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Abstract

Mary real world planning problemsrequiregoalswith deadlinesand durative actionsthat consume
resourcesln this paperwe presentSapaadomain-independeteuristicforwardchainingplannerthatcan
handledurative actionsmetricresourceonstraintsanddeadlinegoals. Themaininnovationof Sapas the
setof distancebasecheuristicdt emplo/sto controlits search We considebothoptimizingandsatisficing
search.For the former, we identify admissibleheuristicsfor objective functionshasedon makespanand
slack. For satisficingsearch,our heuristicsare aimed at scalability with reasonableglan quality. Our
heuristicsare derived from the “relaxed temporalplanninggraph” structure which is a generalizatiorof
planninggraphsto temporaldomains. We also provide techniquedor adjustingthe heuristicvaluesto
accounffor resourceconstraintsOur experimentakesultsindicatethat Sapareturnsgoodquality solutions
for comple planningproblemsin reasonabléime.

1 Intr oduction

For mostrealworld planningproblemsthe STRIPSmodelof classicaplanningwith instantaneouactionsis
inadequateWe normally needplanswith durative actionsthatexecuteconcurrently Moreover, actionsmay
consumaesourcegandthe plansmay needto achiese goalswithin given deadlines.While therehave been
efforts aimedat building metrictemporalplannersthat canhandledifferenttypesof constraintdeyondthe
classicalplanningspecificationg15, 10, 12], mostsuchplannerseitherscaleup poorly or needhand-coded
domaincontrolknowledgeto guidetheir search.The biggestproblemfacedby existingtemporalplannerss
thusthecontrolof search(c.f. [18]). Accordingly, in this paperwe addressheissuesof domainindependent
heuristiccontrolfor metrictemporalplanners.

At first blush searchcontrol for metric temporalplannerswould seemto be a very simple matter of
adaptingthe work in heuristicplannersin classicalplanning[3, 13, 8]. The adaptatiorhowever doespose
several challenges.To begin with, metric temporalplannerstendto have significantlylarger searchspaces
than classicalplanners. After all, the problemof planningin the presenceof durative actionsand metric
resourcesubsumeg$oththeclassicaplanningandschedulingproblems.Secondlythe objective of planning
may not belimited to simplegoalsatisaction,andmay alsoincludeoptimizationof the associatedchedule
(suchasmaximumlatenessweightedtardinessyeightedcompletiontime, resourceconsumptioretc. [16]).
Finally, the presencef metricandtemporalconstraintsjn additionto subgoalinteractionsppensup mary
morepotentialavenuedor extractingheuristics(basedon problemrelaxation). Thus,the questionof which
relaxationgrovide bestheuristicshasto be carefullyinvestigated.

In this paperwe presentSapaa heuristicmetrictemporalplannerthatwe arecurrentlydeveloping. Sapa
is a forward chainingmetric temporalplanner whosebasicsearchroutinesare adaptedrom Bacchusand
Ady’s[1] recentwork ontemporalTLPlan. We consideaforwardchainingplannemecausef theadvantages
offeredby the completestateinformationin handlingmetricresource$18]. Unlike temporalTLPlan,which
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relieson hand-codedontrolknowledgeto guidethe plannerthe primaryfocusof our work is on developing
distancebasedheuristicsto guidethe search.In Sapa we estimatethe heuristicvaluesby doing a phased
relaxation: we first derived heuristicsfrom a relaxationthatignoresthe deleteeffectsand metric resource
constraintsandthenadjusttheseheuristicsto betteraccountfor resourceconstraints.In the first phasewe
useageneralizatiorof the planninggraphg?2], calledrelaxedtemporalplanninggraphsRTPG),asthebasis
for deriving the heuristics.Our useof planninggraphsis inspiredby (andcanbe seenasan adaptatiorof)
the recentwork on AltAlt [13] andFF [8]. We considerboth optimizing and satisficingsearchscenarios.
For theformer, we developadmissibleneuristicsfor objective functionsbasedn makesparor slack. For the
latter, we develop very effective heuristicsthat usethe characteristicef a “relaxed” plan derived from the
planninggraphs.Finally, we presenta way of improving the informednes®f our heuristicsby accounting
for theresourceconstraintgwhich areignoredin constructingherelaxedplanninggraphs).

Sapais implementedin Java. Our empirical studiesindicate that Sapacan solve planning problems
with complex temporaland resourceconstraintsquite efficiently. Sapaalsoreturnsgood quality solutions
with short makespansandvery few irrelevantactions. This is particularly encouraginggiven that tempo-
ral TLPlan, the leadingcontendenf Sapathat useshand-codedontrol knowledge,tendsto output mary
irrelevantactions.

The restof this paperdescribeghe developmentand evaluationof Sapa We startin Section2 with a
discussiorof actionrepresentatioandthe generalsearchalgorithmusedin Sapa In Section3, we present
therelaxed planninggraphstructureanddiscusdifferentheuristicsextractedfrom it. We alsodescribehow
to adjusttheheuristicvalueshasedn themetricresourceconstraints\We presenempiricalresultsin Section
4 andconcludethe paperwith a discussiorof relatedwork andfuturework in Sectionss and6.

2 Handling concurrent actionsin a forward state spaceplanner

Sapaaddresseplanningproblemsthatinvolve durative actionsmetricresourcesanddeadlinegoals.In this
section,we describenow suchplanningproblemsarerepresentedndsolvedin Sapa We will first describe
theactionrepresentatiormndwill thenpresentheforwardchainingstatesearchalgorithmusedby Sapa

To illustratethe representatioandthe searchalgorithmusedin Sapawe will usea smallexamplefrom
the flying domaindiscussedn [15]. In this domain,which we call zeno-flying airplanesmove passengers
betweerrities. An airplanecanchoosebetweeri'slow flying” and“f astflying” actions.“Slow flying” travels
at 400 miles/hrand consumesdl gallon of fuel for every 3 miles. “Fastflying” travels at 600 miles/hrand
consumesl gallon of fuel every 2 miles. Passengersanbe boardedin 30 minutesand deplanedin 20
minutes.Thefuel capacityof theairplaneis 750gallonsandit takes60 minutesto refuelit. Figurel shovsa
simpleproblemfrom thisdomainthatwe will useasarunningexamplethroughouthepaper In thisproblem,
Personlandthe Airplane areat cityA, Personds at cityB andthe planehas500 gallonsof fuel in theinitial
state. The goalsareto getboth PersonlandPersonzo cityC in 6.5 hours. Onesolutionfor this problem,
shawn in the lower half of Figure 1, involvesfirst boarding Personiat cityA, andthenslow-flyingto cityB.
While boarding Person2at cityB, we canrefuelthe planeconcurrently After finishing refueling,the plane
will have enoughfuel to fast-flyto cityC anddeplanethe two passengers.



