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Abstract

Many real world planningproblemsrequiregoalswith deadlinesanddurative actionsthat consume
resources.In thispaper, wepresentSapa, adomain-independentheuristicforwardchainingplannerthatcan
handledurativeactions,metricresourceconstraints,anddeadlinegoals.Themaininnovationof Sapais the
setof distancebasedheuristicsit employs to controlits search.Weconsiderbothoptimizingandsatisficing
search.For the former, we identify admissibleheuristicsfor objective functionsbasedon makespanand
slack. For satisficingsearch,our heuristicsare aimedat scalability with reasonableplan quality. Our
heuristicsarederived from the “relaxed temporalplanninggraph” structure,which is a generalizationof
planninggraphsto temporaldomains. We alsoprovide techniquesfor adjustingthe heuristicvaluesto
accountfor resourceconstraints.Our experimentalresultsindicatethatSapareturnsgoodqualitysolutions
for complex planningproblemsin reasonabletime.

1 Intr oduction

For mostrealworld planningproblems,theSTRIPSmodelof classicalplanningwith instantaneousactionsis
inadequate.We normallyneedplanswith durativeactionsthatexecuteconcurrently. Moreover, actionsmay
consumeresourcesandtheplansmayneedto achieve goalswithin givendeadlines.While therehave been
efforts aimedat building metric temporalplannersthatcanhandledifferenttypesof constraintsbeyondthe
classicalplanningspecifications[15, 10, 12], mostsuchplannerseitherscaleup poorly or needhand-coded
domaincontrolknowledgeto guidetheir search.Thebiggestproblemfacedby existing temporalplannersis
thusthecontrolof search(c.f. [18]). Accordingly, in thispaper, weaddresstheissuesof domainindependent
heuristiccontrolfor metrictemporalplanners.

At first blush searchcontrol for metric temporalplannerswould seemto be a very simple matterof
adaptingthe work in heuristicplannersin classicalplanning[3, 13, 8]. The adaptationhowever doespose
several challenges.To begin with, metric temporalplannerstendto have significantlylargersearchspaces
thanclassicalplanners. After all, the problemof planningin the presenceof durative actionsandmetric
resourcessubsumesboththeclassicalplanningandschedulingproblems.Secondly, theobjectiveof planning
maynot belimited to simplegoalsatisfaction,andmayalsoincludeoptimizationof theassociatedschedule
(suchasmaximumlateness,weightedtardiness,weightedcompletiontime,resourceconsumptionetc. [16]).
Finally, thepresenceof metricandtemporalconstraints,in additionto subgoalinteractions,opensup many
morepotentialavenuesfor extractingheuristics(basedon problemrelaxation).Thus,thequestionof which
relaxationsprovidebestheuristicshasto becarefullyinvestigated.

In thispaper, wepresentSapa, aheuristicmetrictemporalplannerthatwearecurrentlydeveloping.Sapa
is a forwardchainingmetric temporalplanner, whosebasicsearchroutinesareadaptedfrom Bacchusand
Ady’s[1] recentwork ontemporalTLPlan.Weconsideraforwardchainingplannerbecauseof theadvantages
offeredby thecompletestateinformationin handlingmetricresources[18]. Unlike temporalTLPlan,which�

WethankDavid E. Smith,TerryZimmermanandthreeanonymousreviewersfor usefulcommentsontheearlierdraftsof thispaper.
WealsothankPatrick Haslumfor hishelpswith theTP4planner. This researchis supportedin partby theNSFgrantIRI-9801676,and
theNASA grantsNAG2-1461andNCC-1225.

1



Refuel(Airplane,B)

Fast-flight(B,C)

A C
1000

Airplane

Init Goals Deadline

t0 t1 t2 t3 t4 t5 tg

B

Sample Problem Description

1200 At(Person2,C)
Goals:  At(Person1,C)

Person2

Person1

Board(P1) Slow-flight(A,B) Board(P2) Deplane(P1)

