Complex domain,and8.7% in the
RoversTime domain.Comparedto theserialplans,thegreedilypartializedo.cplansimprovedthe
makespanvalues24.7%-38.9%.

TheCPUtimesfor greedypartializationareverysmall.Speci�cally, they werelessthan0.1sec-
ondsfor all problemswith thenumberof actionsrangingfrom 1 to 68. Thus,usingourpartialization
algorithmasa post-processingstageessentiallypreserves the signi�cant ef�ciency advantagesof
positionconstrainedplannerssuchasSapa, GRT andMIPS, thatsearchin thespaceof p.c. plans,
while improving thetemporal�e xibility of theplansgeneratedby thoseplanners.

In our relatedwork (Do & Kambhampati,2003), we presentadditionalresultsfor the Sim-
pleTime settingof thosedomainsanddo a comparisonwith anoptimalpost-processingtechnique
discussedin thesamepaper.
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8.2 Sapain the 2002Inter national Planning Competition

Weenteredanimplementationof Sapa, usingseveralof thetechniquesdiscussedin thispaper, in the
recentInternationalPlanningCompetition.Thespeci�c techniquesusedin thecompetitionversion
of Sapaarein�nite look-aheadterminationof costpropagation(Section3.3), resourceadjustment
(Section5.2),andgreedypost-processing(Section6). In thecompetition,we focusedsolelyon the
metric/temporaldomains.

Thesophisticatedsupportfor multi-objective searchprovidedby Sapawasnot fully exploited
in the competition,sinceaction cost is not part of the standardPDDL2.1 languageusedin the
competition.14 Thecompetitiondid evaluatethequalityof solutionplansbothin termsof numberof
actionsandin termsof theoverallmakespan.Giventhisstateof affairs,weassumedunit costfor all
actions,andranSapawith � = 1, thusmakingthesearchsensitiveonly to theactioncosts.In�nite-
lookaheadwasusedfor costpropagation.This strategy biasedSapato producelow costplans(in
termsof numberof actions).Althoughthesearchwasnot sensitive to makespanoptimization,the
greedypostprocessingof p.c. plansto o.c. plansimproved themakespanof thesolutionsenough
to make Sapaoneof thebestplannersin termsof theoverall qualityof solutionsproduced.15

The competitionresultswere collectedand distributed by the IPC3's organizersand can be
found at the competitionwebsite(Fox & Long, 2002). Detaileddescriptionsof domainsusedin
thecompetitionarealsoavailableat thesameplace. The temporalplanningdomainsin thecom-
petitioncamein two sets,onecontainingtwo domains,SatelliteandRovers(adaptedfrom NASA
domains),andtheothercontainingthreedomains:Depots, DriverLogisticsandZenoTravel. In the
planningcompetition,eachdomainhadmultipleversions–depending on whetheror not theactions
haddurationsandwhetheractionsusecontinuousresources.Sapaparticipatedin thehighestlevels
of PDDL2.1(in termsof the complexity of temporalandmetric constraints)for the � ve domains
listedabove.

Figures 17 and 18 show that � ve planners(Sapa, LPG, MIPS, TP4,andTPSYS)submitted
resultsfor thetimedsettingandonly three(Sapa, MIPS,andTP4)wereableto handlethecomplex
settingof the Satellitedomain. In the timed setting,action durationsdependon the settingof
instrumentsaboardaparticularsatelliteandthedirectionit needsto turn to. The“complex” setting
is furthercomplicatedby thefactthateachsatellitehasa differentcapacitylimitation sothatit can
only storeacertainamountof imagedata.Goalsinvolve takingimagesof differentplanetsandstars
locatedat differentcoordinatedirections.To achieve thegoals,thesatelliteequippedwith theright
setof instrumentsshouldturn to theright direction,calibrateandtake theimage.

For the timedsettingof this Satellitedomain,Figure17 shows that amongthe � ve planners,
Sapa, LPG andMIPS wereableto solve 19 of 20 problemswhile TP4 andTPSYSwereableto
solve 2 and3 problemsrespectively. For qualitycomparison,LPGwith thequalitysettingwasable
to returnsolutionswith thebestquality, Sapawasslightly betterthanLPG with thespeedsetting
andwasmuchbetterthanMIPS. LPG with thespeedsettingis generallythe fastest,followed by
MIPS andthenSapaandLPG with thequality setting. For the complex setting,Figure18 shows
that,amongthethreeplanners,Sapawasableto solve themostproblems(16),andgeneratedplans
of higherquality thanMIPS.TP4producedthehighestqualitysolutions,but wasableto solveonly

14. Someof the competitionproblemsdid have explicit objective functions,andin theory, we could have inferredthe
actioncostsfrom theseobjective functions(seethediscussionin Section4.3). We have not yet donethis,giventhat
theªplanmetricº®eld of PDDL2.1hadnotbeenfully standardizedat thetimeof thecompetition.