(:actionBOARD (:actionSLOW-FLYING

parameters :parameters
(?person person?airplane plane?city - city) (?airplane plane?cityl- city ?city2- city)
:duration(st, + st30) :duration
:precondition (st, + st (/ (distance?city1 ?city2)
(and(at ?persorfcity) - (st,st) (slow-speed?airplane)))
(in-city ?airplane?city) - (st,et)) :precondition
-effect (and(in-city ?airplane?cityl)- (st,st)
(and(not (at ?persorfcity)) - st (> (fuel ?airplane)) - (st,et))
(in ?persorrairplane) et)) -effect

(and(not (in-city ?airplane?cityl))- st
(in-city ?airplane?city?2)- et
(-= (fuel ?airplane)
(* #t (sf-fuel-cons-rat@airplane))) #t))

Figure2: Examplesf actiondescriptionsn Sapa

2.1 Action representation

Planningis the problemof finding a setof actionsandtheir respectie executiontimesto satisfyall causal,
metric, and resourceconstraints. Therefore,action representatiorasinfluenceson the representatiorof
the plansand on the planningalgorithm. In this section,we will discussthe actionrepresentatiomsedin
Sapa Our representations influencedby the PDDL+ languageproposal[$ andthe representationgsedin
Zeno[19 andLPSAT[20] planners.

Unlike actionsin classicablanning,in planningproblemswith temporalandresourceconstraintsactions
arenotinstantaneousut have durations.Theirpreconditionsnayeitherbeinstantaneousr duratveandtheir
effectsmay occurat ary time point during their execution. EachactionA hasa durationD 4, startingtime
S, andendtime (E4 = Sa + D4). Thevalueof D4 canbe statically definedfor a domain,statically
definedfor a particularplanningproblem,or canbe dynamicallydecidedat the time of execution! Action
A have preconditionsPre(A) thatmay berequiredeitherto beinstantaneouslyrue atthetime point S 4, or
requiredto betrue startingat S4 andremaintrue for somedurationd < D 4. Thelogical effectsEff(A) of
Awill bedividedinto threesetsE;(A), E.(A), and E,, (A, d) containingrespectrely instantaneousffects
attime points S4, E4 andS4 + d (0 < d < Dj4). Figure?2 illustratesthe actualrepresentationssed
in Sapafor actionsboarding andslow-flyingin the zeno-flyingdomain. Here, st and et denotethe starting
andendingtime pointsof an action,while #t represents time instantbetweenst andet. While the action
boarding(person, airplane, city) requiresa personto be at the locationcity only atits startingtime point
st, it requiresan airplaneto stay therethe durationof its execution. This action causesan instanteffect
(not(at(?person, ?city))) atthestartingtime point st andthe delayedeffectin(?person, ?airplane) atthe
endingtime point et

Actions can also consumeor producemetric resourcesand their preconditionsmay also well depend
on the value of the correspondingesource.For resourcerelatedpreconditionswe allow several typesof
equality or inequality checkingincluding ==, <, >, <=, >=. For resource-relateéffects, we allow the
following typesof change(update):assignment(=)increment(+=),decrement(-=)multiplication(*=), and
division(/=). In Figure2, the actionslow-flyingrequiresthe fuel level to be greaterthanzeroover the entire
durationof executionandconsumeshefuel ata constantratewhile executing.

Currentlywe only model and testdomainsin which effects occur at the startor endtime points, and
preconditionsarerequiredto be true at the startingpoint or shouldhold true throughouthe durationof that
action. Neverthelessthe searchalgorithmandthe domainrepresentatioschemausedin Sapaaregeneral
enoughto representind handleactionswith effectsoccurringat ary time point during their durationsand
preconditionghat arerequiredto hold true for ary arbitrarydurationbetweerthe startandendtime points
of anaction. In the nearfuture, we intendto testour plannerin domainsthat have moreflexible temporal
constrainton the preconditionsaandeffectsof actions.

1For example,in the zeno-flyingdomaindiscusseaarlier we candecidethatboardinga passengealwaystakes 10 minutesfor all
problemsin this domain. Duration of the action of flying an airplanebetweentwo cities will dependon the distancebetweenthese
two cities. Becausethe distancebetweentwo citieswill not changeover time, the durationof a particularflying actionwill betotally
specifiedoncewe parsethe planningproblem.However, refuelinganairplanemayhave adurationthatdepend®n the currentfuel level
of thatairplane.We may only be ableto calculatethe durationof a given refuelingactionaccordingto the fuel level at the exacttime
instantwhenwe executethataction.



2.2 A forward chaining search algorithm

Eventhoughvariationsof theactionrepresentatioschemealescribedn the previous sectionhave beenused
in the partial ordertemporalplannerssuchasIxTeT[1( andZeno[1] before,BacchusandAdy [1] arethe
first to proposea forward chainingalgorithm capableof usingthis type of actionrepresentatiomnd allow
concurrenexecutionof actionsin the plan. We adapttheir searchalgorithmin Sapa

Beforegoinginto the detailsof the searchalgorithm,we needto describesomemajordatastructureghat
areused. Sapés searchis conductedhroughthe spaceof time stampedstates. We definea time stamped
stateS asatupleS = (P, M, 11, Q, t) consistingof thefollowing structure:

o P = ({pi,t;) | t; < t)isasetof predicatep; thataretrueatt andthelasttime instantt; atwhichthey
areachieved?

e M is a setof valuesof all functionsrepresentingll the metric-resource#n the planningproblem.
Becausethe continuousvaluesof resourceevels may changeover the courseof planning,we use
functionsto representheresourcevalues.

e II is a setof persistentconditions,suchasaction preconditions that needto be protectedduring a
periodof time.

¢ Qisaneventqueuecontainingasetof updategachscheduledo occurataspecifiedimein thefuture.
An evente cando oneof threethings: (1) changeheTrue/Falsevalueof somepredicate(2) updatethe
valueof somefunctionrepresenting metric-resourceor (3) endthe persistencef somecondition.

e tisthetime stampof S

In this paper unlessnotedotherwise whenwe say “state” we meana time stampedstate. It shouldbe
obviousthattime stampedstatesdo not just describeworld stateqor snapshotsof theworld ata givenpoint
of time) asdonein classicaprogressiomplannershut ratherdescribeboththe stateof theworld andthe state
of theplannerssearch.

The initial stateS;,;; is stampedat time 0 and hasan empty event queueand empty setof persistent
conditions.However, it is completelyspecifiedn termsof functionandpredicatevalues.In contrastthegoals
do nothave to betotally specified. The goalsarerepresentetly a setof n 2-tuplesG = ({(p1,t1)...(Pn, tn))
wherep; is theit* goalandt; is thetime instantby which p; needgo beachieved.

Goal Satisfaction: The stateS = (P, M,II, @, t) subsumegentails)the goal G if for each(p;,¢;) € G
either:

1. 3(ps, t;) € P, t; < t; andthereis noeventin Q thatdeleteg;.