Deplane(P2)

t6

Solution for the Sample Problem

Figure1: Sampleproblemdescriptionandits solution

reliesonhand-codedcontrolknowledgeto guidetheplanner, theprimaryfocusof ourwork is ondeveloping
distancebasedheuristicsto guidethe search.In Sapa, we estimatethe heuristicvaluesby doing a phased
relaxation:we first derived heuristicsfrom a relaxationthat ignoresthe deleteeffectsandmetric resource
constraints,andthenadjusttheseheuristicsto betteraccountfor resourceconstraints.In thefirst phase,we
useageneralizationof theplanninggraphs[2], calledrelaxedtemporalplanninggraphs(RTPG),asthebasis
for deriving theheuristics.Our useof planninggraphsis inspiredby (andcanbeseenasanadaptationof)
the recentwork on AltAlt [13] andFF [8]. We considerboth optimizing andsatisficingsearchscenarios.
For theformer, wedevelopadmissibleheuristicsfor objectivefunctionsbasedonmakespanor slack.For the
latter, we developvery effective heuristicsthat usethe characteristicsof a “relaxed” plan derived from the
planninggraphs.Finally, we presenta way of improving the informednessof our heuristicsby accounting
for theresourceconstraints(which areignoredin constructingtherelaxedplanninggraphs).

Sapais implementedin Java. Our empirical studiesindicatethat Sapacan solve planningproblems
with complex temporalandresourceconstraintsquite efficiently. Sapaalsoreturnsgoodquality solutions
with shortmakespansandvery few irrelevant actions. This is particularlyencouraginggiven that tempo-
ral TLPlan, the leadingcontenderof Sapathat useshand-codedcontrol knowledge,tendsto outputmany
irrelevantactions.

The restof this paperdescribesthe developmentandevaluationof Sapa. We start in Section2 with a
discussionof actionrepresentationandthegeneralsearchalgorithmusedin Sapa. In Section3, we present
therelaxedplanninggraphstructureanddiscussdifferentheuristicsextractedfrom it. We alsodescribehow
to adjusttheheuristicvaluesbasedonthemetricresourceconstraints.Wepresentempiricalresultsin Section
4 andconcludethepaperwith a discussionof relatedwork andfuturework in Sections5 and6.

2 Handling concurrent actionsin a forward statespaceplanner

Sapaaddressesplanningproblemsthatinvolvedurativeactions,metricresources,anddeadlinegoals.In this
section,we describehow suchplanningproblemsarerepresentedandsolvedin Sapa. We will first describe
theactionrepresentation,andwill thenpresenttheforwardchainingstatesearchalgorithmusedby Sapa.

To illustratetherepresentationandthesearchalgorithmusedin Sapa, we will usea smallexamplefrom
the flying domaindiscussedin [15]. In this domain,which we call zeno-flying, airplanesmove passengers
betweencities.An airplanecanchoosebetween“slow flying” and“f astflying” actions.“Slow flying” travels
at 400 miles/hrandconsumes1 gallon of fuel for every 3 miles. “Fastflying” travels at 600 miles/hrand
consumes1 gallon of fuel every 2 miles. Passengerscan be boarded in 30 minutesand deplanedin 20
minutes.Thefuel capacityof theairplaneis 750gallonsandit takes60minutesto refuelit. Figure1 showsa
simpleproblemfrom thisdomainthatwewill useasarunningexamplethroughoutthepaper. In thisproblem,
Person1andtheAirplaneareat cityA, Person2is at cityB andtheplanehas500gallonsof fuel in theinitial
state.The goalsareto get bothPerson1andPerson2to cityC in 6.5 hours. Onesolutionfor this problem,
shown in the lower half of Figure1, involvesfirst boarding Person1at cityA, andthenslow-flyingto cityB.
While boarding Person2at cityB, we canrefueltheplaneconcurrently. After finishingrefueling,theplane
will haveenoughfuel to fast-flyto cityC anddeplanethetwo passengers.
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(:actionBOARD
:parameters
(?person- person?airplane- plane?city - city)
:duration(st,+ st30)
:precondition
(and(at ?person?city) - (st,st)

(in-city ?airplane?city) - (st,et))
:effect
(and(not (at?person?city)) - st

(in ?person?airplane)- et))

(:actionSLOW-FLYING
:parameters
(?airplane- plane?city1- city ?city2- city)
:duration
(st,+ st (/ (distance?city1?city2)

(slow-speed?airplane)))
:precondition
(and(in-city ?airplane?city1)- (st,st)

( � (fuel ?airplane)0) - (st,et))
:effect
(and(not (in-city ?airplane?city1))- st

(in-city ?airplane?city2)- et
(-= (fuel ?airplane)

(* #t (sf-fuel-cons-rate?airplane)))- #t))

Figure2: Examplesof actiondescriptionsin Sapa

2.1 Action representation

Planningis theproblemof finding a setof actionsandtheir respective executiontimesto satisfyall causal,
metric, and resourceconstraints.Therefore,action representationhasinfluenceson the representationof
the plansandon the planningalgorithm. In this section,we will discussthe actionrepresentationusedin
Sapa. Our representationis influencedby thePDDL+ languageproposal[5] andtherepresentationsusedin
Zeno[15] andLPSAT[20] planners.

