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Abstract

Sapas a domain-independetiteuristicforward chainingplannerthat canhandledurative ac-
tions, metric resourceconstraintsand deadlinegoals. It is designedo be capableof handling
the multi-objective natureof metric temporalplanning. Our technicalcontributionsinclude (i)
planning-graptbasednethodsor deriving heuristicsthataresensitve to both costandmakespan
(i) techniquedor adjustingthe heuristicestimatego take actioninteractionsandmetric resource
limitations into accountand (iii) a linear time greedypost-processingechniqueto improve exe-
cution e xibility of the solutionplans. An implementatiorof Sapausingmary of thetechniques
presentedn this paperwasoneof the bestdomainindependenplannersor domainswith metric
andtemporalconstraintsn thethird InternationalPlanningCompetition heldat AIPS-02. We de-
scribethe technicaldetailsof extractingthe heuristicsand presentan empirical evaluationof the
currentimplementatiorof Sapa

1. Intr oduction

The succes®f the DeepSpaceRemoteAgent experimenthasdemonstratedhe promiseandim-
portanceof metrictemporalplanningfor real-world applications HSTS/RAX, the plannerusedin
theremoteagentexperiment,waspredicatedn the availability of domain-andplannerdependen
control knowledge, the collectionand maintenancef which is admittedlya laboriousand error
proneactvity. An obvious questionis whetherit will be possibleto develop domain-independent
metrictemporalplannerghat are capableof scalingup to suchdomains.The pastexperiencehas
not beenparticularly encouraging.Although therehave beensomeambitiousattempts—including
IXTeT (Ghallab& Laruelle,1994)andZeno(Penberthy& Well, 1994),their performanceérasnot
beenparticularlysatishctory

Someencouragingignshowever aretherecentsuccessesf domain-independelteuristicplan-
ning techniquesn classicalplanning(c.f., Nguyen,Kambhampati& Nigenda,2001;Bonet,Lo-
erincs,& Geffner, 1997; Hoffmann& Nebel,2001). Our researclis aimedat building on these
successerd develop a scalablemetric temporalplanner At rst blushsearchcontrol for metric
temporalplannerswould seemto be a very simple matterof adaptingthe work on heuristicplan-
nersin classicaplanning(Bonetetal., 1997;Nguyenetal., 2001;Hoffmann& Nebel,2001). The
adaptatiorhowever doesposesereralchallenges:

Metric temporalplannergendto have signi cantly larger searchspaceshanclassicalplan-
ners. After all, the problemof planningin the presenceof duratve actionsand metric re-
sourcessubsumes$othclassicablanninganda certainclassof schedulingproblems.
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Comparedo classicalplannerswhich only have to handlethe logical constraintsbetween
actions,metrictemporalplannershave to dealwith mary additionaltypesof constraintghat
involve time andcontinuougunctionsrepresentinglifferenttypesof resources.

In contrastto classicalplanning, wherethe only objective is to nd shortestiength plans,
metric temporalplanningis multi-objective The usermay be interestedn improving either
temporalquality of the plan (e.g. makespan)or its cost(e.g. cumulatve actioncost,costof
resourcegonsumecetc.),or moregenerally a combinatiornthereof. Consequentlyeffective
plansynthesigequiresheuristicghatareableto trackboththeseaspectsn anevolving plan.
Thingsarefurther complicatedby the factthattheseaspectsare often interdependentFor
example,it is often possibleto nd a“cheaper’planfor achieving goals,if we areallowed
moretime to achieve them.

In this paper we presentSapa a heuristicmetric temporalplannerthat we are currently de-
velopingto addresghesechallenges.Sapais a forward chainingplanney which searchesn the
spaceof time-stampedstatesSapahandlesdurative actionsaswell asactionsconsumingcontin-
uousresources.Our main focus hasbeenon the developmentof heuristicsfor focusing Sapés
multi-objectve search. Theseheuristicsare derved from the optimistic reachabilityinformation
encodedn the planninggraph. Unlike classicalplanningheuristics(c.f., Nguyenet al., 2001)),
which needonly estimatehe“length” of the planneededo achiere a setof goals,Sapés heuristics
needto be sensitve to boththe costandlength(“makespan”)of the plansfor achieiing the goals.
Our contritutionsinclude:

We presenta novel framework for trackingthe costof literals (goals)asa function of time.
These“cost functions” are then usedto derive heuristicsthat are capableof directingthe
searchtowardsplansthatsatisfyary type of cost-makspartradeofs.

Sapageneralizeghe notion of “phased”relaxationusedin deriving heuristicsin planners
suchasAltAlt and FF (Nguyenet al., 2001; Hoffmann& Nebel,2001). Speci cally, the
heuristicsare rst derivedfrom arelaxationthatignoresthedeleteeffectsandmetricresource
constraintsandarethenadjustedsubsequentljo betteraccounfor bothnegative interactions
andresourceconstraints.

Sapamprovesthetemporal e xibility of the solutionplansby post-processintheseplansto

produceorderconstrainedo.c or partially-orderedplans. This way, Sapas ableto exploit

boththe easeof resourceeasoningfferedby the position-constrairg plansandthe execu-
tion e xibility offeredby the precedence-constredd plans.We present lineartime greedy
approacho generatean o.c plan of betteror equalmakesparnvaluecomparedo a givenp.c

plan.

Ar chitecture of Sapa Figure 1 shaws the high-level architectureof Sapa Sapausesa forward
chainingA* searchto navigate in the spaceof time-stampedstates. Its evaluationfunction (the
“f (:)” functionis multi-objective andis sensitve to both malkespamndactioncost. Whena state
is picked from the searchqueueand expanded,Sapacomputesheuristicestimatef eachof the
resultingchildrenstates.The heuristicestimationof a stateS is basedon (i) computinga relaxed
temporalplanninggraph (RTPG) from S, (ii) propagatingcostof achiewementof literalsin the
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Figurel: Architectureof Sapa

RTPGwith thehelpof time-sensitie costfunctions(iii) extractingarelaxedplanP ' for supporting
the goalsof the problemand(iv) modifying the structureof P' to adjustfor mutex andresource-
basedinteractions.Finally, P" is usedasthe basisfor deriing the heuristicestimateof S. The
searchendswhen a stateS° selectedfor expansionsatis es the goals. In this case,Sapapost-
processeshe position-constraied plan correspondingo the stateS to corvert it into an order
constraineglan. This laststepis doneto improve the makespamaswell asthe execution e xibility
of thesolutionplan.

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

Organization: The paperis organizedasfollows: in Section2 we discusghe detailsof theaction
andproblemrepresentatiorgndtheforwardstatespacesearclalgorithmusedo produceconcurrent
metric temporalplanswith durative actions.In Section3, we addresghe problemof propagating
thetime andcostinformationover atemporalplanninggraph.Section4 shavs how the propagated
information canbe usedto estimatethe costof achie/ing the goalsfrom a given state. We also
discussn that sectionhow the mutualexclusionrelationsandresourcanformationhelp improve
the heuristicestimation. To improve the quality of the solution, Section6 discusse®ur greedy
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approachof building a precedence-constraia plan from the position-constraied plan returned
by Sapa Section7 discusseshe implementatiorof Sapa presentsomeempiricalresultswhere
Sapgroducegplanswith tradeofs betweercostandmakespanandanalyzests performancén the
2002InternationalPlanningCompetition(IPC 2002). We presenta discussiorof the relatedwork
in Section9 andconcludein Sectionl0.

2. Handling Concurrent Actions in a Forward State SpacePlanner

Sapaaddressegplanning problemsthat involve duratve actions, metric resourcesand deadline
goals. In this section,we describehow such planning problemsare representednd solved in
SapaWe rst describegheactionrepresentatiorgndthenpresentheforwardchainingstatesearch
algorithmusedby Sapa

2.1 Action Representation& Constraints

Planningis theproblemof nding asetof actionsandthe starttimesof their executionto satisfyall
causalmetric,andresourceconstraintsin this sectionwe will brie y describeour representation,
which is an extensionof the actionrepresentatioi PDDL2.1Level 3 (Fox & Long, 2001),the
mostexpressie representatiotevel usedin the third internationalcompetition. Our extensionso
PDDL2.1are: (i) intenal preconditions{ii) delayedeffectsthathappenat time pointsotherthan
actions startandendtime points;(iii) deadlinegoals.

We shallstartwith anexampleto illustratethe actionrepresentatiom a simpletemporalplan-
ning problem.This problemandits variationswill be usedastherunningexampleshroughouthe
restof the paper Figure2 shavs graphicallythe problemdescription.In this problem,a groupof
studentsn Tucsonneedto go to Los Angeles(LA). Therearetwo carrentaloptions. If the stu-
dentsrentafasterbut moreexpensve car(Carl), they canonly goto Phoenix(PHX) or LasVegas
(LV). However, if they decideto renta slower but cheaperCar2, thenthey canuseit to drive to
Phoenixor directlyto LA. Moreover, to reachLA, the studentanalsotake atrain from LV or a
ight from PHX. In total, thereare6 movementactionsin the domain: drive-carl-tucson-poenix
(D} p, Dur = 1.0, Cost= 2.0), drive-carl-tucsotv (D! |, Dur = 3.5, Cost= 3.0), drive-car2-

| )
tucson-phoeniXD {? p» DuUr = 1.5, Cost= 1.9, drive—cteirlzv—tucsoria (fo 1a).0ur = 7.0, Cost=
6.0, y-airplane-phoeix-la (Fp |, Dur = 1.5,Cost= 6.0), anduse-tain-Iv-la (T\y: 4, Dur= 2.5,
Cost= 2.5. Eachmove actionA (by car/airplane/trainpetweentwo cities X andY requiresthe
preconditionthatthe studentdbeat X (at(X)) atthebegginningof A. Therearealsotwo temporal
effects:: at(X) occursatthestartingtime pointof A andat(Y ) attheendtime pointof A. Driving
and ying actionsalsoconsumdlifferenttypesof resourcege.gfuel) at differentratesdepending
on thespeci c caror airplaneused. In addition,therearerefuelingactionsfor carsandairplanes.
The durationsof the refuelingactionsdependon the amountof fuel remainingin the vehicleand
therefuelingrate. The summarieof actionspeci cationsfor this exampleareshavn on theright
sideof Figure2. In this example,the costsof maving by train or airplanearethe respecitie ticket
prices,andthe costsof moving by rentalcarsincludetherentalfeesandgas(resourcefosts.

As illustratedin the example,unlike actionsin classicalplanning,in planningproblemswith
temporaland resourceconstraintsactionsare not instantaneoubut have durations. Eachaction
A hasa durationD », startingtime Sa, andendtime (Ea = Sa + Da). Thevalueof D can
be staticallyde ned for a domain,staticallyde ned for a particularplanningproblem,or canbe
dynamically decidedat the time of execution. For example,in the traveling domaindiscussed
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Figure2: Thetravel example

aborve, boardinga passengealwaystakes 10 minutesfor all problemsin this domain. Durationof
theactionof ying anairplanebetweenwo citiesdepend®nthedistancebetweerthesetwo cities
andthespeedf theairplane Becauséhedistancebetweertwo citieswill notchangeovertime,the
durationof a particular ying actionwill betotally speci ed oncewe parsethe planningproblem.
However, refuelinganairplanehasa durationthatdependonthecurrentfuel level of thatairplane.
We mayonly beableto calculatethe durationof a givenrefuelingactionaccordingo thefuel level
attheexacttime instantwhentheactionwill be executed.

An actionA canhave preconditiond re(A) thatmay be requiredeitherto be instantaneously
true at the time point Sa or E, or requiredto be true startingat Sa and remaintrue for some
durationd  Da. Thelogical effects Eff(A) of A aredivided into two setsEg(A), andEg(A)
containing,respectiely, the instantaneousffectsat time pointsSp, anddelayedeffectsat Sp +
d;d Da.InPDDL2.1,d mustbeequalto D o for duratve preconditionsanddelayedeffects.

Actionscanalsoconsumeor producemetricresourcesindtheir preconditiongnayalsodepend
on the valuesof thoseresources.For resourcerelatedpreconditionswe allow several typesof
equalityor inequalitycheckingincluding==, <, >, <=, > =. For resource-relatedffects,we allow
the following typesof changglupdate).assignment(=)increment(+=)decrement(-=)multiplica-
tion(*=), anddivision(/=). In essenceactionsconsumeand producemetric resourcesn the same
way thatis speci edin PDDL2.1.