15. Tobesure,makespanoptimalplannerssuchasTP4canproducemuchshorterplans±but theirsearchwassoinef®cient
thatthey wereunableto solve mostproblems.
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Figure17: Resultsfor thetimesettingof theSatellitedomain(from IPC3results).
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Figure18: Resultsfor thecomplex settingof theSatellitedomain(from IPC3results).

187



DO & KAMBHAMPATI

Rovers Time

0

50

100

150

200

250

300

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Problems

Q
u

al
it

y 
(M

ak
es

p
an

)

Sapa (11 solved)

MIPS (9 solved)

Rovers Time

1.E+00

1.E+01

1.E+02

1.E+03

1.E+04

1.E+05

1.E+06

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Problems

S
p

ee
d

 (
m

ili
se

cs
)

Figure19: Resultsfor thetimesettingof theRover domain(from IPC3results).
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Figure20: Resultsfor thetimesettingof theDepotsdomain(from IPC3results).

thethreesmallestproblems.Thesolvingtimesof Sapaareslightly higherthanMIPS,but aremuch
betterthanTP4.

The“timed” versionof theRoverdomainrequiresthatasetof scienti�c analysesbedoneusing
a numberof rovers. Eachrover carriesdifferentequipment,andhasa differentenergy capacity.
Moreover, eachrover canonly recharge its batteryat certainpointsthatareunderthesun(which
maybeunreachable).Figure19shows thatonly SapaandMIPSwereableto handletheconstraints
in thisproblemset.Sapaagainsolvedmoreproblems(11vs. 9) thanMIPSandalsoreturnedbetter
or equalquality solutionsin all but onecase.Thesolvingtime of MIPS is betterthanSapain 6 of
9 problemswhereit returnsthesolutions.
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In thesecondsetof problems,which comewith temporalconstraints,therearethreedomains:
Depots, DriverLogistics and Zeno Travel. Sapaparticipatedat the highestlevel, which is the
“timed” settingsfor thesethreedomains.Figure20 shows thecomparisonbetweenSapaandthree
otherplanners(LPG,MIPS,andTP4)thatsubmittedresultsin theDepotsdomain.In this domain,
we needto move crates(packages)betweendifferentplaces. The loadingactionsthat placethe
cratesinto eachtruck arecomplicatedby the fact that they needan emptyhoist. Thus,theDepot
domainlooks like a combinationof the original logisticsandblockworlds domains.Drive action
durationsdependon thedistancesbetweenlocationsandthespeedof thetrucks.Time for loading
thecratesdependson thepower of thehoist thatwe use.Thereis no resourceconsumptionin this
highestlevel. In this domain,Sapawasonly ableto solve � ve problems,comparedto 11 by MIPS
and18 by LPG. TP4solvedonly oneproblem.For the � ve problemsthatSapawasableto solve,
thesolutionquality is asgoodasotherplanners.For thespeedcomparison,LPGwith speedsetting
is clearlyfasterthantheotherplanners.Wespeculatethatthepoorperformanceof Sapain this do-
main is relatedto two factors:(i) negative interactionsbetweensubgoals,largely ignoredby Sapa,
areanimportantconsiderationin this domainand(ii) thenumberof groundactionsin this domain
is particularlyhigh,makingthecomputationof theplanninggraphquitecostly.

Figure21showshow Sapaperformancecompareswith otherplannersin thecompetitiononthe
timesettingof theDriveLog domain.This is a variationof theoriginal Logisticsdomainin which
trucksratherthanairplanesmovepackagesbetweendifferentcities.However, eachtruckrequiresa
driver, soadriver mustwalk to andboarda truckbeforeit canmove. Like theDepotdomain,there
is no resourceconsumption.The durationsfor walking anddriving dependon thespeci�ed time-
to-walk andtime-to-drive. In this domain,Sapasolved 14 problemscomparedto 20 by LPG, 16
by MIPS and1 by TP4. Thequality of thesolutionsby differentplannersarevery similar. For the
speedcomparison,LPG with speedsettingis fastest,thenMIPS, thenSapaandLPG with quality
setting.

Finally, Figure22 shows theperformanceof Sapain theZenoTravel domainwith timesetting.
In this domain,passengerstravel betweendifferentcities by airplanes.The airplanescanchoose
to �y with differentspeeds(fast/slow), which consumedifferentamountsof fuel. Airplaneshave
differentfuel capacityandneedto refuel if they do not have enoughfor eachtrip. In this domain,
SapaandLPG solved16 problemswhile MIPS solved20. Thesolutionquality of SapaandMIPS
aresimilar andin generalbetterthanLPG with eitherspeedor quality setting. LPG with speed
settingandMIPSsolvedproblemsin thisdomainfasterthanSapawhich is in turn fasterthanLPG
with quality setting.