Unlikeactionsin classicalplanning,in planningproblemswith temporalandresourceconstraints,actions
arenotinstantaneousbut havedurations.Theirpreconditionsmayeitherbeinstantaneousordurativeandtheir
effectsmayoccurat any time point during their execution. EachactionA hasa duration ��� , startingtime� � , andendtime ( 	
��� � ��
���� ). The valueof ��� canbe staticallydefinedfor a domain,statically
definedfor a particularplanningproblem,or canbedynamicallydecidedat the time of execution.1 Action
A have preconditions����������� thatmayberequiredeitherto beinstantaneouslytrueat thetime point

� � , or
requiredto be truestartingat

� � andremaintrue for someduration ������� . The logical effectsEff(A) of
A will bedividedinto threesets	� !�"�#� , 	%$������ , and 	
&��"�(')��� containingrespectively instantaneouseffects
at time points

� � , 	
� and
� �*
+� ( ,�-.�/-.��� ). Figure 2 illustratesthe actualrepresentationsused

in Sapafor actionsboarding andslow-flyingin the zeno-flyingdomain. Here,st andet denotethe starting
andendingtime pointsof anaction,while #t representsa time instantbetweenst andet. While the action021!3 �!�547698:�<;=�>�@? 1 6A' 3 47�B;DC 3 6E�F'HG247IKJL� requiresa personto beat the locationcity only at its startingtime point
st, it requiresan airplaneto stay therethe durationof its execution. This action causesan instanteffect
�M6 1 IN� 3 IN��O);D�P�@? 1 6A'HOPG247IKJQ�R�R� at thestartingtime pointst andthedelayedeffect 476S��O);=�>�@? 1 6A'HO 3 47�B;DC 3 6E�!� at the
endingtimepoint et.

Actions can also consumeor producemetric resourcesand their preconditionsmay also well depend
on the valueof the correspondingresource.For resourcerelatedpreconditions,we allow several typesof
equality or inequality checkingincluding ==, - , T , - =, T =. For resource-relatedeffects, we allow the
following typesof change(update):assignment(=),increment(+=),decrement(-=),multiplication(*=), and
division(/=). In Figure2, theactionslow-flyingrequiresthefuel level to begreaterthanzeroover theentire
durationof executionandconsumesthefuel at a constantratewhile executing.

Currentlywe only modeland testdomainsin which effectsoccurat the start or end time points,and
preconditionsarerequiredto betrueat thestartingpoint or shouldhold truethroughoutthedurationof that
action. Nevertheless,the searchalgorithmandthe domainrepresentationschemausedin Sapaaregeneral
enoughto representandhandleactionswith effectsoccurringat any time point during their durationsand
preconditionsthatarerequiredto hold true for any arbitrarydurationbetweenthestartandendtime points
of an action. In the nearfuture,we intendto testour plannerin domainsthat have moreflexible temporal
constraintson thepreconditionsandeffectsof actions.

1For example,in thezeno-flyingdomaindiscussedearlier, we candecidethatboardinga passengeralwaystakes10 minutesfor all
problemsin this domain. Durationof the actionof flying an airplanebetweentwo cities will dependon the distancebetweenthese
two cities. Becausethedistancebetweentwo citieswill not changeover time, thedurationof a particularflying actionwill be totally
specifiedonceweparsetheplanningproblem.However, refuelinganairplanemayhaveadurationthatdependsonthecurrentfuel level
of thatairplane.We mayonly beableto calculatethedurationof a given refuelingactionaccordingto the fuel level at theexact time
instantwhenweexecutethataction.
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2.2 A forward chaining search algorithm

Eventhoughvariationsof theactionrepresentationschemedescribedin theprevioussectionhavebeenused
in thepartialordertemporalplannerssuchasIxTeT[10] andZeno[15] before,BacchusandAdy [1] arethe
first to proposea forwardchainingalgorithmcapableof usingthis type of actionrepresentationandallow
concurrentexecutionof actionsin theplan.We adapttheir searchalgorithmin Sapa.