2.2 A Forward Chaining Search Algorithm for metric temporal planning

Variationsof the actionrepresentatioschemedescribedn the previous sectionhave beenused
in partial ordertemporalplannerssuchasixTeT (Ghallab& Laruelle,1994)andZeno(Penberthy
& Well, 1994). Bacchusand Ady (2001)werethe rst to proposea forward chainingalgorithm
capableof usingthis typeof actionrepresentatioandstill allow concurrenexecutionof actionsin
the plan. We adoptandgeneralizegheir searchalgorithmin Sapa The mainideahereis to separate
the decisionsof “which actionto apply” and“at what time point to apply the action” Regular
progressiorsearchplannersapply an actionin the stateresultingfrom the applicationof all the
actionsin the currentpre x plan. This meanghatthe starttime of the new actionis after the end
time of thelastactionin the pre x, andthe resultingplanwill not allow concurrengexecution. In
contrast,Sapanon-deterministicallyconsiders(a) applicationof new actionsat the currenttime
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stamp(wherepresumablytheractionshave alreadybeenapplied;thusallowing concurreng) and
(b) advancemenof the currenttime stamp.

Sapés searchis thus conductedhroughthe spaceof time stampedstates. We de ne a time
stampedstateS asatupleS = (P;M; ;Q;t) consistingof thefollowing structure:

P = (hpi;tii jtj t)isasetof predicateg; thataretrueatt andt; is the lasttime instant
atwhichthey wereachieved.

M is a setof valuesfor all continuousunctions,which may changeover the courseof plan-
ning. Functionsareusedto representhe metric-resourceandothercontinuousvalues. Ex-
amplesof functionsarethefuel levelsof vehicles.

is a setof persistentonditions,suchasdurative preconditionsthat needto be protected
duringaspeci c periodof time.

Q is aneventqueuecontaininga setof updatesachscheduledo occurata speci edtimein

the future. An evente cando oneof threethings: (1) changethe True/FRalsevalue of some
predicate(2) updatehevalueof somefunctionrepresenting metric-resourcegr (3) endthe
persistencef somecondition.

t is thetime stampof S

In this paper unlessnotedotherwise whenwe say“state” we meana time stampedstate.Note
thatatime stampedstatewith astampt notonly describesheexpectedsnapshobf theworld attime
t duringexecution(asdonein classicalprogressiorplanners) put alsothe delayed(but inevitable)
effectsof the commitmentghathave beenmadeby (or before)timet.

Theinitial stateS;,;; hastime stampt = 0 and hasan empty event queueand empty setof
persistentonditions.It is completelyspeci edin termsof functionandpredicatevalues.Thegoals
arerepresentetly a setof 2-tuplesG = (hpi;t1i::hpn;tni) wherep; is thei®™ goalandt; is the
time instantby which p; needgo beachieved. NotethatPDDL2.1doesnot allow the speci cation
of goaldeadlineconstraints.

Goal Satisfaction: ThestateS = (P; M; ;Q;t) subsumegentails)}thegoalG if for eachp;;tji 2
G either:

1. 9hpi;tji 2 P, t; < tj andthereis noeventin Q thatdeletesp;.

2. 9e 2 Q thataddsp; attimeinstantte < t;, andthereis no eventin Q thatdeletesp; .

Action Applicability: An actionA is applicablein stateS = (P;M; ;Q;t) if:
1. All logical (pre)conditionf A aresatis ed by P.

2. All metricresourcepre)condition®f A aresatis edby M. (For example,if theconditionto
executeanactionA = move(tr uck; A; B) is f uel(tr uck) > 500thenA is executablan S
if thevaluev of f uel(tr uck) in M satis esv > 500)

1. In practice con’ictingeventsarenever puton Q
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3. A'seffectsdo notinterferewith any persistentonditionin  andary eventin Q.

4. Thereis no eventin Q thatinterfereswith persistenpreconditionof A.

Interference Interferencas de ned astheviolation of ary of thefollowing conditions:

1. Action A shouldnotaddary evente thatcause® if thereis anotherventcurrentlyin Q that
causes p. Thus,thereis never a statein which therearetwo eventsin the eventqueuethat
causeoppositeeffects.

2. If A deletegp andpis protectedn  until time pointt, thenA shouldnotdeletep beforet,,.

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

4. A shouldnot changethe value of ary functionwhich is currently accessedby anotherun-
terminatedactiorf. Moreover, A also shouldnot accesghe value of ary function thatis
currentlychangedy anunterminatedction.

At rst glance,the rst interferencecondition seemsto be overly strong. However, we ar
guethatit is necessaryo keepunderlyingprocesseshat causecontradictingstatechangedrom
overlappingeachother For example, supposethat we have two actionsA; = build_house
A, = destroy_house andDur(A;) = 10, Dur(A,) = 7. Ai haseffect has_house and A,
haseffect . has_house at their endtime points. AssumingthatA 1 is appliedattimet = 0 and
addedanevente = Add(has_house) att = 10. If we areallowedto applyA, attimet = 0 and
adda contradictingevente® = D elete(has_house) att = 7, thenit is unreasonabl believe that
we will still have ahouseattimet = 10 arymore. Thus,eventhoughin our currentactionmod-
eling, statechangeshatcausehas_houseand: has_houselook asif they happerinstantaneously
at the actions' endtime points, thereare underlyingprocessesbuild/destry house)that spanthe
whole actiondurationsto make themhappen.To preventthosecontradictingorocessefrom over
lappingwith eachother we emplg theconserative approactof notletting Q containcontradicting
effects

Whenwe applyanactionAto astateS = (P;M; ;Q;t), all instantaneousffectsof A will be
immediatelyusedto updatethe predicatdist P andmetricresourceslatabast of S A's persistent
preconditionsanddelayedeffectswill be putinto the persistentonditionset andeventqueueQ
of S

Besideghenormalactionswe will have a specialactioncalledadvance-timewhich we useto
advancethetime stampof Sto thetime instantt, of the earliestevente in theeventqueueQ of S
Theadwance-timeactionwill beapplicablein ary stateSthathasa non-emptyeventqueue.Upon

2. Unterminatedactionsarethe onesthatstartedbeforethetime pointt of the currentstateS but have notyet ®nished
att.

3. It maybearguedthattherearecasesn whichthereis no procesdo give certaineffect, or therearesituationsan which
the contradictingprocessesre allowed to overlap. However, without the ability to explicitly specifythe processes
andtheir characteristicin the actionrepresentationye currentlydecidedto go with the conserative approachWe
shouldalso mentionthat the interferencerelationsabose do not precludea conditionfrom being establishedand
deletedin the courseof aplanaslong asthe processefvolvedin establishmenanddeletiondo not overlap. In the
exampleabove, it is legal to ®rst build the houseandthendestry it.
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StateQueue:SQ=f St 9
while S5 fg
S=DequeuésQ
Nondeterministically selectA applicablen S
/* A can be adwance-time action */
S'":= ApplyA,S
if S’ satis esG then PrintSolution
elseEnqueués’,SQ
endwhile;

Figure3: Main searchalgorithm

applyingthis action, the stateS getsupdatedaccordingto all the eventsin the eventqueuethatare
scheduledo occurat te. Notethatwe canapply multiple non-interferingactionsat a giventime
pointbeforeapplyingthespecialadwance-timeaction. This allows for concurreng in the nal plan.

Search algorithm: Thebasicalgorithmfor searchingn thespaceof time stampedtatess shavnin
Figure3. We proceedy applyingeachapplicableactionto the currentstateandput eachresulting
stateinto the sortedqueueusingthe E nqueug() function. TheD equeug() functionis usedto take
outthe rst statefrom thestatequeue.Currently Sapaemplo/sthe A* searchThus,thestatequeue
is sortedaccordingo someheuristicfunctionthatmeasurethedif culty of reachinghegoalsfrom
the currentstate.Next several sectionf the paperdiscusghe designof theseheuristicfunctions.

Example: To illustrate how differentdatastructuresn the searchstateS = (P;M; ;Q;t) are
maintainedduring searchwe will usea (simpler)variationof our ongoingexampleintroducedat
theendof Section2.1. In this variation,we eliminatethe routefrom Tucsonto Los Angeles(LA)
goingthroughLas Vegas.Moreover, we assumeéhattherearetoo mary studentgo t into onecar
andthey hadto bedividedinto two groups.The rst grouprentsthe rst car, goesto Phoenix(Phx),
andthen 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
further malke the problemsimpler we eliminatethe boarding/un-boaling actionsandassumehat
thestudentswill reacha certainplace(e.g. Phoenix)whentheir meansof transportatiorfe.g.Carl)
arrivesthere.Figure4 shavs graphicallythe planandhow the searclstateS's componentghange
aswegoforward. In thisexample we assumeher ef uel(car) actionrefuelseachcarto amaximum
of 20gallons.Drive(car; Tucson;P hoenix) takes8 gallonsof gasandDriv e(car; Tucson;LA)
takes 16 gallons.Notethat,attime pointt, evente; increaseshefuel level of car2 to 20 gallons.
However, theimmediatelyfollowing applicationof actionA 3 reduced uel(car2) backto thelower
level of 4 gallons.

3. Propagating Time-sensitve Cost Functionsin a Temporal Planning Graph

In this section,we discusgheissueof derving heuristicsthataresensitve to bothtime andcost,
to guide Sapé&s searchalgorithm. An importantchallengein nding heuristicsto supportmulti-
objective search,asillustratedby the examplebelow, is that the costand temporalaspectf a
planareofteninterdependentThereforejn this sectionwe introducetheapproactof trackingthe
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Init: at(Carl,T), at(Car2,T), at(Plane,Phx), fuel(Car1)=10, fuel(Car2)=10

Activate: Activate: el Activate: e2 Activate: e4 Activate: e3
Apply: Al, A2 Apply: A3 Apply: A4 Apply: Apply:
P: {(at(Car2,T),0), {@t(Plane,Phx),0)}  {(at(Carl,Phx),2)}  {(at(Carl,Phx)t2), i@(Carl,Phx)2),
(at(Plane,Phx),0)} (at(Plane,LA)t3)}  (@l(Plane,LA).t3),
(at(Car2,LA),t4)}
M: {fuel(Carl)=2, {fuel(Carl)=2, {fuel(Carl)=2, {fuel(Car1)=2, {fuel(Car1)=2,
fuel(Car2)=10} fuel(Car2)=4} fuel(Car2)=4} fuel(Car2)=4} fuel(Car2)=4}
I3: {(fuel(Carl),t2), {(fuel(Car1),t2), {(fuel(Car2),t4)} {(fuel(Car2),t4)} {(fuel(Car2),t4)}
(fuel(Car2),t1), (fuel(Car2),t4}

(at(Car2,T)}

Q: {el:(fuel(Car2)=20,t1), {e2:(at(Carl,Phx),t2), {e3:(at(Car2,LA)t4), {e3:(at(Car2,LA),t4)} {}
e2:(at(Carl,Phx),t2)}  e3:(at(Car2,LA),t4)} e4:(at(Plane,LA),t3)}

Al = Refuel(car2) | A3 = Drive(car2,Tucson,LA) ]

A2 = Drive(carl,Tucson,Phx) | A4 = Fly(Phx,LA) ]

t=0 t1 t2 t3 t4

Figure4: An example shaving how different datastructuresepresentinghe searchstateS =
(P;M; ;Q) changeaswe adwancethe time stamp,apply actionsand activate events.
Thetop row shavs theinitial state.Thesecondow shavs the eventsandactionsthatare
activatedand executedat eachgiven time point. The lower rows shov how the search
stateS = (P;M; ;Q) changeslueto actionapplication.Finally, we shav graphically
theduratve actionsin this plan.

costsof achievzing goalsandexecutingactionsin the planasfunctionsof time. The propagateaost
functionscanthenbe usedto derive the heuristicvaluesto guidethe searchn Sapa

Example: Considera simplerversionof our ongoingexample. Supposedhatwe needto go from
Tucsonto Los Angelesandhave two transportoptions: (i) renta caranddrive from Tucsonto Los
Angelesin onedayfor $100or (ii) take a shuttleto the Phoenixairportand y to Los Angelesin
3 hoursfor $200. The rst option takes moretime (highermakespan)but lessmoney, while the
secondone clearly takeslesstime but is more expensve. Dependingon the speci ¢ weightsthe
usergivesto eachcriterion,shemaypreferthe rst optionoverthesecondr viceversa Moreover,
theusers decisionmayalsobein uencedby otherconstraintontime andcostthatareimposedon
the nal plan. For example,if sheneeddo bein Los Angelesin six hours,thenshemaybe forced
to choosethe secondoption. However, if shehasplenty of time but limited budget,thenshemay
choosehe rst option.
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Thesimpleexampleabore shavs thatmakespamandexecutioncost,while nominallyindepen-
dentof eachother are neverthelesgelatedin termsof the overall objectves of the userandthe
constraintson a given planningproblem. More speci cally, for a given makespanthreshold(e.g.
to bein LA within six hours),thereis a certainestimatedsolution costtied to it (shuttlefee and
ticket priceto LA) andanalogouslyfor a givencostthresholdthereis a certainestimatedime tied
toit. Thus,in orderto nd plansthataregoodwith respecto bothcostandmakespanwe needto
develop heuristicghattrack costof a setof (sub)goalsasa functionof time.