2. Thereis anevente € @ thataddsp; attimeinstantt, < ¢;.
Action Application: An actionA is applicablein stateS = (P, M, 11, @, t) if:

1. All instantaneouprecondition®f A aresatisfiedoy P andM.
2. A'seffectsdo notinterferewith ary persistentonditionin I andary eventin Q.

3. No eventin Q interfereswith persistenpreconditionf A.

Whenwe applyanactionAto astateS = (P, M,II, Q, t), all instantaneousffectsof A will beimme-
diately usedto updatethe predicatdist P andmetricresourceslatabas® of S. A’'s persistenpreconditions
anddelayedeffectswill beputinto the persistentonditionsetIl andeventqueueQ of S. For example,if we
applyactionBoard(P1,airplane)to theinitial stateof our runningexamplein Figurel, thenthe components
of resultingstateSwill becomeP = {{At(airplane, A),to), {In(P1,airplane),to), (At(P2,B),to)}, M
= {Fuel(airplane)=50Q, IT = {(At(airplane, A),t1)}, and@Q = {{In(P1,airplane),t1)}.

Besidesthe normalactions,we will have onespecialaction calledadvance-time® which we useto ad-
vancethe time stampof Sto the time instantt¢, of the earliestevent e in the event queueQ of S. The

2For example,attime instantt in Figurel, P = {{At(airplane, A),to), (At(Person2, B), to), (In(Personl,t1))}
3Advance-timés calledunqueue-@ent in [1]



StateQueue:SQ={S;,i: }
while SQ#£{}
S=DequeuéSQ
Nondeterministically selectA
applicablen S
S = Appy(AS)
if S’l= Gthen
PrintSolution
elseEnqueu¢S’,SQ
endwhile;

Figure3: Main searchalgorithm

adwance-timeactionwill beapplicablein ary stateS thathasa non-emptyeventqueue.Uponapplyingthis
action,we updatestateS accordingo all the eventsin the eventqueuethatarescheduledo occuratt,.
Notice thatwe do not consideractionA to be applicableif it causesomeevente thatinterfereswith an
evente’ in the eventqueue,evenif e ande’ occurat differenttime points. We believe thateventhoughan
event hasinstanteffect, thereshouldbe someunderlyingprocesshat leadsto that effect? Therefore,we
feel thatif two actionscauseinstanteventsthat are contradictingwith eachother thenevenif the events
occur at differenttime points, the underlying processesupportingthesetwo eventsmay contradicteach
other Thus,thesetwo actionsarenot allowedto executeconcurrently Our approachcanbe consideredas
having a hold procesq6] extendingfrom the startingpoint of anactionto the time point at which anevent
occurs. The hold processprotectsthat predicatefrom violations by conflicting eventsfrom otheractions.
Thisalsomeanghateventhoughaneffect of agivenactionA appearso changehevalueof a predicateata
singletime pointt, we implicitly needa durationfrom the startingpoint st of Ato t for it to happenWe are
currentlyinvestigatingapproacheto representonstraintgo protecta predicateor resourcanoreexplicitly
andflexibly. Additionally, in handlingmetric resourceinteractionshetweentwo actions, Sapafollows an
approachsimilar to the onesusedby Zeno[19 and RIPP[9]: it doesnot allow two actionsthat accesghe
samemetric resourceo overlapwith eachother By not allowing two actionsaffecting the sameresource
to overlap,we cansafely changethe resourceconditionthat needsto be presered during an actionto be
aninstantaneousonditionor an updateat the startor endpoint of that action. For example,the condition
thatthe fuel level of an airplaneshouldbe higherthan 0 while flying betweentwo cities, canbe changed
to a checkto seeif thelevel of fuel it hasat the beginning of the actionis higherthanthe amountthatwill
be consumediuring the courseof thataction. This helpsin simplifying the searchalgorithm. In future, we
intendto investigateotherwaysto relaxthis type of resourcenteractionconstraints.
Search algorithm: Thebasicalgorithmfor searchindn thespaceof time stampedstatess shavn in Figure3.
We proceedby applyingall applicableactionsto thecurrentstateandputtheresultstatesnto thesortedqueue
usingthe Enqueue() function. The Dequeue() functionis usedo take outthefirst statefrom thestatequeue.
Currently Sapaemploysthe A* search.Thus,the statequeues sortedaccordingto someheuristicfunction
thatmeasureshe difficulty of reachingthe goalsfrom the currentstate. The restof the paperdiscusseshe
designof heuristicfunctions.

3 Heuristic control

For ary typeof plannerto work well, it needdo bearmedwith goodheuristicso guidethesearchn theright
directionandto prunethebadbranchegarly. Comparedvith heuristicforwardchainingplannersn classical
planning, Sapahasmary morebranchingpossibilities. Thus, it is evenmorecritical for Sapato have good
heuristicguidance.

Normally, the designof the heuristicsdepend®n the objective functionthatwe wantto optimize;some
heuristicsmay work well for a specificobjective function but not others. In a classicalplanningscenario,
whereactionsare instantaneousnd do not consumeresourcesthe quality metricsare limited to a mere
countof actionsor the parallelexecutiontime of the plan. Whenwe extendthe classicaplanningframewnork
to handledurative actionsthat may consumeresourcesthe objective functionsneedto take into account

“4For example,the boarding actionwill causethe event of the passengebeinginsidethe planeat the endof thataction. However,
thereis anunderlyingprocesof takingthe passengefrom the gateto insidethe planethatwe arenot mentioningabout.



Heuristic Objective Function Basis Adm. | Useres-infor
Max-span minimize makespan RTPG Yes No
Min-slack maximizeminimumslack RTPG Yes No
Max-slack maximizemaximumslack RTPG Yes No
Sum-slack maximizesum-slack RTPG Yes No
Sum-action minimize numberof actions relaxedplan | No No

Sum-duration|| minimizesumof actiondurations| relaxedplan | No No

Adj. sum-act. minimize numberof actions relaxedplan | No Yes

Adj. sum-dur || minimizesumof actiondurations| relaxedplan | No Yes

Table1: Differentheuristicsinvestigatedn Sapa Columnstitled “objective function”, “basis”, “adm” and
“useres-infor” show respectiely the objective function addressedby eachheuristic,the basisto derive the
heuristicvalues theadmissibilityof the heuristic,andwhetheror notresource-relateshformationis usedin
calculatingthe heuristicvalues.

other quality metricssuchas the makespan,the amountof slackin the plan and the amountof resource
consumptionHeuristicsthatfocuson thesericherobjective functionswill in effectbeguidingbothplanning
andschedulingaspectsSpecifically they needto controlbothactionselectiorandtheactionexecutiontime

In this paper we considetboth satisficingandoptimizing searchscenariosin theformer, our focusis on
efficiently finding a reasonablguality plan. In the later, we areinterestedn the optimizationof objective
functionsbasedon makespanpr slackvalues.We will develop heuristicsfor guiding both typesof search.
Tablel providesahigh level characterizationf the differentheuristicsnvestigatedn this paperin termsof
the objective functionsthatthey areaimedat, andthe knowledgeusedin deriving them.