Beforegoinginto thedetailsof thesearchalgorithm,weneedto describesomemajordatastructuresthat
areused. Sapa’s searchis conductedthroughthe spaceof time stampedstates.We definea time stamped
stateU asa tuple UWVYX"Z\[B]+[)^([H_�[)`Ra consistingof thefollowing structure:

b Z+VYXRc<d=eR[)`fehgji!`feAk*`Ra is asetof predicatesd=e thataretrueat t andthelasttime instant̀fe atwhich they
areachieved.2

b M is a set of valuesof all functionsrepresentingall the metric-resourcesin the planningproblem.
Becausethe continuousvaluesof resourcelevels may changeover the courseof planning,we use
functionsto representtheresourcevalues.

b ^ is a setof persistentconditions,suchasactionpreconditions,that needto be protectedduring a
periodof time.

b Q is aneventqueuecontainingasetof updateseachscheduledto occurataspecifiedtimein thefuture.
An eventecandooneof threethings:(1) changetheTrue/Falsevalueof somepredicate,(2) updatethe
valueof somefunctionrepresentingametric-resource,or (3) endthepersistenceof somecondition.

b ` is thetimestampof U
In this paper, unlessnotedotherwise,whenwe say“state” we meana time stampedstate. It shouldbe

obviousthattimestampedstatesdonot justdescribeworld states(or snapshotsof theworld ata givenpoint
of time)asdonein classicalprogressionplanners,but ratherdescribeboththestateof theworld andthestate
of theplanner’ssearch.

The initial state U eml@emn is stampedat time 0 andhasan emptyevent queueandemptysetof persistent
conditions.However, it is completelyspecifiedin termsof functionandpredicatevalues.In contrast,thegoals
do not have to betotally specified.Thegoalsarerepresentedby a setof o 2-tuplespYVqXRcrd9s@[R`)stg2uvumuwc<d l [R` l gRa
wherepe is the x n"y goaland ` e is thetime instantby which d e needsto beachieved.
Goal Satisfaction: The state UzV{X�Z\[H]+[)^([H_�[)`Ra subsumes(entails)the goal G if for each crd e [R` e g}|/p
either:

1. ~:c<d e [R`h�Pgj|�Z , `h��k�` e andthereis no eventin Q thatdeletesd e .
2. Thereis anevent ��|�_ thataddsdDe at time instant̀R�%k�`fe .

Action Application: An actionA is applicablein stateU�V�X�Z\[H]+[)^([H_�[)`Ra if:

1. All instantaneouspreconditionsof A aresatisfiedby P andM.

2. A’seffectsdo not interferewith any persistentconditionin ^ andany eventin Q.

3. No eventin Q interfereswith persistentpreconditionsof A.

Whenwe applyanactionA to a stateU�V�X"Z\[B]+[)^([H_�[)`Ra , all instantaneouseffectsof A will be imme-
diatelyusedto updatethepredicatelist P andmetricresourcesdatabaseM of S. A’s persistentpreconditions
anddelayedeffectswill beput into thepersistentconditionset ^ andeventqueueQ of S. For example,if we
applyactionBoard(P1,airplane)to theinitial stateof our runningexamplein Figure1, thenthecomponents
of resultingstateSwill becomeZ�V+��c"�%`NX"�Fx7�Hd=�"�FoE�F[)�#a2[R`K��g2[�c"��oSX"Z��5[H�Fxh�Bd=�"�FoE�!a2[R`K�Pg2[�c��
`NX�Z��L[)��a2[)`K��g2� , M
= � Fuel(airplane)=500� , ^�V��Fc��
`NX"�Fx7�BdD����oE�F[H��a2[)`)s2gB� , and _�V��Fc"��oSX"Z���[)�Fx7�BdD�"�FoE�!a2[)`)sBgB� .