Giventhattheplanninggraphis anexcellentstructurgo representherelationbetweerfactsand
actions(c.f., Nguyenetal., 2001),we will useatemporalversionof the planninggraphstructure,
suchasthat introducedin TGP (Smith & Weld, 1999), as a substratefor propagatingthe cost
information. In Section3.1, we startwith a brief discussiorof the datastructuresuisedfor the cost
propagatiomrocess.We thencontinuewith the detailsof the propagatiomprocessn Section3.2,
andthe criteriausedto terminatethe propagationn Section3.3.

3.1 The Temporal Planning Graph Structure

We now adaptthenotionof temporalplanninggraphsjntroducedby SmithandWeld (1999),to our
actionrepresentationThe temporalplanninggraphfor a given problemis a bi-level graph,with
onelevel containingall facts andthe othercontainingall actionsin the planningproblem. Each
fact haslinks to all actionssupportingit, and eachaction haslinks to all factsthat belongto its
preconditionandeffect lists* Actions aredurative andtheir effectsarerepresentedseventsthat
occurat sometime betweenthe actions startandendtime points. As we will seein moredetail
in the later partsof this section,we build the temporalplanninggraphby incrementallyincreasing
the time (makespanvalue) of the graph. At a giventime pointt, an actionA is activatedif all
precondition®f A canbeachievedatt. To supporthedelayedefectsof theactvatedactions(i.e.,
effectsthat occurat the future time points beyond t), we also maintaina global event queuefor
theentiregraph,Q = fei;e;:::eng sortedin theincreasingorderof eventtime. The eventqueue
for thetemporalgraphdiffers from the event queuefor the searchstate(discussedn the previous
section)in thefollowing ways:

It is associateavith thewhole planninggraph(ratherthanwith eachsinglestate).

It only containgthe positiveevents.Speci cally, the negative effectsandtheresource-related
effectsof theactionsarenot enteredn to thegraphs queue.

All theeventsin Q have eventcostsassociateavith eachindividual event(seebelow).

Eacheventin Q is a4-tuplee = H ;t; c;Ai in which: (1) f is thefactthate will add;(2) t is the
time point at which the eventwill occur;and(3) c is the costincurredto enablethe executionof
actionA which causes. For eachactionA, we introducea costfunction C(A; t) = v to specify
the estimatedtostv thatwe incurto enableA's executionattime pointt. In otherwords,C(A; t)
is the estimateof the costincurredto achieve all of A's preconditionsat time pointt. Moreover,
eachactionwill alsohave anexecutioncost(Cexec(A)), Whichis the costincurredin executingA

4. The bi-level representatiomasbeenusedin classicalplanningto save time andspace(Long & Fox, 1998),but as
Smith & Weld (1999) shaw, it makes even more sensen temporalplanningdomainsbecausehereis actuallyno
notion of level. All we have area setof fact/actionnodeseachone encodinginformationsuchasthe earliesttime
point at which thefact/actioncanbe achieved/executed andthe lowestcostincurredto achieve them.
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Function PropagateCost
Currenttime: t. = 0;
Apply(Ainit ;0);
while Termination-Criteria6 true
Getearliestevente = i ¢; te; Ce; Aei fromQ;
tc = te;
if ce < C(f;tc) then
Update:C(f;t) = ¢
for all actionA: f 2 Precondition(A)
N ewCosta = CostAggregate(A; tc);
if NewCosta < C(A;tc) then
Update:C(A;t) = NewCost(A);tc t<1;
Apply(A; te);
End PropagateCost

Function Apply(A; t)
For all A‘seffegtthataddf atSp + ddo
Q=Q fe=H;t+ d;C(At) + Cexec(A); Aig;
End Apply(A; t);

Figure5: Main costpropagatioralgorithm

(e.g.ticketpricefor the y action,gascostfor driving acar). For eachfactf , asimilar costfunction
C(f;t) = v speci estheestimatedcostv incurredto achieve f attime pointt (e.g. costincurred
to bein Los Angelesin 6 hours).We alsoneedanadditionalfunctionSA(f ;t) = A; to specifythe
actionA; thatcanbeusedto supportf with costv attime pointt.

Sincewe areusinga “relaxed” planninggraphthatis constructedgnoring deleteeffects,and
resourceeffects, the derived heuristicswill not be sensitve to negative interactionsandresource
restrictions.In Sections 5.1 and 5.2 we discusshow the heuristicmeasuresire adjustedio take
theseinteractiondgnto account.

3.2 CostPropagationProcedure

As mentionedaborve, our generalapproachis to propagatehe estimatedcostsincurredto achieve
factsandactionsfrom theinitial state.As a rst step,we needto initialize thecostfunctionsC(A; t)
andC(f ;t) for all factsandactions.For agiveninitial stateSj,i; , letF = ffq;f,:::f g betheset
of factsthataretrue attime pointtin; andf (f %t1);:::(f 2;tm)g, beasetof outstandingositive
eventswhich specifytheadditionof factsf ioattime pointst; > tjnit . Weintroduceadummyaction
Ainic torepresenSiniy whereAjyi; (i) requiresno preconditions(ii) hascostCexec(Ainit ) = 0Oand
(i) causeghe eventsof addingall f; attj,; andf io attime pointst;. At the bagginning (t = 0),
theeventqueueQ is empty the costfunctionsfor all factsandactionsareinitializedas:C(A; t) =
1;C(f;t)=1;80 t< 1,andAj; istheonlyactionthatisapplicable.

Figure5 summarizeshe stepsin the costpropagatioralgorithm. The main algorithmcontains
two interleared parts:onefor applyingan actionandthe otherfor activating an eventrepresenting
theactions effect.
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Action Intr oduction: Whenan actionA is introducedinto the planninggraph,we (1) augment
the eventqueueQ with eventscorrespondindo all of A's effects,and(2) updatethe costfunction
C(A;t) of A.
Event Activation: Whenanevente = h¢;te; Ce; Ael 2 Q, which representsan effect of Ag
occurringattime pointt. andaddingafactf ¢ with costCg is activated,the costfunctionof thefact
fe isupdatedf Co < C(f¢;te). Moreover, if the newly improved costof f ¢ leadsto areductionin
the costfunctionof ary actionA thatf ¢ supportgasdecidedby function CostAggr egate(A; t) in
line 11 of Figure5) thenwewill (re)applyA in thegraphto propagaté ¢'s new costof achiezement
to thecostfunctionsof A andits effects.

At ary giventimepointt, C(A; t) isanaggrgatedcost(returnedy functionCostAggr egate(A; t))
to achieve all of its preconditionsThe aggregationcanbedonein differentways:

1. Max-propagation:
C(A;t) = MaxfC(f;t) : f 2 PrecondA)gor

2. Sum—prop@gation:
C(At)= fC(f;t):f 2 PrecondA)gor

The rst methodassumeshatall preconditionf anactiondependon eachotherandthe cost
to achieve all of themis equalto the costto achiere thecostliestone. Thisrule leadsto theunderes-
timationof C(A; t) andthevalueof C(A; t) is admissible.Thesecondnethod(sum-popagation
assumeshatall factsareindependenandis thusinadmissiblevhensubgoalshave positive inter
actions.In classicalplanningscenariossumcombinationhasprovedto be moreeffective thanthe
admissiblebut muchlessinformedmaxcombination(Nguyenetal., 2001;Bonetetal., 1997).

Whenthe costfunction of oneof the preconditionof a given actionis updatedlowered),the
CostAggr egate(A; t) functionis calledandit usesoneof themethodsdescribedbore to calculate
if the costrequiredto executean actionhasimproved (beenreducedy If C(A;t) hasimproved,
thenwe will re-applyA (line 12-14in Figure5) to propagateheimproved costC (A, t) to thecost
functionsC(f ; t) of its effects.

Theonly remainingissuein the mainalgorithmillustratedin Figure5 is the terminationcrite-
ria for the propagationwhich will be discussedn detailin Section3.3. Notice thatthe way we
updatethe costfunctionsof factsandactionsin the planningdomainsdescribedabore shawvs the
challengesn heuristicestimationin temporalplanningdomains. Becausean actions effects do
not occurinstantaneouslat the actions startingtime, concurrentactionsoverlapin mary possible
waysandthusthe costfunctions,which representhe dif culty of achiering factsandactionsare
time-sensitive

Beforedemonstratinghe costpropagatiorprocessn our ongoingexample,we malke two ob-
senationsaboutour propagatedostfunction:

Obsewation 1: Thepropagatedcostfunctionsof factsandactionsare non-inceasingovertime

Obsewation 2: Becausewe increasetime in stepshy going through eventsin the eventqueue
the costfunctionsfor all factsand actionswill be step-functionseventhoughtime is measued
continuously

5. Propagatiomule (2) and(3) will improve (lower)thevalueof C(A; t) whenthecostfunctionof oneof A's precondi-
tionsis improved. However, for rule (1), thevalueof C(A; t) isimprovedonly whenthecostfunctionof its costliest
preconditionis updated.
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Figure6: Timelineto represenactionsattheir earliestpossibleexecutiontimesin therelaxedtem-
poralplanninggraph.
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Figure7: Costfunctionsfor factsandactionsin thetravel example.
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Fromthe rst obseration,the estimatedcheapestostof achiezing a givengoalg attime point
ty is C(g;tg). We do not needto look at the value of C(g;t) attime pointt < ty. The second
obserationhelpsusin ef ciently evaluatingtheheuristicvaluefor anobjective functionf involving
bothtime andcost.Speci cally, we needcomputef atonly the( nite numberof)time pointswhere
the costfunction of somefactor actionchangesWe will comebackto the detailsof the heuristic
estimatiornroutinesin Sectior4.

Returningto our runningexample,Figure6 shawvs graphicallythe earliesttime point at which
eachactioncanbeapplied(C(A;t) < 1 ) andFigure7 shavs how thecostfunctionof facts/actions
changeasthetime increasesHereis anoutline of the updateprocessn this example:attime point
t = 0, fouractionscanbeapplied.They areD ! ,, D¢ ,, D} |, D7 |5- Theseactionsadd4 events
into theeventqueueQ = fe; = hat_phx;t = 1:0;c = 2:0;D} ol; € = hat_phx; 1.5; 15; D ol
e3 = hat_lv;3:5;30;D! |,i; es = hat1a;7:0;6:0;D 2 ,ig. After we adwancethetimetot =
1.0, the rst evente; is actvatedand C(at_phx;t) is updated. Moreover, becauseat _phx is a
preconditionof Fp, |5, we alsoupdateC(Fp 15;t) atte = 1:0 from 1 to 2.0 and put an event
e = hat_la;2:5;8:0; Fp 1ai, Which represents-, |5's effect, into Q. We thengo on with the
secondcventhat_phx; 1:5; 1.5; fo IOi andlowerthecostof thefactat_phx andactionF, 5. Event
e = hat_la;3:0; 7.5;F |ai is addedasaresultof the newly improved costof Fp, 5. Continuing
the processye updatethe costfunctionof at_Ia onceattime pointt = 2.5, andagainatt = 3:0as
thedelayedeffectsof actionsFp, |5 occur At time pointt = 3:5, we updatethe costvalueof at_lv
andactionT,,1 |5 andintroducetheevente = hat_la; 6:0;5:5; T, |ai. Noticethatthe nal event
e = hat_la; 7:0;6:0; D7 i representinga delayedeffect of the actionD? |, appliedatt = 0
will notcauseary costupdate.Thisis becausehe costfunctionof at 1a hasbeenupdatedo value
c= 55< cwattimet = 6:0< teo= 7:0.

Besideghe valuesof the costfunctions,Figure 7 alsoshavs the supportingactions(SA(f ; t),
de nedin Section3.1)for thefact(goal)at_|a. We canseethatactionT) |5 givesthebestcostof
C(atla;t) = 5:5fort  6:0 andactionFp, |5 givesbestcostC(at_la;t) = 7.5for3.0 t< 55
andC(atla;t) = 80for 25 t < 3:0. Theright mostgraphin Figure7 shawvs similar cost
functionsfor the actionsin this example. We only shawv the costfunctionsof actionsT,: 15 and
For 1a becausehe otherfour actionsarealreadyapplicableat time pointtiny = 0 andthustheir
costfunctionsstabilizeat 0.