In summary, for problemsinvolving bothmetricandtemporalconstraintsin IPC3,Sapais com-
petitive with otherplannerssuchasLPG or MIPS. In particular, Sapasolved the mostproblems
andreturnedtheplanswith bestsolutionquality in thehighestsettingfor thetwo domainsSatellite
andRovers, which areadaptedfrom NASA domains.A moredetailedanalysisof thecompetition
resultsis presentedby LongandFox (2003).

9. RelatedWork and Discussion

Althoughtherehave beenseveral recentdomain-independentheuristicplannersaimedat temporal
domains,mostof themhave beenaimedat makespanoptimization,ignoring thecostaspects.For
example,both TGP (Smith & Weld, 1999) as well as TP4 (Haslum& Geffner, 2001) focus on
makespanoptimizationandignorethe costaspectsof the plan. As we have arguedin this paper,
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Figure21: Resultsfor thetimesettingof theDriverLogdomain(from IPC3results).
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Figure22: Resultsfor thetimesettingof theZenoTravel domain(from IPC3results).
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ultimately, metric temporalplannersneedto dealwith objective functionsthat arebasedon both
makespanandcost.Onerecentresearcheffort thatrecognizesthemulti-objectivenatureof planning
is the MO-GRT system(Refanidis& Vlahavas,2001a). On onehand,the MO-GRT approachis
more generalthan our approachin the sensethat it dealswith a set of non-combinablequality
metrics.TheMO-GRT approachhowever treatstime similar to otherconsumableresources(with
in�nite capacity).Temporalconstraintson theplanningproblems(suchaswhenan effect should
occurduring the courseof action),goal deadlines,or concurrency are ignored in order to scale
down theproblemto theclassicalplanningassumptions.Metric-FF (Hoffmann,2002)andMIPS
(Edelkamp,2001)aretwo otherforwardstatespaceplannersthatcanhandleresourceconstraints.
Both of themgeneratesequentialplans. MIPS handlesdurative actionsby putting in the action
durationandpost-processingthe sequentialp.c plans. Multi-Pegg (Zimmerman,2002)is another
recentplannerthat considerscost-timetradeoffs in plan generation.Multi-Pegg is basedon the
Graphplanapproach,andfocuseson classicalplanningproblemswith non-uniformcostactions.
ASPEN(Chienet al., 2000) is anotherplannerthat recognizesthe multi-attribute natureof plan
quality. ASPENadvocatesan iterative repairapproachfor planning,that assumestheavailability
of a varietyof hand-codedplanrepairstrategiesandtheir characterizationin termsof their effects
on thevariousdimensionsof planquality. LPG (Gerevini & Serina,2002)is anotherplannerthat
employs local searchtechniquesover the action-graph.Unlike ASPEN,LPG considersdomain
independentrepairstrategiesthatinvolve planninggraph-basedmodi�cations.

Althoughwe evaluatedour cost-sensitive heuristicsin thecontext of Sapa, a forwardchaining
planner, the heuristicsthemselves can also be usedin other typesof planningalgorithms. For
example,TGP can be madecost-sensitive by making it propagatethe cost functionsas part of
planninggraphexpansion.Thesecostfunctionscanthenbeusedasa basisfor variableandvalue
orderingheuristicsto guideits backwardbranch-and-boundsearch.A similarapproachin classical
planninghasbeenshown to besuccessfulby KambhampatiandNigenda(2000).

BesidesGraphplan-basedapproaches,our framework can also be usedin both forward and
backwardstate-spaceandpartialorderplannersto guidetheplanningsearch.It is possibledueto
thefact thatdirectionalsearches(forward/backward) all needto evaluatethedistancesbetweenan
initial stateandasetof temporalgoals.

Our work is alsorelatedto otherapproachesthatuseplanninggraphsasthebasisfor deriving
heuristicestimatessuchasGraphplan-HSP(Kambhampati& Nigenda,2000),AltAlt (Nguyenetal.,
2001),RePOP(Nguyen& Kambhampati,2001),andFF(Hoffmann& Nebel,2001).In thecontext
of theseefforts,ourcontributioncanbeseenasproviding awayto trackcostasafunctionof timeon
planninggraphs.An interestingobservationis thatcostpropagationis in somewaysinherentlymore
complex thanmakespanpropagation.For example,oncea setof literalsentertheplanninggraph
(andarenot mutually exclusive), the estimateof the makespanof the shortestplan for achieving
themdoesnot changeaswe continueto expandtheplanninggraph.In contrast,theestimateof the
costof thecheapestplanfor achieving themcanchangeuntil theplanninggraphlevelsoff. This is
why weneededto carefullyconsidertheeffectof differentcriteriafor stoppingtheexpansionof the
planninggraphon theaccuracy of thecostestimates(Section3.3).