Besidesthe normalactions,we will have onespecialactioncalledadvance-time3 which we useto ad-
vancethe time stampof S to the time instant ` � of the earliestevent � in the event queueQ of S. The

2For example,at time instant �7� in Figure1, ���� t¡v¢£�7¤v¥N¦w§K¨@©m¥Nª�«N¬7¢®­K¬��M¯N°7¬)¡v¢£�7¤v�A«)§N±R²Hª�³P¬h´S­7¬7�M¯N°7¬)¡vµ2ªD¤v�A«)§N±R²HªD¶2¬M�7�)­"°h·
3Advance-timeis calledunqueue-event in [1]
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StateQueue:SQ= ¸ S¹mº5¹r»H¼
while SQ½¾ ¸�¼

S:= Dequeue(SQ)
Nondeterministically selectA

applicablein S
S’ := Apply(A,S)
if S’ ¿ ¾ G then

PrintSolution
elseEnqueue(S’,SQ)

endwhile;

Figure3: Main searchalgorithm

advance-timeactionwill beapplicablein any stateS thathasa non-emptyeventqueue.Uponapplyingthis
action,we updatestateSaccordingto all theeventsin theeventqueuethatarescheduledto occurat ÀRÁ .

Noticethatwe do not consideractionA to beapplicableif it causessomeevente that interfereswith an
event Â�Ã in the eventqueue,even if e and Â�Ã occurat differenttime points. We believe thateven thoughan
event hasinstanteffect, thereshouldbe someunderlyingprocessthat leadsto that effect.4 Therefore,we
feel that if two actionscauseinstanteventsthat arecontradictingwith eachother, theneven if the events
occur at different time points, the underlyingprocessessupportingthesetwo eventsmay contradicteach
other. Thus,thesetwo actionsarenot allowed to executeconcurrently. Our approachcanbeconsideredas
having a hold process[6] extendingfrom thestartingpoint of anactionto the time point at which anevent
occurs. The hold processprotectsthat predicatefrom violationsby conflicting eventsfrom otheractions.
Thisalsomeansthateventhoughaneffectof agivenactionA appearsto changethevalueof a predicateata
singletime point t, we implicitly needa durationfrom thestartingpoint st of A to t for it to happen.We are
currentlyinvestigatingapproachesto representconstraintsto protecta predicateor resourcemoreexplicitly
andflexibly. Additionally, in handlingmetric resourceinteractionsbetweentwo actions,Sapafollows an
approachsimilar to the onesusedby Zeno[15] andRIPP[9]: it doesnot allow two actionsthat accessthe
samemetric resourceto overlapwith eachother. By not allowing two actionsaffecting the sameresource
to overlap,we cansafelychangethe resourcecondition that needsto be preserved during an actionto be
an instantaneousconditionor an updateat the startor endpoint of thataction. For example,the condition
that the fuel level of an airplaneshouldbe higher than0 while flying betweentwo cities, canbe changed
to a checkto seeif the level of fuel it hasat thebeginningof theactionis higherthantheamountthatwill
beconsumedduringthecourseof thataction. This helpsin simplifying thesearchalgorithm. In future,we
intendto investigateotherwaysto relaxthis typeof resourceinteractionconstraints.
Searchalgorithm: Thebasicalgorithmfor searchingin thespaceof timestampedstatesis shown in Figure3.
Weproceedby applyingall applicableactionsto thecurrentstateandputtheresultstatesinto thesortedqueue
usingthe Ä�ÅEÆ�Ç9Â>Ç9Â�È�É function.The ÊËÂ�Æ�Ç9ÂPÇ=Â�È�É functionis usedto takeoutthefirst statefrom thestatequeue.
Currently, Sapaemploys theA* search.Thus,thestatequeueis sortedaccordingto someheuristicfunction
thatmeasuresthedifficulty of reachingthegoalsfrom thecurrentstate.Therestof thepaperdiscussesthe
designof heuristicfunctions.

3 Heuristic control

For any typeof plannerto work well, it needsto bearmedwith goodheuristicsto guidethesearchin theright
directionandto prunethebadbranchesearly. Comparedwith heuristicforwardchainingplannersin classical
planning,Sapahasmany morebranchingpossibilities.Thus,it is evenmorecritical for Sapato have good
heuristicguidance.