3.3 Termination Criteria for the CostPropagationProcess

In this sectionwe discusgheissueof whenwe shouldterminatethe costpropagatiorprocessThe
rst thingto noteis thatcostpropagatioris in somewaysinherentlymorecomple thanmakespan
propagation. For example,oncea setof literals enterthe planninggraph(and are not mutually
exclusive), the estimateof the malkespanof the shortestplan for achiering themdoesnot change
aswe continueto expandthe planninggraph. In contrastthe estimateof the costof the cheapest
planfor achiering them canchangeuntil the planninggraphlevels off. This is why we needto
carefully considerthe effect of differentcriteriafor stoppingthe expansionof the planninggraph
ontheaccurayg of the costestimatesThe rst intuition is thatwe shouldnot stopthe propagation
whenthereexist top level goalsfor which the costof achiazementis still in nite (unreachedjoal).
Ontheotherhand,givenourobjective functionof nding thecheapestvayto achiee thegoals,we
neednotcontinuethe propagationwhenthereis nochancehatwe canimprove thecostof achiering
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the goals. Fromthoseintuitions, following areseveral rulesthatcanbe usedto determinevhento
terminatepropagation:

Deadlinetermination: Thepropeagationshouldstopatatimepointt if; (1) 8 goal G : D eadline (G)
t,or (2)9 goal G : (Deadline(G) < t)® (C(G;t)=1).

The rst rule governsthe hardconstraintson the goal deadlines.It impliesthatwe shouldnot
propagatdeyondthelatestgoaldeadling becausary costestimatiorbeyondthatpointis useless),
or we cannotachiaze somegoalby its deadline.

With the obseration that the propagatedtostscan changeonly if we still have someevents
left in the queuethat canpossiblychangethe costfunctionsof a speci ¢ propositionswe have the
secondgenerakerminationrule regardingthe propagation:

Fix-point termination: Thepropagation shouldstopwhenthere are no more eventsthat can de-
creasethe costof any proposition.

Theseconduleis aquali cation for reachinghe x-point in whichthereis no gainonthecost
function of ary fact or action. It is analogougo the ideaof growing the planninggraphuntil it
levels-of in classicablanning.

Stoppingthe propagatioraccordingto the two generalrulesabove leadsusto the best(lowest
value)achierablecostestimatiorfor all propositiongyivenaspeci c initial state.However, thereare
se/eral situationsin which we maywantto stopthe propagatiorprocessarlier First, propagation
until the x-point, wherethereis no gainon the costfunction of ary factor action,would be too
costly (c.f., Nguyenet al., 2001). Second,the costfunctionsof the goalsmay reachthe x-
pointlongbeforethefull propagatiorprocesss terminatechccordingo thegenerarulesdiscussed
abore, wherethe costsof all propositionsandactionsstabilize.

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

Zero-lookaheadapproximation: Stopthe propagation at the earliesttime pointt whee all the
goalsarereadable(C(G;t) < 1 ).

One-lookaheadapproximation: At the earliesttime pointt wheee all the goals are reatable
executeall theremainingeventsin the eventqueueand stopthe propagation.

One-lookaheadpproximationooks aheadnestepin the (future) eventqueuesvhenonepath
to achiave all the goalsunderthe relaxed assumptioris guaranteecnd hopesthat executingall
thoseeventswould explicatesomecheapepathto achieve all goals®

Zeroandone-lookaheadreexamplesof a moregenerak-lookaheadapproximationjn which
extractingthe heuristicvalueassoonasall the goalsarereachableorresponds$o ze-lookahead
and continuingto propagateuntil the x-point correspondsgo the in nite (full) lookahead The
rationalebehindthe k-lookaheadapproximatiors thatwhenall the goalsappearwhichis anindi-
cationthatthereexists at leastone(relaxed) solution,thenwe will look aheadneor morestepsto
seeif we canachieve someextraimprovementin the costof achiering the goals(andthusleadto a
lower costsolution)’

6. Notethatevenif noneof thoseeventsis directly relatedto thegoals their executionscanstill indirectly leadto better
(cheaperpathto reachall thegoals.

7. For backward plannerswherewe only needto run the propagatioronetime, in®nite-lookaheadr higherlevels of
lookaheadnay pay off, while in forward plannersvherewe needto evaluatethe costof goalsfor eachsinglesearch
state Jower valuesof k maybemoreappropriate.
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Comingbackto our travel example,zero-lookaheadtopsthe propagatiorprocessat thetime
pointt = 2.5 andthe goal costis C(in_la;2:5) = 8:0. The action chain giving that costis
fDG o Fpi 1a9. With one-lookaheadwe nd the lowest cost for achieving the goal in la is
C(inla;7:0) = 6:0 andit is givenby theaction(Df!2 1a)- With two-lookaheadipproximationthe
lowestcostfor in lais C(in da;6:0) = 5:5andit is achieredby costpropagationhroughtheaction
setf (D} |,: Tivt 1a)g- In this example,two-lookaheachasthe sameeffect asthe x-point propa-
gation(in nite lookaheadjf the deadlineto achieve in la is laterthant = 6:0. If it is earlier say
Deadline(in _la) = 5:5, thentheone-lookaheadiill have thesameeffect asthein nite-lookahead

optionandgivesthe costof C(in la; 3:0) = 7:5fortheactionchainfDf!2 phx Fohx! 1a0-

4. Heuristics basedon PropagatedCost Functions

Oncethe propagationprocessterminates the time-sensitie costfunctionscontainsufcient in-
formationto estimateary makespanand cost-basedheuristicvalue of a given state. Speci cally,
supposehe planninggraphis grown from a stateS. Thenthe costfunctionsfor the setof goals
G = f(g1;t1); (p;t2)::(agn;th) g, ti = Deadline(g;) canbeusedo derivethefollowing estimates:

The minimum makespanestimateT (Ps) for a plan startingfrom S is given by the earliest
time point ¢ atwhichall goalsarereachedvith nite costC(g;t) < 1 .

The minimum/maximum/summatioastimateof slackSlack(Ps) for a planstartingfrom S
is given by the minimum/maximum/summatioof the distancesbetweenthe time point at
which eachgoal rst appearsn thetemporalplanninggraphandthe deadlineof thatgoal.

Theminimumcostestimate(C(g; deadiine(g))), of aplanstartingfrom astateS andachie/-
ing a setof goalsG, C(Ps; 1 ), canbe computedby aggr@ating the cost estimatesor
achieing eachof theindividual goalsattheirrespectie deadline€ Noticethatweuse 1 to
denotethetime pointatwhichthe costpropagatiorprocessstops.Thus, 1 is thetime point
atwhichthecostfunctionsfor all individual goalsC(f ; 1 ) have theirlowestvalue.

Foreachvaluet : o<t < ; ,thecostestimateofaplanC(Ps;t), whichcanachieve goals
within a given makesparimit of t, is theaggreationof thevaluesC(g;;t) of goalsg;.

Themakespamnandthe costestimate®f a statecanbe usedasthe basisfor derving heuristics.
The speci ¢ way theseestimatesarecombinedto computethe heuristicvaluesdoesof coursede-
pendon whatthe users ultimate objective functionis. In the generalcase the objective would be
afunctionf (C(Ps); T(Ps)) involving boththecost(C(Ps)) andmakespan(T (Ps)) valuesof the
plan. Supposéhatthe objectie functionis alinearcombinationof costandmalespan:

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

If the useronly caresaboutthe makesparvalue( = 0), thenh(S) = T(Ps) = . Similarly,
if the useronly caresaboutthe plancost( = 1), thenh(S) = C(Ps; 1 ). In themoregeneral

8. If we considerG asthe setof preconditiondor adummyactionthatrepresentshe goal state thenwe canuseary

of the propagatiorrules(max/sum)discussedn Section3.2to directly estimatethetotal costof achieving the goals
from thegiveninitial state.
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casewhere0 < < 1, thenwe haveto nd thetime pointt, o t 1, suchthath¢(S) =
f(C(Ps;t);t) = :C (Ps;t) + (1 ):t hasminimumvalue?

In our ongoingexample,given our goal of beingin Los Angeles(at_la), if = 0, the heuris-
tic valueis h(S) = ¢ = 2:5 which is the earliesttime point at which C(at_la;t) < 1 . The
heuristic value correspondgo the propagationthroughaction chain (D ¢ o Fpoia). If =1
andDeadline (At a) 6:0, thenh(S) = 5:5, which is the cheapestostwe canget at time
point 1 = 6:0. This heuristicvalue representsanothersolution(Df!1 s vt 1a).  Finally, if
0< < 1,say = 055 thenthelowestheuristicvalueh(S) = :C (Ps;t) + (1 )itis
h(S) = 055 7.5+ 045 3.0 = 547 attimepoint25< t = 3.0< 6.0. For = 0:55 this
heuristicvalue h(S) = 5:47 correspondso yet anothersolutioninvolving driving partway and
ying therest:(Df o;Fpr 1a)-

Noticethatin thegeneratasewvhere0 < < 1, eventhoughtimeis measuredontinuouslywe
donotneedto checkeverytimepointt: o< t< 1 to nd thevaluewhereh(S) = f (C(Ps;t);t)
is minimal. This is dueto the fact that the costfunctionsfor all facts(including goals)are step
functions Thus,we only needto computeh(S) at thetime pointswhereoneof the costfunctions
C(gi;t) changewalue.In ourexampleabore, we only needto calculatevaluesof h(S) at ¢ = 2.5,
t = 3:0and ; = 6:0torealizethath(S) hasminimumvalueattime pointt = 3:0for = 0:55

Beforewe endthis sectionwe notethatwhentherearemultiple goalsthereareseveralpossible
waysof computingC (Ps) from thecostfunctionsof theindividual goals.Thisis aconsequencef
thefactthattherearemultiple rulesto propagat¢hecost,andtherearealsointeractiondetweerthe
subgoalsBroadly therearetwo differentwaysto extractthe plan costs.We caneitherdirectly use
the costfunctionsof the goalsto computeC(Ps), or rst extractarelaxed planfrom thetemporal
planninggraphusingthe costfunctions,andthenmeasureC(Ps) basedon the relaxed plan. We
discusghesetwo approachebelow.

4.1 Directly Using Cost Functionsto Estimate C(Ps)

After we terminatethe propagationusing ary of the criteria discussedn Section3.3, let G
f(o1;t1);(gp;t2):i(gn;tn)g, ti = Deadline(g) be a setof goalsandCg = fcyi;j:ichjg =
C(gi; Deadline(g;)g be their bestpossibleachiazementcosts. If we considerG asthe setof pre-
conditionsfor adummyactionthatrepresentthe goalstate thenwe canuseary of thepropagation
rules(max/sum)discussedn Section3.2to directly estimatethe total costof achieving the goals
from the given initial state. Among all the different combinationsof the propagatiorrules and
the aggr@ation rulesto computethe total costof the set of goalsG, only the max-max(max-
propagatiorto updateC(g;;t), andcostof G is the maximumof thevaluesof C(g;; D eadline(g;))
is admissible.The sum-sunrule, which assumeshetotal independencbetweenrall facts,andthe
othercombinationsare differentoptionsto re ect the dependenciebetweenfactsin the planning
problem.Thetradeofs betweerthemcanonly be evaluatedempirically
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Goals:G = f(g1;t1); (g2;t2):::(0n; th)g
Actionsin therelaxed-plan:RP = fg
Supportedacts:SF = ff : f 2 I nitial StateSg
While G 6 ;
SelectthebestactionA thatsupportg; att;
RP=RP+A
ta =ty Dur(A)
UpdatemakespanvalueT (RP) if ta < T(RP)
For all f 2 Ef f ect(A) addedby A after
durationt; érom startingpoint of A do
SF = SF f(f;ta + t1)g
For all 2§3recondition(A) s.tC(f;ta) > Odo
G=G f(f;ta)g
If 9(gi;ti) 2 G;(gi;tj) 2 SF :tj < tj Then
G = Gnf(g;t)g
End while;

Figure8: Procedurdo extracttherelaxed plan

4.2 Computing Costfrom the RelaxedPlan

To take into accountthe positive interactionsbetweenfactsin planningproblems,we cando a
backtrack-fressearchfrom thegoalsto nd arelaxedplan. Then,thetotal executioncostof actions
in the relaxed plan andits makespancan be usedfor the heuristicestimation. Besidesproviding
a possiblybetterheuristicestimate work on FF (Hoffmann& Nebel,2001)shavs thatactionsin
the relaxed plan canalsobe usedto effectively focusthe searchon the branchessurroundingthe
relaxed solution.Moreover, extractingtherelaxed solutionallows usto usetheresourceadjustment
techniquegto bediscussedh Section5.2)to improve theheuristicestimationsThechallengehere
is how to usethe costfunctionsto guidethe searchfor the bestrelaxed plan andwe addresghis
below.