Anotherinterestingpoint is thatwithin classicalplanning,therewasoftenaconfusionbetween
thenotionsof costandmakespan.For example,the“lengthof aplanin termsof numberof actions”
caneitherbe seenasa costmeasure(if we assumethat actionshave unit costs),or a makespan
measure(if weassumethattheactionshaveunit durations).Thesenotionsgetteasedapartnaturally
in metrictemporaldomains.
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In this paper, we concentratedon developing heuristicsthat can be sensitive to multiple di-
mensionsof planquality (speci�cally, makespanandcost). An orthogonalissuein planningwith
multiple criteria is how the variousdimensionsof plan quality shouldbe combinedduring opti-
mization. The particularapproachwe adoptedin our empiricalevaluation–namely, consideringa
linear combinationof costand time–isby no meansthe only reasonableway. Otherapproaches
involve non-linearcombinationsof thequality criteria,aswell as“tiered” objective functions(e.g.
rankplansin termsof makespan,breakingtiesusingcost). A relatedissueis how to helptheuser
decidethe “weights” or “tiers” of thedifferentcriteria. Often theusersmaynot beableto articu-
late their preferencesbetweenthevariousquality dimensionsin termsof preciseweights.A more
standardwayoutof thisdilemmainvolvesgeneratingall non-dominatedor Pareto-optimalplans16,
andpresentingthemto theuser. Unfortunately, oftenthesetof non-dominatedplanscanbeexpo-
nential(c.f., Papadimitriou& Yannakakis,2001).Theusersarethenexpectedto pick theplanthat
is mostpalatableto them. Unfortunately, the usersmay not actuallybe ableto judgethe relative
desirabilityof planswhentheproblemsarecomplex andtheplansarelong. Thus,a morepractical
approachmayinvolve resortingto otherindirectmethodssuchaspreferenceelicitationtechniques
(c.f. Chajewska,Getoor, Norman,& Shahar., 1998).

10. Conclusion

In thispaper, wepresentedSapa, adomain-independent heuristicforwardchainingplannerthatcan
handledurative actions,metricresourceconstraints,anddeadlinegoals.Sapais a forward-chaining
plannerthatsearchesin thespaceof time-stampedstates.It is designedto becapableof handling
the multi-objective natureof metric temporalplanning. Our technicalcontributions include(i) a
planning-graphbasedmethodfor deriving heuristicsthat aresensitive to both costandmakespan
(ii) an easyway of adjustingthe heuristicestimatesto take the metric resourcelimitations into
accountand(iii) a way of post-processingthesolutionplansto improve their execution�e xibility.
Wedescribedthetechnicaldetailsof extractingtheheuristicsandpresentedanempiricalevaluation
of thecurrentimplementationof Sapa. An implementationof Sapausingasubsetof thetechniques
presentedin this paperwasoneof thebestdomainindependentplannersfor domainswith metric
andtemporalconstraintsin thethird InternationalPlanningCompetition,heldatAIPS-02.

We areextendingSapain several differentdirections. To begin with, we want to make Sapa
supportmoreexpressive domains,includingexogenouseventsanda richersetof temporalandre-
sourceconstraints(e.garover cannot rechargethebatteryaftersunset).Anotherdirectioninvolves
extendingour multi-objective searchto involve otherquality metrics.While we consideredcostof
a plan in termsof a singlemonetarycostassociatedwith eachaction,in morecomplex domains,
thecostmaybebetterde�ned asa vectorcomprisingthedifferenttypesof resourceconsumption.
Further, in addition to cost andmakespan,we may alsobe interestedin othermeasuresof plan
quality suchasrobustnessandexecution�e xibility of theplan. Our longertermgoal is to support
plangenerationthatis sensitive to thisextendedsetof tradeoffs. To thisend,weplanto extendour
methodologyto derive heuristicssensitive to a largervarietyof quality measures.Finally, we also
planto considertheissuesof planner-scheduler interactionsin thecontext of Sapa(c.f., Srivastava,
Kambhampati,& Do, 2001).

16. A plan P is saidto be dominatedby P 0 if the quality of P 0 is strictly superiorto that of P in at leastonedimen-
sion, and is betteror equalin all otherdimensions(Dasgupta,Chakrabarti,& DeSarkar., 2001; Papadimitriou&
Yannakakis,2001).
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