Normally, thedesignof theheuristicsdependson theobjective functionthatwe wantto optimize;some
heuristicsmay work well for a specificobjective function but not others. In a classicalplanningscenario,
whereactionsare instantaneousand do not consumeresources,the quality metricsare limited to a mere
countof actionsor theparallelexecutiontimeof theplan.Whenweextendtheclassicalplanningframework
to handledurative actionsthat may consumeresources,the objective functionsneedto take into account

4For example,theboarding actionwill causetheevent of thepassengerbeinginsidetheplaneat theendof thataction. However,
thereis anunderlyingprocessof takingthepassengerfrom thegateto insidetheplanethatwearenotmentioningabout.
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Heuristic Objective Function Basis Adm. Useres-infor
Max-span minimizemakespan RTPG Yes No
Min-slack maximizeminimumslack RTPG Yes No
Max-slack maximizemaximumslack RTPG Yes No
Sum-slack maximizesum-slack RTPG Yes No
Sum-action minimizenumberof actions relaxedplan No No

Sum-duration minimizesumof actiondurations relaxedplan No No
Adj. sum-act. minimizenumberof actions relaxedplan No Yes
Adj. sum-dur. minimizesumof actiondurations relaxedplan No Yes

Table1: Differentheuristicsinvestigatedin Sapa. Columnstitled “objective function”, “basis”, “adm” and
“useres-infor” show respectively the objective functionaddressedby eachheuristic,thebasisto derive the
heuristicvalues,theadmissibilityof theheuristic,andwhetheror not resource-relatedinformationis usedin
calculatingtheheuristicvalues.

other quality metricssuchas the makespan,the amountof slack in the plan and the amountof resource
consumption.Heuristicsthatfocuson thesericherobjectivefunctionswill in effectbeguidingbothplanning
andschedulingaspects.Specifically, they needto controlbothactionselectionandtheactionexecutiontime.5

In this paper, weconsiderbothsatisficingandoptimizingsearchscenarios.In theformer, our focusis on
efficiently finding a reasonablequality plan. In the later, we areinterestedin the optimizationof objective
functionsbasedon makespan,or slackvalues.We will developheuristicsfor guidingboth typesof search.
Table1 providesahigh level characterizationof thedifferentheuristicsinvestigatedin thispaper, in termsof
theobjective functionsthatthey areaimedat,andtheknowledgeusedin deriving them.

For any typeof objective function,heuristicsaregenerallyderivedfrom relaxedproblems,with theun-
derstandingthat themoreconstraintswe relax,thelessinformedtheheuristicbecomes[14]. Exploiting this
insight to control a metric temporalplannerbringsup the questionof what constraintsto relax. In classi-
cal planning,the “relaxation” essentiallyinvolvesignoringprecondition/effect interactionsbetweenactions
[3, 8]. In metric-temporalplanning,wecannotonly relaxthelogical interactions,but alsothemetricresource
constraints,andtemporaldurationconstraints.

In Sapa, weestimatetheheuristicvaluesby doingaphasedrelaxation:wefirst relaxthedeleteeffectsand
metric resourceconstraintsto computethe heuristicvalues,andthenmodify thesevaluesto betteraccount
for resourceconstraints.In thefirst phasewe usea generalizationof theplanninggraphs[2], calledrelaxed
temporalplanninggraphs(RTPG), as the basisfor deriving the heuristics. Our useof planninggraphsis
inspiredby (andcanbeseenasanadaptationof) therecentwork onAltAlt [13] andFF[8]. TheRTPGstruc-
turesaredescribedin Section3.1,andSections3.2and3.3describetheextractionof admissibleandeffective
heuristicsfrom theRTPG.Finally, in Section3.4,we discussa techniquefor improving theinformednessof
our heuristicsby adjustingtheheuristicvaluesto accountfor theresourceconstraints(which areignoredin
theRTPG).