Thebasicideais to work backwards, nding actionsto achieve thegoals.Whenanactionis se-
lected we addits preconditiongo thegoallist andremaove thegoalsthatareachieved by thataction.
Thepartialrelaxed planis the plancontainingthe selectedactionsandthe causaktructurebetween
them.Whenall theremaininggoalsaresatis edby theinitial stateS, we have thecompleterelaxed
planandtheextractionprocesss nished. At eachstage anactionis selectedsothatthe complete
relaxed planthatcontainsthe selectedactionsis likely to have the lowestestimatedbjective value
f (Ps; Ts). For agiveninitial stateS andthe objectve functionh(S) = f (C(Ps); T(Ps)), Fig-
ure 8 describes greedyprocedurd¢o nd arelaxed plangiventhetemporalplanninggraph.First,
let RP bethesetof actionsin therelaxed plan,SF bethesetof time-stampedacts(f i; t;) thatare
currentlysupported andG bethesetof currentgoals.Thus,SF is thecollectionof factssupported
by theinitial stateS andthe effectsof actionsin RP, andG is the conjunctionof top level goals

9. Becausd (C(Ps;t);t) estimateghe costof the (cheapestplan that achieves all goalswith the makespanvalue
T(Ps) = t, theminimumof f (C(Ps;t);t) (o t 1 ) estimateghe planP thatachiezesthe goalsfrom state
S andP hasasmallestvalueof f (C(Ps); T(Ps)). Thatvaluewould be the heuristicestimationfor our objectve
functionof minimizing f (C(Ps); T(Ps)).
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andthe setof preconditionsof actionsin RP thatarenot currentlysupportedy factsin SF. The
estimatecheuristicvaluefor the current(partial) relaxed plan andthe currentgoal setis computed
asfollows: h(S) = h(RP) + h(G) in whichh(RP) = f (C(RP); T(RP)). For the givensetof
goalsG, h(G) = min ,«< , f(C(G;t);t) is caIgJIatechccordingto the approachdiscussedn
theprevioussection(Sectiord). Finally, C(RP) = o,grp Cexec(A) andT (RP) isthemalkespan
of RP, whereactionsin RP arealignedaccordingo their causakelationship(seebelav). We will
elaboratenthisin theexampleshawvn laterin this section.

At thestart,G is thesetof top level goals,RP is emptyandSF containgactsin theinitial state.
ThusC(RP) = 0, T(RP) = 0andh(S) = h(G). We startthe extractionprocesshy backward
searchfor theleastexpensivactionA supportinghe rst goalg;. By leastexpensve, we meanthat
A contritutesthe smallestamountto the objective functionh(S) = h(RP) + h(G) if A is added
to the currentrelaxed plan. Speci cally, for eachactionA thatsupportsy;, we calculatethe value
ha(S) = h(RP + A) + h((GnEffect(A)) PrecondA)) whichestimateshe heuristicvalue
if we addA to therelaxed plan. We thenchoosetheactionA thathasthesmallestha (S) value.

WhenanactionA is chosenye putits preconditionsnto the currentgoallist G, andits effects
into the setof supportedactsSF. Moreover, we adda precedenceonstraintbetweenA andthe
actionA thathasg; asits preconditionsothatA givesg; beforethetime pointatwhich A1 needs
it. Using theseorderingrelationsbetweenactionsin RP andthe mutex orderingsdiscussedn
Section5.1,we canupdatethe malkesparvalueT (RP) of the current(partial) relaxed plan.

In our ongoingexample,supposeahat our objective functionis h(S) = f (C(Ps); T(Ps)) =
:C (Ps)+(1 ):T(Ps),with = 0:55andthein nite-lookaheadcriterionis usedo stopthecost
propagatiorprocess Whenwe startextractingthe relaxed plan, theinitial settingis G = fat_lag,
RP = ; andSF = fat_tucsong. AmongthethreeactionsDﬁ2 la» Tiv! 1a @andFp; |4 thatsupport
thegoalat_la, we chooseactionA = Fp, |4 becauséf we addit to therelaxed planRP, thenthe
estimatedvalueha(S) = h(RP + A) + h((Gnatla) at_phx) =(  Cexec(Fpr 1a) + (1

) Dur(Fp 1a)) + min(f (C(at_phx);t)) = (0.55*6.0+ 0.45*1.5)+ (0.55*1.5+ 0.45*1.5)=
5.475.Thisturnsoutto bethe smallestamongthethreeactions. After we addF ,; |4 to therelaxed
plan,we updatethe goalsetto G = fat_phxg. It is theneasyto comparebetweerthetwo actions
Dif ohx @ndDygl . toseethatD? . is cheapefor achieing 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
relaxed plancanbe usedasthe nal heuristicestimatiorh(S) = 0:55 7.5+ 0:45 3= 5:475for
thegivenstate.

Notice that in the relaxed-planextraction procedure we setthe time points for the goal set
to be the goal deadlines,nsteadof the latesttime points wherethe costfunctionsfor the goals
stabilized. The reasonis thatthe costvaluesof factsandactionsmonotonicallydeceaseandthe
costsaretime-sensitive Therefore the later we setthe time pointsfor goalsto startsearchingor
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-lookaheadptionto stopthe propagationywe nd thatthe smallestcostis C(in 1a) = 8.0 at
t = 2:5. If we searchbackfor the relaxed planwith the combination(in 1a; 2:5) thenwe would
nd aplanP; = (Dt o Fpr 1a). However, if we searchfrom the goaldeadlinesayt = 7:0, then
we would realizethatthe lowestcostfor the preconditionin phx of Fp 5 att = 7.0 1.5= 55
is C(in _phx; 5:5) = 1:5 (causedy D ? p attime pointt = 2:0) andthusthe nal planis P, =
(D¢? p; Fpr 1a) whichis cheapethanP;.
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4.3 Origin of Action Costs

In all our precedingliscussiorof cost-basetieuristicswe have implicitly assumedhattheindivid-
ualactioncostsarespeci eddirectly aspartof the problemspeci cation. While thisis areasonable
assumptionit canalsobe aguedthatunlike the duration,the costof anactionis implicitly depen-
dentonwhattheuseris interestedn optimizing. For example,supposein atransportatiomomain,
the userdeclareshe objective functionto be optimizedas®

4 TotalTime + 0:005 T otalFuelUsed

without providing ary additionalexplicit informationaboutactioncosts. It is possibleto usethe
objectie functionto asses¢he costsof individual actions(in termsof how muchthey contrilbuteto

the costportion of the objective). Speci cally, the costeachactioncanbe setequalto the amount
of fuel usedby thataction.The value(for combiningcostandmakespanxanbe setbasecnthe
coefcients in theobjectve function. Of coursethistypeof “de-compilation”of the objective func-

tion into actioncostsis only possiblef the objective functionis a linear combinationof makespan
andresourceconsumption.

5. Adjustments to the RelaxedPlan Heuristic

Until now, the heuristicestimateshave beencalculatedby relaxing certaintypesof constraints
suchasnegatie effectsand metric resourceconsumptions.n this section,we discusshow those
contraintscanthenbe usedto adjustandimprove the nal heuristicvalues.

5.1 Impr oving the RelaxedPlan Heuristic Estimation with Static Mutex Relations

Whenbuilding the relaxed temporalplanninggraph(RTPG), we ignoredthe negative interactions
betweenconcurrentactions.We now discussa way of usingthe staticmutex relationsto helpim-

prove the heuristicestimationwhenextractingtherelaxed plan. Speci cally, our approachinvolves
thefollowing steps:

1. Find the setof static mutex relationsbetweenthe groundactionsin the planningproblem
basedn their negative interactionst!

2. Whenextractingthe relaxed plan (Section4.2), besideshe orderingsbetweenactionsthat
have causalrelationshipgi.e oneactiongivesthe effect that supportshe otheractions pre-
conditions) we alsopostprecedenceonstraintdo avoid concurrenexecutionof actionsthat
aremutex. Speci cally, whena new actionis addedto the relaxed plan, we usethe pre-
calculatedstatic mutexes to establishordering betweenmutually exclusive action pairs so
thatthey cannotbeexecutedconcurrently Theorderingsareselectedn suchaway thatthey
violatethe leastnumberof existing causalinks in therelaxedplan.

By usingthe mutex relationsin this way, we canimprove the makespanestimationof the re-
laxed plan,andthusthe heuristicestimation.Moreover, in somecasesthe mutex relationscanalso
helpusdetectthattherelaxed planis in factavalid plan,andthuscanleadto the earlytermination

10. In fact, this wasthe metricspeci®edor the®rst problemin the Zeno-Travel domainin IPC 2003.
11. Two actionsarestaticmutex if the deleteeffectsof oneactionintersectwith the preconditionsor addeffectsof the
other
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Relaxed solution with mutex:

B
package 1 move(packagel,airplanel,A,B)
move(package?2,airplanel,A,C)
Plane 1
Plane 2 ) ]
Relaxed solution with no mutex:
A
\ move(packagel,airplanel,A,B)
package 1 c move(package2,airplane2,A,C)
ackage 2
P 9 package 2

Figure9: Exampleof mutex in therelaxed plan

of the search.Considerthe exampleof the Logisticsdomainillustratedin Figure9. In this exam-
ple, we needto move two packagedrom city A to city B andcity C andtherearetwo airplanes
(planey; planey) atcity A thatcanbe usedto mave them. Moreover, we assumehatplane; is 1.5
timesfasterthanplane,; anduseghe sameamountof resource$o y betweertwo cities. Thereare
two relaxed plans

P1 = f move(packages ; planey; city A; city B); move(package;; planes; city A; city C)g

P, = f move(package ; planey; city A; city B); move(package;; planey; city A; city C)g

that both containtwo actions. The rst one usesthe sameplaneto carry both packageswhile

the secondone usestwo differentplanes. The rst one hasa shortermakespanif mutexes are
ignored. However, if we considerthe mutex constraintsthenwe know that two actionsin P4

cannot be executedconcurrentlyandthusthe makespanof P, is actuallylongerthanP,. More-

over, the static mutex relationsalso shaw that even if we order the two actionsin P4, thereis

a violation becausehe 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 useas a heuristicestimate. Here is a sketch of how the relaxed plan P, canbe
found. After the rst actionA1 = move(package; ; planes; city A; city B) is selectedo support
the goalat(package; ; city B), therelaxed planis RP = A1 andthetwo potentialactionsto sup-
port the secondgoal at(packagey; city C) areA, = move(packagey; planes; city A; city C) and
A9 = move(package,; planey; city A; city C). With mutex information,we will beableto choose
A9 over A toincludein the nal relaxedplan.

5.2 Using Resource Information to Adjust the Cost Estimates

Theheuristicdiscussedh Section4 have usedthe knowledgeaboutdurationsof actionsanddead-
line goalsbut not resourceconsumptionBy ignoringtheresourceaelatedeffectswhenbuilding the

relaxed plan, we may misscountingactionswhoseonly purposes to provide sufcient resource-
relatedconditionsto otheractions.In our ongoingexample,if we wantto drive a carfrom Tucson
to LA andthegaslevelis low, by totally ignoringtheresourceelatedconditionswe will notrealize
thatwe needto refuelthe carbeforedrive. Consequentlyignoringresourceconstraintsnayreduce
the quality of the heuristicestimatebasedon the relaxed plan. We arethusinterestedn adjusting
the heuristicvaluesdiscussedh thelasttwo sectiongo accountfor the resourceconstraints.
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In mary real-world problemsmostactionsconsumeaesourceswhile therearespecialactions
thatincreasahelevelsof resourcesSincecheckingwhetherthelevel of aresourcas sufcient for
allowing the executionof anactionis similar to checkingthe predicatepreconditionspneobvious
approachs to adjusttherelaxed planby includingactionsthatprovide thatresource-relatedondi-
tion to therelaxed plan. However, for mary reasonsit turnsoutto betoo dif cult to decidewhich
actionsshouldbe addedto the relaxed planto satisfythe givenresourceconditions(Do & Kamb-
hampati,2001,givesa more detaileddiscussiorof thesedif culties). Thereforewe introducean
indirectway of adjustingthe costof the relaxed planto take into accountthe resourceconstraints.
We rst pre-processhe problemspeci cationsand nd for eachresourceR anactionAg thatcan
increasethe amountof R maximally Let g bethe amountby which Ar increasesR, andlet
C(AR) bethecostvalueof Agr. Let | nit (R) bethelevel of resourcer atthe stateS for which we
wantto computethe relaxed plan,andCon(R), Pro(R) bethetotal consumptiorandproduction
of Rby all actionsin therelaxedplan.If Con(R) > I nit (R) + Pro(R), thenwe increasdghe cost
by thenumberof productionactionsnecessaryo make up thedifference More precisely:

c C+X (Con(R) (I nit (R) + Pro(R)))

C(ARr)

R R

We shallcall thistheadjustedcostheuristic. The basicideais thateventhoughwe do notknow
if anindividual resource-consumingctionin the relaxed plan needsanotheractionto supportits
resource-relategdreconditionsye canstill adjustthe numberof actionsin therelaxedplanby rea-
soningaboutthetotal resourceconsumptiorof all theactionsin theplan. If we know theresources
R consumedy therelaxed plan andthe maximumproductionof thoseresourcepossibleby ary
individual actionin the domain,thenwe caninfer the minimumnumberof resource-increasirac-
tionsthatwe needto addto therelaxed planto balancethe resourceconsumption.n our ongoing
example,if thecarrentedby the studentsat Tucsondoesnot have enoughfuel in theinitial stateto
make thetrip to Phoenix,LA, or LasVegas,thenthis approactwill discorerthatthe plannemeeds
to addarefuelactionto therelaxed plan.