For ary type of objective function, heuristicsare generallyderived from relaxed problems with the un-
derstandinghatthe moreconstraintave relax, the lessinformedthe heuristichecomeg14]. Exploiting this
insight to control a metric temporalplannerbrings up the questionof what constraintgo relax. In classi-
cal planning,the “relaxation” essentiallyinvolvesignoring precondition/efectinteractionsbetweenactions
[3, 8]. In metric-temporaplanning we cannotonly relaxthelogicalinteractionsput alsothe metricresource
constraintsandtemporaldurationconstraints.

In Sapawe estimateheheuristicvaluesby doinga phasedelaxation:wefirst relaxthedeleteeffectsand
metric resourceconstraint¢o computethe heuristicvalues,andthenmodify thesevaluesto betteraccount
for resourceconstraintsn thefirst phasewe usea generalizatiorof the planninggraphg2], calledrelaxed
temporalplanninggraphs(RTPG), asthe basisfor deriving the heuristics. Our useof planninggraphsis
inspiredby (andcanbe seenasanadaptatiorof) therecentwork on AltAlt [13] andFF[8]. The RTPGstruc-
turesaredescribedn Section3.1,andSections3.2and3.3describaheextractionof admissibleandeffective
heuristicsfrom the RTPG. Finally, in Section3.4,we discussatechniqueor improving theinformednes®f
our heuristicsby adjustingthe heuristicvaluesto accountfor the resourceconstraintgwhich areignoredin
the RTPG).

3.1 Building the relaxedtemporal planning graph

All our heuristicsarebasedon the relaxed temporalplanninggraphstructure(RTPG). This is a Graphplan-
style[Z bi-level planninggraphgeneralizedo temporaldomains. Givena stateS = (P, M,I1,Q,t), the
RTPG s built from S usingthe setof relaxed actions,which are generatedrom original actionsby elim-
inating all effectswhich (1) deletesomefact (predicate)or (2) reducethe level of someresource. Since
deleteeffectsareignored,RTPG will not containany mutex relations,which considerablyreduceghe cost
of constructingRTPG. The algorithmto build the RTPG structureis summarizedn Figure4. To build the
RTPG,we needthreemaindatastructuresafactlevel, anactionlevel, andanunexecutedeventqueue® Each
factf or actionA is markedin, andappearsn the RTPG's fact/actionlevel at time instantt ¢/t 4 if it canbe
achieved/executedatt s/t 4. In thebeginning,only factswhich appeain P aremarkedin att, theactionlevel
is empty andthe eventqueueholdsall the unexecutedeventsin Q thataddnew predicatesAction A will be
markedin if (1) Ais notalreadymarkedin and(2) all of A's preconditionsaremarkedin. WhenactionA is

5In [18], Smithet. al. discussthe importanceof the choiceof actionsaswell asthe orderingbetweerthemin solving complicated
realworld planningproblemsinvolving temporalandresourceconstraints.
8Unlike theinitial state theeventqueueof the stateS from whichwe build the RTPG maybe.



while(true)
forall A #advance-timapplicablein S
S:= Apply(A,S)
if Sk G then Terminatg solution}

S’ := Apply(advance-times)
if 3 (p;, t;)€G suchthat
t; < Time(S’)andp; ¢Sthen
Terminatg non-solutior}
elseS:=¢8’
endwhile;

Figure4: Algorithm to build therelaxedtemporalplanninggraphstructure.

in, thenall of A’'sunmarledinstantaddeffectswill alsobemarkedin att. Any delayedeffecte of Athatadds
factf is putinto theeventqueueQ if (1) f is notmarkedin and(2) thereis noevente’ in Q thatis scheduled
to happerbeforee andwhich alsoaddsf. Moreover, whenaneventeis addedo Q, we will take outfrom Q
ary evente’ whichis scheduledo occuraftere andalsoaddsf.

Whenthereareno moreunmarled applicableactionsin S, we will stopandreturnno-solutionif either
(1) Q is emptyor (2) thereexists someunmarled goal with a deadlinethatis smallerthanthe time of the
earliesteventin Q. If noneof the situationsabove occurs,thenwe will apply advance-timectionto S and
activateall eventsat time point .- of the earliestevente’ in Q. The processabore will berepeatedintil all
thegoalsaremarkedin or oneof theconditionsindicatingnon-solutionoccurs.Figure5 shovsthe RTPGfor
thestateSattime point¢; (referto Figurel) afterwe applyactionBoard(P1)to theinitial stateandadvance
theclock fromtg to ¢;.

In Sapathe RTPGis usedto:

¢ Prunethestateghatcannotleadto ary solution.

¢ Usethetime pointsat which goalsappeaiin the RTPG asthe lower boundson their time of achieve-
mentsin therealplans.

¢ Build arelaxedplanthatachiesesthe goals,which canthenbe usedasa basisto estimatehe distance
from S to thegoals.

For thefirst task,we will prunea stateif thereis somegoal (p;, ¢;) suchthatp; doesnot appearin the
RTPG beforetime pointt;.
Proposition 1: Pruning a stateaccoing to the relaxedtempoal planninggraph (RTPG) preserveshe
completenessf the planningalgorithm

The proof is quite straightforward. Sincewe relaxed the deleteeffectsandresourcerelatedconstraints
of all the actionswhen building the graphstructure,and appliedall applicableactionsto eachstate,the
time instantat which eachpredicateappearsn the RTPGis a lower boundon its realtime of achievement.
Thereforejf we cannotachieze somegoalontimein therelaxedproblem thenwe definitelywill notbeable
to achieve thatgoalwith thefull setof constraints.

In the next severalsectionswe will discusghe secondask,thatof deriving differentheuristicfunctions
from the RTPG structure.

3.2 Admissible heuristics basedon action durations and deadlines

In this section,we will discusshow several admissibleheuristicfunctionscanbe derived from the RTPG.
First,from theobsenationthatall predicatesppeaittheearliestpossiblegime in therelaxedplangraph,we
canderive anadmissibleheuristicwhich canbe usedto optimizethe makespanof the solution. The heuristic
is definedasfollows:
Max-span heuristic: Distancefrom a stateto the goalsis equalto the lengthof the duration betweerthe
time-instanibof that stateandthetimethelastgoal appeasin the RTPG.

Themax-sparheuristicis admissibleandcanbe usedto find the smallestmakesparsolutionfor the plan-
ning problem. The proof of admissibilityis basedon the sameobsenationmadein the proof of Proposition
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Figure5: Samplerelaxedtemporalplanninggraphfor durative actions. Shadedactionsarethe onesappear
in therelaxedplan.

1. Becausall the goalsappeaiin the RTPG at the time instantsthatarelower boundson the their realtime
of achievementsthetime instantat which the lastgoal appearsn the RTPG will bethelower boundon the
actualtime point at which we canachieve all the goals. Thus, it is a lower boundon the makespanof the
solution.