3.1 Building the relaxedtemporal planning graph

All our heuristicsarebasedon therelaxedtemporalplanninggraphstructure(RTPG).This is a Graphplan-
style[2] bi-level planninggraphgeneralizedto temporaldomains. Given a state ÌqÍÏÎ�Ð\ÑHÒ+ÑHÓ�ÑHÔÕÑRÖR× , the
RTPG is built from Ì usingthe setof relaxed actions,which aregeneratedfrom original actionsby elim-
inating all effectswhich (1) deletesomefact (predicate)or (2) reducethe level of someresource.Since
deleteeffectsareignored,RTPGwill not containany mutex relations,which considerablyreducesthecost
of constructingRTPG.Thealgorithmto build the RTPG structureis summarizedin Figure4. To build the
RTPG,weneedthreemaindatastructures:a factlevel, anactionlevel, andanunexecutedeventqueue.6 Each
fact f or actionA is marked in, andappearsin theRTPG’s fact/actionlevel at time instant ÖRØ / ÖfÙ if it canbe
achieved/executedat ÖRØ / ÖfÙ . In thebeginning,only factswhichappearin P aremarkedin at t, theactionlevel
is empty, andtheeventqueueholdsall theunexecutedeventsin Q thataddnew predicates.Action A will be
marked in if (1) A is not alreadymarked in and(2) all of A’s preconditionsaremarked in. WhenactionA is

5In [18], Smithet. al. discussthe importanceof thechoiceof actionsaswell astheorderingbetweenthemin solvingcomplicated
realworld planningproblemsinvolving temporalandresourceconstraints.

6Unlike theinitial state,theeventqueueof thestateS from whichwebuild theRTPGmaybe.
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while(true)
forall A ÚÛ advance-timeapplicablein S

S := Apply(A,S)
if S Ü Û G then TerminateÝ solutionÞ

S’ := Apply(advance-time,S)
if ßÕàráDâ)ãRäfâ7å2æ G suchthat

t â®ç Time(S’)andpâ�èæ S then
TerminateÝ non-solutionÞ

elseS := S’
endwhile;

Figure4: Algorithm to build therelaxedtemporalplanninggraphstructure.

in, thenall of A’sunmarkedinstantaddeffectswill alsobemarkedin at t. Any delayedeffecteof A thatadds
factf is put into theeventqueueQ if (1) f is not marked in and(2) thereis noevent éPê in Q thatis scheduled
to happenbeforee andwhich alsoaddsf. Moreover, whenanevente is addedto Q, we will takeout from Q
any event é�ê which is scheduledto occuraftere andalsoaddsf.

Whenthereareno moreunmarkedapplicableactionsin S, we will stopandreturnno-solutionif either
(1) Q is emptyor (2) thereexists someunmarkedgoal with a deadlinethat is smallerthanthe time of the
earliestevent in Q. If noneof thesituationsabove occurs,thenwe will applyadvance-timeactionto S and
activateall eventsat time point äRëKì of theearliestevente’ in Q. Theprocessabove will berepeateduntil all
thegoalsaremarkedin or oneof theconditionsindicatingnon-solutionoccurs.Figure5 showstheRTPGfor
thestateSat timepoint ä)í (referto Figure1) afterweapplyactionBoard(P1)to theinitial stateandadvance
theclock from äKî to ä)í .

In Sapa, theRTPGis usedto:

ï Prunethestatesthatcannot leadto any solution.

ï Usethe time pointsat which goalsappearin theRTPGasthe lower boundson their time of achieve-
mentsin therealplans.

ï Build a relaxedplanthatachievesthegoals,which canthenbeusedasa basisto estimatethedistance
from ð to thegoals.

For the first task,we will prunea stateif thereis somegoal àrá â ãRä â å suchthat á â doesnot appearin the
RTPGbeforetimepoint ä â .
Proposition 1: Pruning a stateaccording to the relaxedtemporal planninggraph (RTPG)preservesthe
completenessof theplanningalgorithm.

Theproof is quitestraightforward. Sincewe relaxedthedeleteeffectsandresourcerelatedconstraints
of all the actionswhen building the graphstructure,and appliedall applicableactionsto eachstate,the
time instantat which eachpredicateappearsin theRTPGis a lower boundon its real time of achievement.
Therefore,if wecannotachievesomegoalontimein therelaxedproblem,thenwedefinitelywill notbeable
to achievethatgoalwith thefull setof constraints.

In thenext severalsections,we will discussthesecondtask,thatof deriving differentheuristicfunctions
from theRTPGstructure.

3.2 Admissible heuristicsbasedon action durations and deadlines

In this section,we will discusshow several admissibleheuristicfunctionscanbe derived from the RTPG.
First, from theobservationthatall predicatesappearat theearliestpossibletimein therelaxedplangraph,we
canderiveanadmissibleheuristicwhich canbeusedto optimizethemakespanof thesolution.Theheuristic
is definedasfollows:
Max-span heuristic: Distancefrom a stateto the goalsis equalto the lengthof the duration betweenthe
time-instantof that stateandthetimethelastgoal appears in theRTPG.