Currently ourresource-adjustmetdchniqualiscusse@bore is limited to simpleconsumption
andproductionof resourcesisingadditionandsubtraction.Thesearethe mostcommonforms, as
evidencedby thefactthatin all metrictemporalplanningdomainsusedin the competitionactions
consumeandproduceresourcesolelyusingaddition(increase pndsubtractiondecrease)Modi -
cationsareneededo extendour currentapproacho dealwith othertypesof resourceconsumption
suchasusingmultiplicationor division.

6. Post-Processingo Impr ove Temporal Flexibility

To improve themakesparandexecution e xibility of theplansgeneratedby Sapawe post-process
andconvert theminto partially orderedplans. We discusghe detailsof this processn this section.
Wewill startby rst differentiatingbetweerntwo broadclasse®f plans.

Position and Order constrained plans: A positionconstained plan (p.c.) is a plan whee the
executiontime of eadh actionis xed to a speci ¢ time point. An order constained(o.c.) planis a
planwhele only therelativeorderingsbetweerthe actionsare speci ed.

Note thatthe p.c. vs. o.c. distinctionis orthogonalto whetheror not concurreng is allowed
during execution. Indeed,we candistinguishtwo subclassesf p.c. plans—seriabndpatrallel. In
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{Q}

Figure10: Examplef p.c. ando.c. plans

a serial position constrainedplan, no concurreng of executionis allowed. In a parallel position
constrainedblan, actionsare allowed to executeconcurrently Examplesof the serialp.c. plans
arethe onesreturnedby classicabplannerssuchasHSP (Bonetetal., 1997),AltAlt (Nguyenetal.,
2001),FF (Hoffmann& Nebel,2001),or GRT (Refanidis& Vlahavas,2001b). The parallelp.c.
plansarethe onesreturnedby Sapa(Do & Kambhampati2001), TP4 (Haslum& Geffner, 2001).
Graphplan-baseplannergSTAN, Long & Fox, 1998;IPPR, Koehleretal. 1997)andtheir temporal
cousingdTGR, Smith& Weld,1999;TPSY S,Garrido,Onaindia& Barber 2001)alsoreturnparallel
p.c plans. Examplesof plannersthat outputorderconstrainedo.c.) plansare Zeno (Penberthy
& Well, 1994),HSTS(Muscettola,1994),IxTexT (Laborie& Ghallab,1995),RePOP(Nguyen&
Kambhampati2001),andVHPOP(Younes& Simmons2003).

As mentionedabove, the plansreturnedby Sapaare position-constined (p.c.). Searchingn
the spaceof thesep.c. planshassomeadwantagedsn the presenceof metric resourceqviz., it
is easyto computethe amountof consumedesourcesat every pointin a partial plan). Position
constrainedplansare however lessdesirablefrom the point of view of execution e xibility and
humancomprehensionFor theselatter uses,an order (precedencegonstraineclan (o.c plan)is
oftenbetter

Figure10 shawvs a valid parallelp.c. plan consistingof four actionsA 1; Az; As; A4 with their
startingtime points x edto Tq; T»; T3; T4 andano.c planconsistingof the samesetof actionsand
achievzing the samegoals. For eachaction,the shadedegionsshav the durationsover which each
preconditionor effectsshouldhold during eachaction’s executiontime. The darker onesrepresent
the effect andthe lighter onesrepresenpreconditions.For example,actionA 1 hasa precondition
Q andeffect R; actionA3 hasno preconditionsandtwo effects: R andS. The arronvs shav the
relative orderingsbetweenactions. Thoseorderingrelationsrepresenthe o.c plan and thusary
executiontracethatdoesnot violatethoseorderingswill beaconsistenp.cplan.

Givenap.c plan Py, we areinterestedn computingano.c. plan Py that containsthe same
actionsas Py, andis also a valid plan for solving the original problem. In general,therecan
be mary sucho.c. plans. In the relatedwork (Do & Kambhampati2003),we discusshow this
corversionproblemcanbe posedasanoptimizationproblemsubjectto ary variety of optimization
metricsbasedn temporalquality and e xibility. In thefollowing we discussa greedystratgy that
wasusedin the competitionversionof Sapawhich nds ano.c planbiasedto have areasonably
good makespan. Speci cally, we extendthe explanation-basedrdergeneratiormethodoutlined
by KambhampatandKedar(1994)to rst computea causalexplanationfor the p.c planandthen
constructan o.c planthathasjust the numberof orderingsneededo satisfythatexplanation.This
stratgy depend$eaily onthepositionsof all theactionsin the original p.c. plan. It worksbased
on the fact that the alignmentof actionsin the original p.c. plan guaranteeshat causationand
preseration constraintaresatis ed. Thefollowing notationhelpsin describingour approach:
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For each(pre)conditionp of actionA, we use[sth : etﬂ] to representhe durationin whichp
shouldhold (st} = et} if p is aninstantprecondition).

For eacheffect e of actionA, we useety to representhetime pointatwhich e occurs.

For eachresourcer thatis checled in preconditionsor usedby someaction A, we use
[st},; ety ] to representhe durationover whichr is accessedy A.

Theinitial andgoal statesarerepresentetby two new actionsA; andAg. A, startsbefore
all otheractionsin the Py, it hasno preconditionand has effects representinghe initial
state. Ag startsafterall otheractionsin Py, hasno effect, and hastop-level goalsasits
preconditions.

Thesymbol® %9s usedthroughouthis sectionto denotethe relative precedencerderings
betweentwo time points.

Note that the valuesof stﬁ ; etﬁ ; ety ; sthy; ety are x edin the p.c plan but are only partially
orderedn theo.cplan. Theo.cplanPq is built from ap.cplanPp. asfollows:

Supporting Actions: For eachpreconditionp of actionA, we choosethe earliestpossibleaction
AClin thep.cplanthatcansupportp:

1. p 2 Effec{A9 andet}, < st} in thep.c. planPp.
2. Thereis noactionB suchthat:: p 2 Effec{B) andeth, < ety” < st} in Pp.

3. Thereis no otheractionC thatalsosatis esthetwo conditionsabove andet? < et} .

WhenAPis selectedo supportp for A, we addthe causallink A° ” A betweertwo time points
etho andst} totheo.cplan. Thus,theorderingeth, st} is addedo Pqc.

Interfer encerelations: For eachpair of actionsA; Athatinterferewith eachothet we orderthem
asfollows:

T . .
1. If 9p 2 Delete(A% = Add(A), thenaddthe orderingety  et,b to Poc if eth < st,bin
Ppc. Otherwiseaddet,§ et} to Poc.

T ) .
2. 1f 9p 2 Delete(A9)  PrecondA), thenaddtheorderingeth et to P if eth < et,”
in Ppc. Otherwisejf et, b < stk in theoriginal planPy. thenwe addtheorderinget,5 st}
to the nal planPgc.

Resourcerelations: For eachresource thatis checlked asa (pre)conditionfor actionA andused
by actionA® basedon thoseactions x ed startingtimesin the original p.c plan Ppc, we addthe
following orderingsto theresultingPoc planasfollows:

If ety < stloin Py, thentheorderingrelationet, st} is addedo Pqc.

If etyo < st} in Py, thentheorderingrelationet,, st} is addedo Pq.
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This stratgy is backtrack-freedueto the fact thatthe original p.c. planis correct. All (pre)
conditionsof all actionsin Py aresatis ed andthusfor ary preconditionp of anactionA, we can
always nd anactionA° that satis es the three constraintdisted above to supportp. Moreover,
oneof thetemporalconstraintghatleadto the consistenbrderingbetweerntwo interferingactions
(logical or resourcenterferencewill alwaysbe satis edbecausehep.c. planis consistenandno
pair of interferingactionsoverlapeachotherin Ppc. Thus,the searchs backtrack-freeandwe are
guaranteedo nd ano.c. plandueto the existenceof onelegal dispatchof the nal o.c. planPgc
(whichis the startingp.c. planPpc). The nal o.c. planis valid becausehereis a causal-linkfor
every actions preconditionall causalinks aresafe,no interferingactionscanoverlap,andall the
resource-relate(pre)conditionsaresatis ed. Moreover, this stratgy ensureghatthe orderingson
Poc areconsistentvith theoriginal P,c. Therefore becausehep.cplanPy is oneamongmultiple
p.cplansthatareconsistentvith theo.cplan P, the makesparof Py is guaranteedo beequalor
betterthanthe malesparof Py.

Thealgorithmdiscussedn this sectionis a specialcaseof the partializationproblemin metric
temporalplanning. In our relatedwork (Do & Kambhampati2003),we do a systematicstudy of
the generalpartializationproblemandgive CSOP(ConstraintSatishction OptimizationProblem)
encodingdor solvingthem. Thecurrentalgorithmcanbe seenasa particulargreedyvariable/alue
orderingstratgy for the CSOPencoding.

7. Implementation of Sapa

The Sapasystemwith all thetechniqueslescribedn this paperhasbeenimplementedn Java. The
implementationncludes:

1. Theforwardchainingalgorithm(Section2).

2. Thecostsensitve temporalplanninggraphandtheroutinesto propagatehe costinformation
andextractthe heuristicvaluefrom it (Section3).

3. Theroutinesto extractandadjusttherelaxedplanusingstaticmutex andresourcenformation
(Sectiord.2).

4. Greedypost-processingputinesto corvertthep.c. planinto ano.cplanwith bettermakespan
andexecution e xibility (Section6).

By default Sapaisegshesum-propagatiorule,in nite lookaheaderminationyresource-adjusted
heuristicsandcorvertsthe solutionsinto o.c. plans.Besideghetechniquesiescribedn this paper
we alsowrote a JAVA-basedparserfor PDDL2.1 Level 3, which is the highestlevel usedin the
Third InternationaPlanningCompetition(IPC3).

To visualizethe plansreturnedby Sapaand the relationsbetweenactionsin the plan (such
as causallinks, mutual exclusions,and resourcerelations),we have developeda GraphicalUser
Interface(GUI)12 for Sapa Figurelland 12 shavsthescreershotsof thecurrentGUI. It displays
thetimeline of the nal planwith eachactionshavn with its actualdurationandstartingtimein the
nal plan. Thereareoptionsto displaythe causarelationsbetweeractions(foundusingthe greedy
approachdiscussedn Section6), andlogical andresourcanutexesbetweeractions. The speci ¢
timesatwhichindividual goalsareachieved arealsodisplayed.
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itch_on
1 awitch_on
2 turn_to [_
3 calibrate —%L
4 turn_to n_fo
A take_image [ e_image
B turn_to 0 to
T take_image [ e_image
Sturn_to

0_to

‘Btake_image [

A0 turn_to

11 take_image|
A2 turn_to

13 take_image

ulke_image

Figurell: Screenshotof Sap& GUI: PERT chartshaving the actions' startingtimes and the
precedencerderingsbetweerthem.

| File Options

Actions Ewitch_on
1 switch_on turn_3
2turn_to
3 calibrate
4 turn_to
Atake_image
G turn_to
T take_image
8turn_to
Atake_imagye
10turn_to
11 take_image
12tumn_to
13 take_image

Figurel2: Screenshotsof Sap&s GUI: Gantchartshaving differentlogical relationsbetweena
givenactionandotheractionsin theplan.
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Figurel3: Costandmalkesparvariationsaccordingo differentweightsgivento themin the objec-
tive function. Eachpointin thegraphcorrespondto anaveragevalueover 20 problems.

Our implementatioris publicly availablethroughthe Sapahomepag®. Sincethe planneras
well asthe GUI arein JAVA, we alsoprovide web-basedhteractve accesso the planner

8. Empirical Evaluation

We have subjectedhe individual component®f the Sapamplementatiorto systematiempirical
evaluation(c.f. Do & Kambhampati2001,2002,2003).In this sectionwe will describeheexper

imentsthatwe conductedDo & Kambhampati2001)to shav that Sapas capableof satisfyinga
variety of cost/makspartradeofs. Moreover, we alsoprovide resultsto shav the effectivenessof

theheuristicadjustmentechniquesthe utility of differentterminationcriteria,andtheutility of the
post-processingComparisorof Sapawith othersystemsn the InternationalPlanningCompetition
is providedin the next section.