The max-sparheuristicdiscussedso far canbe thoughtof asa generalizedrersionof the max-action
heuristicusedin HSP[3] or max-level heuristicin AltAlt [13]. Oneof the assumptionsn classicalplan-
ning is thatthe goalshave no deadlinesandthey needonly be achieszed by the endof the plan. Therefore,
all heuristicsconcentrateon measuringhow far the currentstateis to the point by which all the goalsare
achieved. However, in temporalplanningwith deadlinegoals,we canalsomeasurahe ‘slack’ valuesfor the
goalsasanothemlanquality measuremer(ivhereslackis thedifferencein time betweernwhenthe goalwas
achievedin thepaln,andthedeadlinespecifiedfor its achiezement).The slackvaluesfor agivensetof goals
canalsobe a goodindicationon how hardit is to achieve thosegoals,andthus, how hardit is to solve a
planningproblemfrom a givenstate.Moreover, slack-basedbjective functionsarecommonin scheduling.

Wewill considembjective functionsto maximizetheminimum, maximum,or summatiorof slackvalues
of all thegoalsfor thetemporalplanningproblems.In our casetheslackvaluefor agivengoalg is estimated
from the RTPG by taking the differencebetweenthe time instantat which g appeardn the RTPG andits
deadline We now presenadmissibleheuristicsfor thesethreeslackbasedbjective functions.

Min-slack heuristic: Distancefroma stateto the goalsis equalto the minimumof the slack estimate®f all
individual goals’

Max-slack heuristic: Distancefrom a stateto the goalsis equalto the maximumof sladk estimatesf all
individual goals.

Sum-slackheuristic: Distancefroma stateto the goalsis equalto the summatiorof slack estimatedgor all
individual goals

The min-slack, max-slack,and sum-slackheuristicstarget the objective functions of maximizing the
minimum slack, maximumslack, and the summationof all slack values. The admissibility of the three
heuristicsfor the respectie objective functionscan be proven using the sameargumentwe madefor the
max-sparheuristic. Specifically we usethe obsenationthatall goalsappeaiin the RTPG at time instants
earlierthantheactualtime instantsatwhich they canbeachieved,to prove thattheslackestimatedalculated
usingthe RTPGfor ary goalwill betheupperboundonits actualslackvaluefor the non-relaxedproblem.

3.3 Heuristics for efficient satisficingsearch

We now focuson efficiently finding reasonablguality plans.In thelastsection we discussedeveraladmis-
sible heuristicswhich canbe usedto find optimal solutionaccordingto someobjective functions. However,
admissibleheuristicssuchasmax-spamndslack-basedheuristicsareonly concernedboutthe time points
atwhich goalsareachieved,andnotthelengthof the eventualplan. In classicalplanning,heuristicsthatuse
anestimateon the lengthof the planhave beenshavn to be moreeffective in controllingsearch8, 13]. To

7If all the goalshave the samedeadlinesthenmaximizingthe minimumslackis equalto minimizing the makesparof the planand
thetwo heuristicvalues(max-sparandmin-slack)canbe usedinterchangably



estimatethe lengthof the solution,theseplannergypically usea valid plan extractedfrom the relaxed plan-
ning graph(the relaxationtypically involvesignoring negative interactions).We canusea similar heuristic
for temporalplanning.

Sume-action heuristic: Distancefrom a stateto the goalsis equalto the numberof actionsin the relaxed
plan.

Therelaxedplancanbe built backwardfrom the goalsin amannemearlyidenticalto the proceduraused
in Graphplanalgorithm[3 in classicalplanning. We first startwith the goalsand add actionsthat support
themto the solution. If we addan actionto the solution,thenits preconditionsarealsoaddedto the setof
currentgoals. The searchcontinuesuntil we “reach” theinitial state(i.e the goalsareentailedby theinitial
state).In our continuingexample the shadedactionsin Figure5 arethe onesthatappeaiin therelaxedplan
whenwe searchbackward.

Finally, sinceactionshave differentdurationsthe sumof the durationsof actionsin therelaxed planis
anothemway to measurehedifficulty in achieving thegoals.

Sum-duration heuristic: Distancefroma stateto thegoalsis equalto the sumof durationsof actionsin the
relaxedplan.

If all actionshave the samedurations,thenthe sumof durationsof all actionsin the relaxed plan will
be equivalentto taking the numberof actionsin the plan. Thus,in this case,sum-actionand sum-duration
will performexactly the same.Neitherof theseheuristicsareadmissible;searchesisingthe sum-actionor
sum-duratiorheuristicsdo not guarante¢o returnthe solutionswith smallestnumberof actions or solutions
with smallestsummatiorof actiondurations.Thereasornis thatthesetwo heuristicshave their valuesbased
on a first (relaxed) plan found. Thereis no guaranteehat that first relaxed plan will be smallerthanthe
smallestreal (non-relaxed) planin termsof numberof actions,or summationof durationsof actionsin the
plan.

3.4 Using metric resource constraintsto adjust heuristic values

The heuristicsdiscussedn the last two sectionshave usedthe knowledgeaboutdurationsof actionsand
deadlinegoalsbut not aboutresourceconsumption.By ignoring the resourceelatedeffectswhenbuilding
the relaxed plan, we may miss countingactionswhoseonly purposeis to give sufiicient resource-related
conditionsto otheractions® Consequentlyignoring resourceconstraintsnay reducethe quality of heuristic
estimatebasedon therelaxed plan. We arethusinterestedn adjustingthe heuristicvaluesdiscussedn the
lasttwo sectiongo accounfor theresourceconstraints.

In real-world problemsmostactionsconsumeaesourcesyhile therearespecialactionsthatincreasehe
levelsof resourcesSincecheckingwhetherthelevel of aresources sufiicient for allowing the executionof
anactionis similar to checkingthe predicatepreconditionspneobvious approactto adjustthe relaxed plan
wouldbeto addactionsthatprovide thatresource-relatedonditionto therelaxedplan. For reasonsliscussed
below, it turnsoutto betoo difficult to decidewhich actionsshouldbe addedo therelaxedplanto satisfythe
givenresourceconditions. First, actionsthat consume/producthe samemetric-resourcenay overlapover
the RTPGandthusmalke it hardto reasoraboutthe resourcdevel at eachtime point. In suchcasesthebest
we candois to find theupperboundandlower boundvaluesonthevalueof somespecificresource However,
theboundsmaynotbeveryinformativein reasoningaboutthe exactvalue.Secondpecauseve do notknow
the valuesof metricresourcest eachtime point, it is difficult to reasorasto whetheror notanactionneeds
anotheractionto supportits resource-relategreconditions. For example,in Figure 5, whenwe addthe
actionfast-flying B, C) to therelaxed plan,we know thatthatactionwill needfuel (airplane) > 400 asits
precondition.However, without the knowledgeaboutthe value(level) of fuel(airplane) atthattime point,
we canhardly decidewhetheror notwe needto addanotheractionto achieve thatprecondition If wereason
thatthefuel level attheinitial state(fuel(airplane) = 500) is sufiicient for thatactionto execute thenwe
alreadymissoneunavoidablere fuel (airplane) action(becausenostof thefuel in theinitial statehasbeen
usedfor the otherflying action,fast-flying A, B)). A final difficulty is thatbecausef the continuousnature
of themetricresourcesit is harderto reasonf anactiongivesaresource-relatedffectto anotheractionand
whetheror not it is logically relevantto do so. For example,supposehatwe needto fly anairplanefrom
cityAto cityBandwe needto refuelto doso. Action re fuel (airplane, cityC) givesthefuel thattheairplane
needsput it is totally irrelevantto the plan. Adding thatactionto the relaxed plan (andits preconditiondo