8.1 ComponentEvaluation

Our rst testsuitefor the experimentsusedto testSapéss ability to producesolutionswith tradeofs
betweertime andcostquality, consistef a setof randomlygeneratedemporalogisticsproblems
providedby HaslumandGefiner (2001).1n this setof problemswe needto move packagebetween
locationdn differentcities. Therearemultiple waysto move packagesandeachoptionhasdifferent
timeandcostrequirementsAirplanesareusedo move packagebsetweerairportsin differentcities.
Moving by airplanegakesonly 3.0 time units, but is expensve, andcosts15.0costunits. Moving
packagedy trucksbetweerlocationsin differentcities costsonly 4.0 costunits, but takesa longer
time of 12.0time units. We canalsomove packagedbetweenocationsinsidethe samecity (e.g.
betweerof ces andairports). Driving betweenocationsin the samecity costs2.0 unitsandtakes
2.0time units. Loading/unloadingpackageénto atruck or airplanetakes1.0 unit of time andcosts
1.0unit.

We testedthe rst 20 problemsin the setwith the objective functionspeci edasalinearcom-
binationof both total executioncostand makespanvaluesof the plan. Speci cally, the objective

12. TheGUI wasdevelopedby DanBryce
13. http://rakaposhi.eas.asu.edu/sapa.html

181



Do & KAMBHAMPATI

functionwassetto
O= :C(Plan)+ (1 ):T(Plan)

We testedwith differentvaluesof : 0 1. Among the technigueddiscussedn this
paperwe usedthe sum-propagationule, in nite look-aheadandrelax-planextractionusingstatic
mutex relations.Figure13 shawvs how theaveragecostandmakesparvaluesof the solutionchange
accordingto the variation of the value. The resultsshav that the total executioncostof the
solutiondecreaseaswe increasehe value(thus, giving moreweight to the executioncostin

the overall objectve function). In contrastwhen decreasegjiving moreweightto makespan,
the nal costof the solutionincreasesandthe makespanvalue decreasesThe resultsshav that
ourapproachndeedproducesolutionsthataresensitve to anobjective functionthatinvolvesboth
time and cost. For all the combinationsf f problem; g, 79% (173/220)are solvable within our
cutoff time limit of 300 seconds.The averagesolutiontime is 19.99secondsand 78.61%o0f the
instancesanbesolvedwithin 10 seconds.

8.1.1 EVALUATION OF DIFFERENT TERMINATION CRITERIA

Figure 14 shavs the comparisorresultsfor zero,one,andin nite lookaheador the setof metric
temporalplanningproblemsin the competition. We take the rst 12 problemsin eachof the four
temporaldomains: ZenoTravel-Time, DriverLog-Time, Satellite-Tme, and RoversTime. We set
= 1in theobjective function,makingit entirelycost-basedTheactioncostsaresetto 1 unit. As
discussedh Section3.3,zero-lookaheadtopsthe costpropagatiorprocessatthetime pointwhere
thereis a solutionunderthe relaxed condition. K-lookaheadspendsextra effort to go beyond that
time pointin hopeof nding betterquality (relaxed) solutionto useasheuristicvaluesto guidethe
search.Therunningconditionis speci edin the captionof the gure.

For mostof theproblemsn thethreedomainsZenoTavel-Time, DriverLog-Time, andSatellite-
Time, in nite-lookaheadreturnsbetterquality solutionsin shortertime thanone-lookaheadyhich
in turnis generallybetterthanzero-lookaheadT he exceptionis the Rovers-Time domain,in which
thereis virtually no differencein runningtime or solutionquality betweerthe differentlook-ahead
options.

Thefollowing is a more elaboratesummaryof the resultsin Figure 14. Thetop three gures
shav the runningtime, cost,andmakespancomparisonsn the ZenoTavel domain(Time setting).
In thisdomain,within thetime andmemorylimit, in nite-lookaheadhelpsto solve 3 moreproblems
thanone-lookaheadnd2 morethanzero-lookaheadn all but oneproblem(problem10),in nite-
lookaheadeturnsequal(three)or better(eight) costsolutionthanzero-lookahead Comparedo
one-lookaheadt' s betterin ve problemsandequalin six others.For themakesparvalue,in nite-
lookaheads generallybetter but not asconsistentasothercriteria. The next threelower gures
shav the comparisomresultsfor the DriverLog-Time domain. In this domain,in nite andone-
lookaheadsolve one moreproblemthanzero-lookaheadn nite-lookaheadis alsofasterthanthe
othertwo optionsin all but oneproblem. The costs(numberof actions)of solutionsreturnedby
in nite-lookaheadarealsobetterthanall but two of the problemgin whichall threesolutionsarethe
same).One-lookaheads alsoequalto or betterthanzero-lookaheath all but two problems.n the
Satellite-Tme domain,while in nite andone-lookaheadolve threemore(of twelve) problemshan
zero-lookaheadhereis no optionthatconsistentlysolvesproblemsfasterthanthe other However,
the solutionquality (cost)of in nite andone-lookaheads consistentiybetterthanzero-lookahead.
Moreover, the solutioncostof plansreturnedby in nite-lookaheadis worsethanone-lookaheath
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Figurel4. Comparisorof the differentlookaheadbptionsin the competitiondomains. Theseex-
perimentsvererun on a Pentiumlll-750 WindowsXP machinewith 256MB of RAM.
Thetime cutof is 600seconds.
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Figurel5: Utility of theresourceadjustmentechniqueon ZenoTravel (time setting)domainin the
competition.ExperimentsvererunonaWindowsXP Pentiumlll 750MHzwith 256MB
of RAM. Time cutof is 600seconds.

only oneproblemwhile beingslightly betterin 6 problems.In thisdomain,it seemghatthereis big
improvementfrom zeroto onelook-aheadwhile in nite-lookaheadis a slight improvementover
one-lookahead(The plots for the Roversdomainare not shavn in the gure asall the different
look-aheadptionsseento leadto nearidenticalresultsin thatdomain.)Finally, sincetheheuristic
is basedcompletelyon cost( =1), we do not, in theory expectto seeary conclusve patternsn
the malkespanvaluesof the solutionsproducedor thedifferentlookaheadptions.

8.1.2 UTILITY OF THE RESOURCE ADJUSTMENT TECHNIQUE

In our previouswork (Do & Kambhampati2001),we shav thattheresourceadjustmentechnique
canleadto signi cant quality andsearchspeedmprovementsn problemssuchasthe metrictem-
porallogisticsdomainin which thereareseveraltypesof resourceconsumptiorobjectslik e trucks
andairplanes.

In the competition,therearetwo domainsin which we cantestthe utility of the resourcead-
justmenttechniquediscussedn Section5.2. The ZenoTravel domainandthe Roversdomainhave
actionsconsumingresourcesand other (refueling) actionsto renav them. Of these,the resource
adjustmentechniquegivesmixedresultsin the ZenoTravel domainandhasno effectin the Rovers
domain. Therefore,we only shav the comparisorfor the ZenoTavel domainin Figure 15. In
the ZenoTravel domain, Sapawith the resourceadjustmentunsslightly fasterin 10 of 14 prob-
lems, returnsshortersolutionsin 5 problemsand longer solutionsin 3 problems. The solution
makesparwith the resourceadjustmentechniqueis alsogenerallybetterthanwithout the adjust-
menttechniqueln conclusiontheresourcedjustmentechniquéndeedhelpsSapan thisdomain.
In contrast,in the Roversdomain,this techniqueis of virtually no help. Actually, in the Rovers
domain,the numberof searchnodeswith andwithout the resourceadjustmenis the samefor all
solved problems.Onereasommaybethatin the Roversdomain,thereareadditionalconstrainton
the recharge actionso thatit canonly be carriedout at a certainlocation. Therefore,evenif we
know thatwe needto addarechage actionto the currentrelaxed plan,we maynotbeableto addit
because¢heplandoesnotvisit theright location.
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Figurel6: Utility of the greedypost-processingpproachfor problemsin domainsZenoTavel-
Time, DriverLog-Time, Satellite-Comple, andRovers-Timein theIPC3.

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

Figure 16 shaws the utility of the greedypost-processingechniquediscussedn Section6. The
testsuitecontainsthe samesetof problemsusedin the rst test,which arethe rst 12 problemsn
the ZenoTavel-Time, DriverLog-Time, Satellite-Comple, andRovers-Time domain. The graphs
in Figure 16 shav the comparison®f makespanvaluesof (i) total durationof all actionsin the
plan (makespanof a serialplan); (ii) original parallelposition-constraied (p.c) plansreturnedby
Sapaand(iii) orderconstrainedo.c)plansreturnedafterpost-processinglhegraphsshawv thatthe
greedypost-processingpproactelpsimproving the makesparvaluesin all domains.On average,
it improvesthe makespanvaluesof the original plansbhy 32.4%in the ZenoTavel-Time domain,
27.7%in the DriverLog-Time domain,20.3%in the Satellite-Compbe domain,and8.7%in the
RoversTime domain. Comparedo the serialplans,the greedilypartializedo.c plansimproved the
makesparvalues24.7%-38.9%.

TheCPUtimesfor greedypartializationarevery small. Speci cally, they werelessthan0.1sec-
ondsfor all problemswith thenumberof actionsrangingfrom 1 to 68. Thus,usingour partialization
algorithmasa post-processingtageessentiallypreseresthe signi cant ef ciency adwantagesof
positionconstraineglannerssuchas Sapa GRT andMIPS, thatsearchin the spaceof p.c. plans,
while improving thetemporal e xibility of the plansgeneratedby thoseplanners.

In our relatedwork (Do & Kambhampati2003), we presentadditionalresultsfor the Sim-
pleTime settingof thosedomainsanddo a comparisorwith an optimal post-processingechnique
discussedh thesamepaper
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8.2 Sapan the 2002Inter national Planning Competition

We enterecanimplementatiorof Sapausingseveralof thetechniquesliscussedh this paperin the
recentinternationaPlanningCompetition.Thespeci ¢ techniquesisedin the competitionversion
of Sapaarein nite look-aheaderminationof costpropagationSection3.3), resourceadjustment
(Section5.2),andgreedypost-processin{Section6). In the competition we focusedsolelyon the
metric/temporatiomains.

The sophisticatedupportfor multi-objective searchprovided by Sapawasnot fully exploited
in the competition,since action costis not part of the standardPDDL2.1 languageusedin the
competitiont* Thecompetitiondid evaluatethequality of solutionplansbothin termsof numberof
actionsandin termsof theoverallmalespan Giventhis stateof affairs,we assumedinit costfor all
actionsandran Sapawith = 1, thusmakingthesearclksensitve only to theactioncosts.In nite-
lookaheadvasusedfor costpropagation.This stratgy biasedSapato producelow costplans(in
termsof numberof actions).Althoughthe searchwasnot sensitve to makespanoptimization,the
greedypostprocessingf p.c. plansto o.c. plansimproved the makespanof the solutionsenough
to make Sapaoneof the bestplannergn termsof the overall quality of solutionsproducedt®

The competitionresultswere collectedand distributed by the IPC3's organizersand can be
found at the competitionwebsite(Fox & Long, 2002). Detaileddescriptionsof domainsusedin
the competitionare alsoavailable at the sameplace. The temporalplanningdomainsin the com-
petition camein two sets,one containingtwo domains,SatelliteandRovers (adaptedrom NASA
domains) andthe othercontainingthreedomains:Depots DriverLogisticsandZenoTravel In the
planningcompetition,eachdomainhadmultiple versions—dependinon whetheror not theactions
haddurationsandwhetheractionsusecontinuougesourcesSapagoarticipatedn the highestlievels
of PDDL2.1 (in termsof the compleity of temporaland metric constraintsfor the ve domains
listedabore.

Figures 17 and 18 shawv that ve plannerg(Sapa LPG, MIPS, TP4,and TPSYS)submitted
resultsfor thetimedsettingandonly three(SapaMIPS, andTP4)wereableto handlethe comple
setting of the Satellitedomain. In the timed setting, action durationsdependon the setting of
instrumentsaboardaparticularsatelliteandthedirectionit needdo turnto. The“complex” setting
is furthercomplicatedby thefactthateachsatellitehasa differentcapacitylimitation sothatit can
only storea certainamountof imagedata.Goalsinvolve takingimagesof differentplanetsaandstars
locatedat differentcoordinatadirections.To achieve the goals,the satelliteequippedwith theright
setof instrumentshouldturn to theright direction,calibrateandtake theimage.