8For example,if we wantto drive atruck to someplaceandthefuel level is low, by totally ignoring the resourceaelatedconditions,
we will notrealizethatwe may needto refuelthetruck beforedriving it.



thegoalset)will leadto theadditionof irrelevantactions,andthusreducethe quality of heuristicestimates
it provides.

In view of the above complicationswe introducea new way of readjustinghe relaxed planto take into
accountthe resourceconstraintsasfollows: we first preprocesshe problemspecificationsndfind for each
resourceR anaction A thatcanincreasehe amountof R maximally. Let Ar betheamountby which Ar
increase®, andlet Dur(Ag) bethedurationof Ag. Let Init(R) bethelevel of resourceR atthe stateSfor
which we wantto computetherelaxedplan,andCon(R), Pro(R) bethetotal consumptiorandproduction
of R by all actionsin therelaxedplan. If Con(R) > Init(R) + Pro(R), we usethe following formulato
adjustthe heuristicvaluesof the sum-actiorandsum-duratioraccordingto theresourceconsumption.

Sum-actiorheuristicvalueh:

heh+d [C‘m(R) — (Unit(R) + PTO(R))W

R AR

Sum-duratiorheuristicvalueh:

e ha Z Con(R) — (Init(R) + Pro(R)) « Dur(AR)

R Ar

We will call thenewly adjustecheuristicsadjusted sum-actionandadjusted sum-duration. Thebasic
ideais thateventhoughwe do notknow if anindividual resource-consumingctionin therelaxedplanneeds
anotheractionto supportits resource-relategreconditionswe canstill adjustthe numberof actionsin the
relaxed plan by reasoningaboutthe total resourceconsumptiorof all the actionsin the plan. If we know
how muchexcessamountof a resourceR the relaxed plan consumesndwhatis the maximumincrement
of R thatis allowed by ary individual actionin the domain,thenwe can infer the minimum numberof
resource-increasingctionsthatwe needto addto the relaxedplanto balanceheresourceconsumption.

For example,in therelaxedplanfor our sampleproblem,we realizethatthetwo actionsfast-flying A, B)
andfast-flying B, C') consumetotal of: 1000/2+ 1200/2= 1100unitsof fuel, whichis higherthantheinitial
fuel level of 500units. Moreover, we know thatthe maximumincrementor theairplanesfuel is 750for the
refuel(airplane)action. Thereforewe caninfer thatwe needto addatleast[ (1100—500) /7501 = 1 refueling
actionto make the relaxed plan consistentwith the resourceconsumptionconstraints. The experimental
resultsin Section4 show thatthe metricresourceaelatedadjustmentsre quite importantin domainswhich
have mary actionsconsumingdifferenttypesof resources.

The adjustmentapproachdescribedabove is useful for improving the sum-actionand sum-duration
heuristics,but it cannot be usedfor the max-sparand slack-basedheuristicswithout sacrificingtheir ad-
missibility. In future,we intendto investigatehe resourceconstraint-baseddjustmentgor thoseheuristics
thatstill preseretheir admissibility

4 Experimental results

We have implementedSapan Java. To date,ourimplementatiorof Sapahasbeenprimarily usedto testthe
performanceof differentheuristicsandwe have spentlittle effort on codeoptimization. We were primarily
interestedn seeinghow effective the heuristicswerein controlling the search.In the caseof heuristicsfor
satisficingsearchwe werealsointerestedn evaluatingthe quality of the solution. We evaluatethe perfor
manceof Sapaon problemsfrom two metrictemporalplanningdomaingo seehow well it performsin these
comple planningproblems.Thefirst oneis the zeno-flyingdomaindiscussedn Section2.2[15]. Thesec-
ondis our versionof thetemporalandmetricresourceversionof thelogisticsdomain.In thisdomain,trucks
move packagedetweerlocationswithin onecity, andplanescarrythemfrom onecity to another Different
airplanesandtrucks move with differentspeedshave differentfuel capacitiesdifferentfuel-consumption-
rates,and differentfuel-fill-rateswhenrefueling. The temporallogisticsdomainis more complicatecthan
the zeno-flyingdomainbecausét hasmoretypesof resource-consumingctions. Moreover, the refuelac-
tion in this domainhasa dynamicduration,which is not the casefor ary actionin the zeno-flyingdomain.
Specifically thedurationof this actiondepend®nthefuel level of thevehicleandcanonly bedecidedatthe
time we executethataction.

Table2 and 3 summarizehe resultsof our empiricalstudies.Before goinginto the details,we should
mentionthat amongthe differenttypesof heuristicsdiscussedn the Section3, max-sparandslack-\alue
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sum-act sum-actadjusted sum-dur sum-duradjusted
prob || time(s) | node time(s) [ node time(s) | node time(s) |  node
zenol 0.272 14/48 0.317 14/48 0.35 20/67 0.229 9/29
zeno2 || 92.055 | 304/1951| 61.66 | 188/1303 - - - -
zeno3 || 23.407 | 200/996 || 38.225 | 250/1221 7.72 60/289 35.757 234/1079

zeno4 - - 37.656 | 250/1221 7.76 60/289 35.752 | 234/1079
zeno5 || 83.122 | 575/3451|| 71.759 | 494/2506 - - - -
zeno6 || 64.286 | 659/3787 || 27.449 | 271/1291 - - 30.530 | 424/1375
zeno7 1.34 19/95 1.718 19/95 1.374 19/95 - -
zeno8 111 27187 1.383 27187 1.163 27187 1.06 14/60

zeno9 52.82 | 564/3033| 16.310 | 151/793 || 130.554| 4331/5971| 263.911| 7959/10266

log-p1 2.215 27/159 2.175 27/157 2.632 33/192 2.534 33/190
log_p2 || 165.350| 199/1593 || 164.613| 199/1592| 37.063 61/505 - -

log-p3 - - 20.545 | 30/215 - - - -
logpd | 13.631 | 21/144 | 12.837 | 21/133 - - - -
log_p5 - - 28.983 | 37/300 - - - -
log_p6 - - 37.300 | 47/366 - - - -
log_p7 - - 115.368| 62/531 - - - -
log_p8 - - 470.356| 76/788 - - - -
log_p9 - - 220.917| 91/830 - - - -

Table 2: Solutiontimesand explored/generatedearchnodesfor Sapain the zeno-flyingandtemporallo-
gistics domainswith sum-actionand sum-duratiorheuristicswith/without resourceadjustmentechnique.
Timesarein seconds.All experimentsarerun on a SunUltra 5 machinewith 256MB RAM. “-" indicates
thatthe problemcannot be solvedin 500seconds.

basedheuristicsare admissible. However, they do not scaleup to reasonablesizedproblems. As a matter
of fact, the max-sparheuristiccannot solve ary problemsin Table 2 in the allottedtime. The sum-slack
heuristicreturnsan optimal solution(in termsof makesparandsum-slackvalues)for the problemZenolin
zeno-flyingdomainin 7.3 secondsbut cannot solve ary otherproblems. However, both areableto solve
smallerproblemsthatarenotlistedin our resulttables.Becausef this, mostof our remainingdiscussioris
directedtowardssum-actiorandsum-duratiorheuristics.

Table2 shavstherunningtimesof Sapdor the sum-actiorandsum-duation heuristicsvith andwithout
metricresourceconstraintadjustmentechniquereferto Section3.4)in thetwo planningdomainsdiscussed
above. We testedwith 9 problemsfrom eachdomain. Most of the problemsrequireplansof 10-30actions,
which are quite big comparedo problemssolved by previous domain-independertemporalplannersre-
portedin theliterature. The resultsshon thatmostof the problemsaresolvedwithin areasonabléime (e.g
under500 seconds).More importantly the numberof nodes(time-stampedstates)explored, which is the
maincriterionusedto decidehow well a heuristicdoesin guidingthe searchjs quite smallcomparedo the
sizeof the problems.In mary casesthe numberof nodesexploredby the bestheuristicis only about2-3
timesthesizeof theplan.

In generalthe sum-actiorheuristicperformsbetterthanthe sum-duratiorheuristicin termsof planning
time, especiallyin the logistics domain. However, thereare several problemsin which the sum-duration
heuristicreturnsbettersolvingtimesandsmallernumberof nodes. Themetricresourceadjustmentechnique
greatly helpsthe sum-actionheuristic,especiallyin the logisticsdomain,wherewithout it Sapacanhardly
solve the biggerproblems.We still do not have a clearanswerasto why the resource-adjustmeitéchnique
doesnot helpthe sum-duratiorheuristic.

Plan Quality: Table 3 shavs the numberof actionsin the solution and the duration (makespan)of the
solutionfor thetwo heuristicsanalyzedn Table2. Thesecateyoriescanbeseenasindicative of theproblem’s
difficulty, andthe quality of the solutions. By closely examiningthe solutionsreturned we found that the
solutionsreturnedby Sapahave quitegoodquality in thesensdhatthey rarelyhave mary irrelevantactions.
The absenceof irrelevant actionsis critical in the metric temporalplannersasit will both save resource
consumptiorand reduceexecutiontime. It is interestingto note herethat the temporalTLPlan[1], whose
searchalgorithmSapadaptsusuallyoutputsplanswith mary moreirrelevantactions.Interestingly Bacchus
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sum-act sum-actadjusted sum-dur sum-duradjusted
prob || #act| duration || #act | duration || #act| duration || #act| duration

zenol 5 320 5 320 5 320 5 320
zeno2 || 23 1020 23 950 - - - -
zeno3 || 22 890 13 430 13 450 17 400
zeno4 - - 13 430 13 450 17 400
zeno5 || 20 640 20 590 - - - -
zeno6 || 16 670 15 590 - - 14 440
zeno7 || 10 370 10 370 10 370 - -
zeno8 8 320 8 320 8 320 8 300
zeno9 || 14 560 13 590 13 460 13 430

log-p1 16 10.0 16 10.0 16 10.0 16 10.0
log_p2 || 22 18.875 22 18.875 22 18.875 - -

log_p3 - - 12 11.75 - - - -
log_p4 || 12 7.125 12 7.125 - - - -
log_p5 - - 16 14.425 - - - -
log_p6 - - 21 18.55 - - - -
log_p7 - - 27 24.15 - - - -
log_p8 - - 27 19.9 - - - -
log_p9 - - 32 26.25 - - - -

Table3: Numberof actionsandduration(makespanpf thesolutionsgeneratethy Sapan thezeno-flyingand
logisticsdomainswith sum-actiorandsum-duratiorheuristicswith/without resourceadjustmentechnique.

& Ady mentionthattheir solutionsarestill betterthanthe onesreturnedby LPSAT[20], which makesour
solutionsthatmuchmoreimpressve comparedo LPSAT.

The pure sum-actionheuristicwithout resourceadjustmennormally outputsplanswith slightly higher
numberof actions,andlonger makespanghanthe sum-duratiorheuristic. In somecasesthe sum-action
heuristicguidesthe searchinto pathsthat leadto very high makespanvalues,thusviolating the deadline
goals.After that,the plannerhashardertime gettingbackon theright track. Examplesof this arezeno-4and
log-p3which cannotbe solved with sum-actiorheuristicif the deadlinesareabout2 timessmallerthanthe
optimal makespan(becausdhe searchpathskeepextendingthe time beyond the deadlines).The resource
adjustmentechniquenotonly improvesthesum-actiorheuristicin solutiontimes,but alsogenerallyshortens
the makesparandoccasionallyreduceghe numberof actionsin the planaswell. As mentionedearliet the
adjustmentechniquegenerallydoesnot help the sum-duratiorheuristicsin solvingtime, but it doeshelp
reducethe makesparof the solutionin mostof the caseswheresolutionscanbe found. However, the setof
actionsin the planis generallystill the same which suggestshatthe adjustmentechniquedoesnot change
thesolution,but pushegheactionsupto anearlierpartof theplan. Thus,it favorstheexecutionof concurrent
actionsinsteadof usingthe specialactionadvance-timéo advancethe clock.

When implementingthe heuristics,one of the decisionswe hadto make was whetherto recalculate
the heuristicvalue whenwe advancethe clock, or to usethe samevalue as that of the parentnode. On
the surface, this problemlooks trivial andthe correctway seemsto be to recalculatethe heuristicvalues.
However, in practice, keepingthe parentnodes heuristicvalue whenwe advancethe clock always seems
to leadto solutionswith equalor slightly bettermakespan.We canexplain the improved makesparby the
factthatrecalculatingthe heuristicvalue normally favors the advance-clok actionby outputtinga smaller
heuristicvalue for it thanthe parent. Using mary suchadvance-clok actionswill leadto solutionswith
highermakesparvalues. The solving time comparisonis somavhat mixed. Keepingthe parentheuristics
valuespeedsup 6 of the 9 problemstestedin the logisticsdomainby averageof 2x andslows down about
1.5xin the 3 zeno-flyingproblems.We do not have a clearanswerfor the solutiontime differencesetween
the two approachesln the currentimplementatiorof Sapawe keepthe parentnodes heuristicvaluewhen
we adwvancetheclock.