For the timed settingof this Satellitedomain, Figure 17 shavs thatamongthe ve planners,
Sapa LPG and MIPS were ableto solve 19 of 20 problemswhile TP4and TPSYSwere ableto
solve 2 and3 problemsrespectrely. For quality comparisonl.PG with the quality settingwasable
to returnsolutionswith the bestquality, Sapawasslightly betterthan LPG with the speedsetting
andwasmuchbetterthanMIPS. LPG with the speedsettingis generallythe fastestfollowed by
MIPS andthen Sapaand LPG with the quality setting. For the compl& setting,Figure 18 shavs
that,amongthethreeplanners Sapavasableto solve the mostproblems16), andgenerateghlans
of higherqualitythanMIPS. TP4producedhe highestguality solutions but wasableto solve only

14. Someof the competitionproblemsdid have explicit objective functions,andin theory we could have inferredthe
actioncostsfrom theseobjective functions(seethe discussiorin Section4.3). We have not yet donethis, giventhat
the@planmetric°®eld of PDDL2.1hadnotbeenfully standardizeatthetime of the competition.

15. To besure makesparoptimalplannersuchasTP4canproducemuchshortemplanstht theirsearchwassoinef®cient
thatthey wereunableto solve mostproblems.
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thethreesmallestproblems.Thesolvingtimesof Sapaareslightly higherthanMIPS, but aremuch
betterthanTP4.

The“timed” versionof the Rover domainrequireshata setof scienti c analysededoneusing
a numberof rovers. Eachrover carriesdifferentequipmentandhasa differentenegy capacity
Moreover, eachrover canonly rechage its batteryat certainpointsthat are underthe sun(which
maybeunreachable)rigurel9 shavsthatonly SapaandMIPS wereableto handletheconstraints
in this problemset. Sapaagainsolved moreproblemg11vs. 9) thanMIPS andalsoreturnedbetter
or equalquality solutionsin all but onecase.The solvingtime of MIPS is betterthan Sapan 6 of
9 problemswhereit returnsthe solutions.
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In the secondsetof problemswhich comewith temporalconstraintstherearethreedomains:
Depots DriverLogistics and Zeno Travel Sapaparticipatedat the highestlevel, which is the
“timed” settingsfor thesethreedomains.Figure20 shavs the comparisorbetweenSapaandthree
otherplannerqLPG, MIPS, and TP4)thatsubmittedresultsin the Depotsdomain.In this domain,
we needto move crates(packagespetweendifferent places. The loading actionsthat placethe
cratesinto eachtruck are complicatedby the factthatthey needan emptyhoist. Thus,the Depot
domainlooks like a combinationof the original logisticsand blockworlds domains. Drive action
durationsdependon the distancedetweenocationsandthe speedof thetrucks. Time for loading
the cratesdepend®n the power of the hoistthatwe use. Thereis no resourceconsumptiorin this
highestlevel. In this domain,Sapavasonly ableto solve ve problemscomparedo 11 by MIPS
and18 by LPG. TP4 solved only oneproblem. For the ve problemsthat Sapavasableto sole,
thesolutionquality is asgoodasotherplannersFor the speeccomparisonl.PG with speedsetting
is clearlyfasterthanthe otherplanners We speculateéhatthe poor performancef Sapan this do-
mainis relatedto two factors:(i) negative interactionsbetweersubgoalslargely ignoredby Sapa
areanimportantconsiderationn this domainand(ii) the numberof groundactionsin this domain
is particularlyhigh, makingthe computatiorof the planninggraphquite costly

Figure21shavs how Sapgerformanceomparesvith otherplannersn thecompetitiononthe
time settingof the DriveLog domain. This is a variationof the original Logisticsdomainin which
trucksratherthanairplanesmove package$®etweerdifferentcities. However, eachtruck requiresa
driver, soadriver mustwalk to andboarda truck beforeit canmove. Like the Depotdomain,there
is no resourceconsumption.The durationsfor walking anddriving dependon the speci ed time-
to-walk andtime-to-drive In this domain, Sapasolved 14 problemscomparedo 20 by LPG, 16
by MIPS and1 by TP4. The quality of the solutionsby differentplannersarevery similar. For the
speedcomparison].PG with speedsettingis fastestthenMIPS, then Sapaand LPG with quality
setting.

Finally, Figure22 shavs the performancef Sapan the ZenoTravel domainwith time setting.
In this domain,passengersavel betweendifferentcities by airplanes.The airplanescanchoose
to y with differentspeedgfast/slav), which consumelifferentamountsof fuel. Airplaneshave
differentfuel capacityandneedto refuelif they do not have enoughfor eachtrip. In this domain,
SapaandLPG solved 16 problemswhile MIPS solved 20. The solutionquality of SapaandMIPS
aresimilar andin generalbetterthan LPG with eitherspeedor quality setting. LPG with speed
settingandMIPS solved problemsn this domainfasterthan Sapawhichis in turn fasterthanLPG
with quality setting.

In summaryfor problemsnvolving bothmetricandtemporalconstraintsn IPC3, Sapas com-
petitive with otherplannerssuchas LPG or MIPS. In particular Sapasolved the mostproblems
andreturnedhe planswith bestsolutionquality in the highestsettingfor thetwo domainsSatellite
andRovers, which areadaptedrom NASA domains.A moredetailedanalysisof the competition
resultsis presentedby Long andFox (2003).

9. RelatedWork and Discussion

Althoughtherehave beensereralrecentdomain-independemiteuristicplannersaimedat temporal
domainsmostof themhave beenaimedat makespanoptimization,ignoring the costaspectsFor
example,both TGP (Smith & Weld, 1999) aswell as TP4 (Haslum& Gefner, 2001) focus on
makespanoptimizationandignorethe costaspectof the plan. As we have arguedin this paper
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ultimately metric temporalplannersneedto dealwith objective functionsthat are basedon both

makesparandcost.Onerecentresearcteffort thatrecognizeshemulti-objectve natureof planning
is the MO-GRT system(Refanidis& Vlahavas,2001a). On one hand,the MO-GRT approachs

more generalthan our approachin the sensethat it dealswith a setof non-combinableguality

metrics. The MO-GRT approachhowever treatstime similar to otherconsumableesourcegwith

in nite capacity). Temporalconstraintson the planningproblems(suchaswhenan effect should
occurduring the courseof action), goal deadlinesor concurreng areignored in orderto scale
down the problemto the classicalplanningassumptionsMetric-FF (Hoffmann,2002)and MIPS

(Edelkamp2001)aretwo otherforward statespaceplannerghat canhandleresourceconstraints.
Both of them generatesequentiapblans. MIPS handlesdurative actionsby putting in the action
durationand post-processinthe sequentiap.c plans. Multi-Pegg (Zimmerman,2002)is another
recentplannerthat considerscost-timetradeofs in plan generation. Multi-Pegg is basedon the

Graphplanapproachandfocuseson classicalplanningproblemswith non-uniformcostactions.
ASPEN (Chienet al., 2000)is anotherplannerthat recognizeshe multi-attritute natureof plan

quality ASPENadwcatesaniterative repairapproactor planning,thatassumeshe availability

of avariety of hand-codedgblan repairstratgiesandtheir characterizatioin termsof their effects
on thevariousdimensionf planquality. LPG (Gerevini & Serina,2002)is anothemplannerthat
employs local searchtechniquesover the action-graph. Unlike ASPEN, LPG considersdomain
independentepairstratgiesthatinvolve planninggraph-basedodi cations.

Althoughwe evaluatedour cost-sensitie heuristicsin the context of Sapaa forward chaining
planney the heuristicsthemseles can also be usedin othertypesof planningalgorithms. For
example, TGP can be madecost-sensitie by makingit propagatehe cost functionsas part of
planninggraphexpansion.Thesecostfunctionscanthenbe usedasa basisfor variableandvalue
orderingheuristicso guideits backward branch-and-bounglearch A similar approachn classical
planninghasbeenshavn to be successfuby KambhampatandNigenda(2000).

BesidesGraphplan-basedpproachespur frameavork can also be usedin both forward and
backward state-spacandpartial orderplannergo guidethe planningsearch.lt is possibledueto
the factthatdirectionalsearchegforward/backvard) all needto evaluatethe distancedbetweeran
initial stateanda setof temporalgoals.

Our work is alsorelatedto otherapproacheghatuseplanninggraphsasthe basisfor derving
heuristicestimatesuchasGraphplan-HSPKambhampat& Nigenda2000),AltAlt (Nguyenetal.,
2001),RePORNguyen& Kambhampati2001),andFF (Hoffmann& Nebel,2001).In the contet
of theseefforts, our contrikution canbe seerasproviding awayto trackcostasafunctionof timeon
planninggraphs An interestingobsenationis thatcostpropagations in somewaysinherentlymore
compl thanmakesparnpropagation.For example,oncea setof literals enterthe planninggraph
(andare not mutually exclusive), the estimateof the malkespanof the shortestplan for achiering
themdoesnot changeaswe continueto expandthe planninggraph.In contrastthe estimateof the
costof the cheapesplanfor achievzing themcanchangeuntil the planninggraphlevelsoff. Thisis
why we neededo carefullyconsidettheeffect of differentcriteriafor stoppingthe expansiorof the
planninggraphontheaccurag of the costestimategSection3.3).

Anotherinterestingpointis thatwithin classicaplanning,therewasoftena confusionbetween
thenotionsof costandmalkespan For example the“length of a planin termsof numberof actions”
caneitherbe seenasa costmeasurdif we assumehat actionshave unit costs),or a makespan
measurdif we assuméhattheactionshave unit durations).Thesenotionsgetteasedpartnaturally
in metrictemporaldomains.
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In this paper we concentratedn developing heuristicsthat can be sensitve to multiple di-
mensionsof plan quality (speci cally, makespanandcost). An orthogonalissuein planningwith
multiple criteriais how the variousdimensionsof plan quality shouldbe combinedduring opti-
mization. The particularapproachwe adoptedn our empirical evaluation—namelyconsideringa
linear combinationof costandtime—isby no meansthe only reasonablavay. Otherapproaches
involve non-linearcombinationf the quality criteria,aswell as“tiered” objectve functions(e.g.
rank plansin termsof makespanpreakingties usingcost). A relatedissueis how to helpthe user
decidethe “weights” or “tiers” of the differentcriteria. Oftenthe usersmay not be ableto articu-
late their preferencebetweerthe variousquality dimensiongn termsof preciseweights. A more
standardvay out of this dilemmainvolvesgeneratingall non-dominatear Pareto-optimaplans'®,
andpresentinghemto the user Unfortunately oftenthe setof non-dominateglanscanbe expo-
nential(c.f., Papadimitriou& Yannakakis2001). The usersarethenexpectedto pick the planthat
is mostpalatableto them. Unfortunately the usersmay not actually be ableto judgethe relatve
desirabilityof planswhenthe problemsarecomplex andthe plansarelong. Thus,a morepractical
approachmay involve resortingto otherindirectmethodssuchaspreferenceelicitationtechniques
(c.f. Chajavska,Getoor Norman,& Shahar 1998).

10. Conclusion

In this paperwe presentecbapaa domain-independéemeuristicforward chainingplannerthatcan
handledurative actions metricresourceconstraintsanddeadlinegoals. Sapas a forward-chaining
plannerthatsearches the spaceof time-stampedtates.lt is designedo be capableof handling
the multi-objective natureof metric temporalplanning. Our technicalcontritutionsinclude (i) a
planning-graptbasedmethodfor deriving heuristicsthat are sensitve to both costand makespan
(i) an easyway of adjustingthe heuristicestimatego take the metric resourcdimitations into
accountand(iii) away of post-processinthe solutionplansto improve their execution e xibility.
We describedhetechnicaldetailsof extractingthe heuristicsaandpresentednempiricalevaluation
of thecurrentimplementatiorof Sapa An implementatiorof Sapaisinga subsebf thetechniques
presentedn this paperwasoneof the bestdomainindependenplannersor domainswith metric
andtemporalconstraintsn thethird InternationaPlanningCompetition heldat AIPS-02.

We are extending Sapain several differentdirections. To begin with, we wantto malke Sapa
supportmoreexpressie domains,ncluding exogenousaventsanda richer setof temporalandre-
sourceconstraintge.garover cannotrechagethe batteryaftersunset) Anotherdirectioninvolves
extendingour multi-objective searcho involve otherquality metrics. While we consideredatostof
aplanin termsof a singlemonetarycostassociatedvith eachaction,in more complex domains,
the costmay bebetterde ned asa vectorcomprisingthe differenttypesof resourceconsumption.
Further in additionto costand makespan,we may also be interestedn other measure®f plan
guality suchasrobustnessandexecution e xibility of the plan. Ourlongertermgoalis to support
plangeneratiorthatis sensitve to this extendedsetof tradeofs. To this end,we planto extendour
methodologyto derive heuristicssensitive to a larger variety of quality measuresFinally, we also
planto considettheissuesf plannerscheduleinteractiondn the context of Sapd(c.f., Srivastaa,
Kambhampati& Do, 2001).

16. A planP is saidto be dominatedby P° if the quality of P is strictly superiorto thatof P in at leastonedimen-
sion, andis betteror equalin all other dimensiongDasguptaChakrabarti,& DeSarkar, 2001; Papadimitriou&
Yannakakis2001).
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