Figure 6 shavs the comparisorresultsof Sapawith TGP[17 andTP4[7] on the setof 80 randomgen-
eratedtemporal(non-resourcelogisticsproblemswhich comewith TP4. Theresultsshowv thatwithoutthe
drive inter-city action (which is not allowed in the original logistics domain), Sapasolvesall 100% of the
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Figure6: Comparisorof Sapa TGP, andTP4 on the setof 80 randomtemporallogisticsproblems.A point
(z,y) onthecurveindicatesy percentagesf problemsweresolvedin z second®r less.

problemsvery fastwhile TGP peaksat around88%andTP4at 35%within thegiventime limit of 1000sec-
onds.If we allow thedrive inter-city action,which hasverylong durationcomparedo others, TGPandTP4

outputbetterresultswhile Sapasolveslessnumberof problemsin moretime. Neverthelessit's still be able

to solve the mostnumberof problemsn theallotedtime limit. In [4], we introducesomemoresophisticated
waysto derive the heuristicsn Sapa As theresult,Sapas ableto solve all 80 problemsin this suite,with or

without drive inter-city actionin lessthan100secondsFromthe planquality point of view, while TGP and

TP4 outputplanswith optimal makesparnvalues,Sapacurrently ouputssolutionswith the makesparvalues
averagingabout3x longerthanthe optimal solutions.Giventhe factthat Sapan mary timesput actionsnot

atthe earliesttime pointsthatthey canbe executedwe arecurrentlyinvestigatingsomepost-processingr

on-the-flyapproacheto reducethe makespan®f thefinal solutions.

5 Relatedwork

Therehave beenseveraltemporalplanningsystemsn theliteraturethatcanhandledifferenttypesof temporal
and resourceconstraints. Among them, plannerssuchas temporal TLPlan[1], Zeno[1], IxTeT[1d, and
HSTS[19 can solve problemsthat are similar to the one solved by Sapa Thereare also plannerssuch
asResource-IPP[Q TP4[7], TGP[17, and LPSAT[20] that can handlea subsetof the typesof problems
discussedh this paper

Closestto our work is the temporalTLPlan [1], which originatesthe algorithmto supportconcurrent
actionsin the forward statespacesearch.The critical differencebetweerthis plannerand Sapas thatwhile
temporalTLPlanis controlledby hand-codediomain-specificontrol rules, Sapausesdomain-independent
heuristics.Experimentaresultsreportedn [1] indicatethatwhile TemporalTLPlanis very fast,but it tends
to outputplanswith mary irrelevantactions.

Thereareseveralpartialorderplannerghatcanhandlevarioustypesof temporalandresourceconstraints.
Zeno[19 cansolve problemswith awide rangeof constraintsaswell asactionswith conditionalandquan-
tified effects. However, Zenolacks heuristiccontrol and scalespoorly. IxTeT[1( is anotherhierarchical
partialorderplannerthatcanhandlemary typesof temporalandresourceconstraintsMost of IXTeT’sinter-
estinginnovationshave beenaimedat on handlingdiscreteresourcesuchasrobotsor machinesout noton
metricresourcesHSTS[17 is a partial orderplannerthathasbeenusedto solve NASA temporalplanning
problems Like TLPlan,HSTSuseshand-codedlomaincontrolknowledgeto guideits searchparcPlan[11
is adomain-independenémporalplannerusingthe least-commitmenapproachparcPlarclaimsto be able
to handlearich setof temporalconstraintsput the experimentdn [11] do notdemonstratés expressieness
adequately

Resource-IPPRIPP)[9 is anextensionof theIPP plannerto dealwith durative actionsthatmayconsume
metricresourcesRIPPconsidergime asanotheitype of resourceandsolvesthetemporalplanningproblem
by assumingthat actionsare still instantaneousLike IPR, RIPPis basedon Graphplan[2 algorithm. A
limited empiricalevaluationof RIPPis reportedn [9]. TP4[7] by Haslumn& Geffneris arecentplannerthat
employs backward chainingstatespacesearchwith temporalor resourceelatedadmissiblenheuristics. The
resultsof TP4arepromisingin asubsebf temporalplanningproblemswvheredurationsaremeasuredh unit
time, andresourceslecreasenonotonically

Thereare several plannersin the literaturethat handleeithertemporalor resourceconstraintgbut not
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both). TGP[17 is atemporalplannerbasedon the Graphplaralgorithm. TGP extendsthe notion of mutual
exclusionrelationsin the Graphplaralgorithmto allow constraintdetweeractionsandpropositions RTPG
canbeseerasarelaxedversionof theplanninggraphthatTGPuses While TGP might provide betterbounds
onslacksandtimesof achiezementijt is alsocostlierto compute.Costof computatioris especiallycritical as
Sapawvould have to computethe planninggraphoncefor eachexpandedsearchmode.lt is neverthelessvorth
investigatinghe overall effectivenes®of heuristicderivedfrom TGP’s temporalplanninggraph.LPSAT[20]
canhandlemetric resourceconstraintdy combiningSAT andlinear programming.As notedin Section4,
LPSAT seemgo suffer from poorquality plans.

6 Conclusionand futur e work

In this paperwe describedSapaa domain-independefiorwardchainingheuristictemporalplannerthatcan
handlemetricresourceconstraintsactionswith continuousduration,anddeadlinegoals. Sapadoesforward
searchin the spaceof time-stampedtates. Our main focushasbeenon developing effective heuristicsto
control the search.We considereoth satisficingand optimizing searchscenariosand proposedeffective
heuristicsfor both. Ourheuristicsarebasedntherelaxedtemporalplanninggraphstructure For optimizing
searchwe introducedadmissiblenheuristicsfor objective functionsbasedon the makesparandslackvalues.
For satisficingsearchwe looked at heuristicssuchassum-actiorandsum-durationthatarebasedon plans
derivedfrom RTPG. Thesewerefoundto be quite efficient in termsof planningtime. We alsopresentedh
novel techniqueto improve the heuristicvaluesby reasoningaboutthe metricresourceconstraints.Finally,
we provided an extensive empirical evaluationdemonstratinghe performanceof Sapain several metric
temporalplanningdomains.

In the nearterm, we intendto investigatethe problemof finding betterrelaxed planswith regardto the
resourceand temporalconstraintsof actionsin the domain. We are interestedn how to usethe resource
time mapsdiscussedn [9] in constructingthe relaxed plan. Moreover, we wantto usethe binary mutex
information, a la TGP [17] to improve heuristicsin both optimizing and satisficingsearches.Our longer
termplansincludeincorporatingSapan aloosely-coupledirchitecturdo integrateplanningandscheduling,
whichwill bethelogical continuationof our work with the Realplarsystem[19.
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