Themax-spanheuristicis admissibleandcanbeusedto find thesmallestmakespansolutionfor theplan-
ning problem.Theproof of admissibilityis basedon thesameobservationmadein theproof of Proposition
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Figure5: Samplerelaxedtemporalplanninggraphfor durative actions.Shadedactionsaretheonesappear
in therelaxedplan.

1. Becauseall thegoalsappearin theRTPGat thetime instantsthatarelower boundson thetheir real time
of achievements,thetime instantat which thelastgoalappearsin theRTPGwill bethelower boundon the
actualtime point at which we canachieve all the goals. Thus,it is a lower boundon the makespanof the
solution.

The max-spanheuristicdiscussedso far canbe thoughtof asa generalizedversionof the max-action
heuristicusedin HSP[3] or max-level heuristicin AltAlt [13]. Oneof the assumptionsin classicalplan-
ning is that the goalshave no deadlinesandthey needonly beachievedby the endof the plan. Therefore,
all heuristicsconcentrateon measuringhow far the currentstateis to the point by which all the goalsare
achieved.However, in temporalplanningwith deadlinegoals,wecanalsomeasurethe‘slack’ valuesfor the
goalsasanotherplanquality measurement(whereslackis thedifferencein time betweenwhenthegoalwas
achievedin thepaln,andthedeadlinespecifiedfor its achievement).Theslackvaluesfor agivensetof goals
canalsobe a goodindicationon how hardit is to achieve thosegoals,andthus,how hardit is to solve a
planningproblemfrom a givenstate.Moreover, slack-basedobjective functionsarecommonin scheduling.

Wewill considerobjectivefunctionsto maximizetheminimum,maximum,or summationof slackvalues
of all thegoalsfor thetemporalplanningproblems.In ourcase,theslackvaluefor agivengoal ñ is estimated
from the RTPG by taking the differencebetweenthe time instantat which ñ appearsin the RTPG andits
deadline.We now presentadmissibleheuristicsfor thesethreeslackbasedobjective functions.
Min-slack heuristic: Distancefroma stateto thegoalsis equalto theminimumof theslack estimatesof all
individualgoals.7

Max-slack heuristic: Distancefrom a stateto the goalsis equalto the maximumof slack estimatesof all
individualgoals.
Sum-slackheuristic: Distancefroma stateto thegoalsis equalto thesummationof slack estimatesfor all
individualgoals.

The min-slack,max-slack,and sum-slackheuristicstarget the objective functionsof maximizing the
minimum slack, maximumslack, and the summationof all slack values. The admissibility of the three
heuristicsfor the respective objective functionscanbe proven using the sameargumentwe madefor the
max-spanheuristic. Specifically, we usethe observation thatall goalsappearin the RTPG at time instants
earlierthantheactualtimeinstantsatwhich they canbeachieved,to provethattheslackestimatedcalculated
usingtheRTPGfor any goalwill betheupperboundon its actualslackvaluefor thenon-relaxedproblem.

3.3 Heuristics for efficient satisficingsearch

Wenow focusonefficiently findingreasonablequalityplans.In thelastsection,wediscussedseveraladmis-
sibleheuristicswhich canbeusedto find optimalsolutionaccordingto someobjective functions.However,
admissibleheuristicssuchasmax-spanandslack-basedheuristicsareonly concernedaboutthetime points
at which goalsareachieved,andnot thelengthof theeventualplan. In classicalplanning,heuristicsthatuse
anestimateon thelengthof theplanhave beenshown to bemoreeffective in controllingsearch[8, 13]. To

7If all thegoalshave thesamedeadlines,thenmaximizingtheminimumslackis equalto minimizing themakespanof theplanand
thetwo heuristicvalues(max-spanandmin-slack)canbeusedinterchangably.
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estimatethelengthof thesolution,theseplannerstypically usea valid planextractedfrom therelaxedplan-
ning graph(therelaxationtypically involvesignoringnegative interactions).We canusea similar heuristic
for temporalplanning.
Sum-action heuristic: Distancefrom a stateto the goals is equalto the numberof actionsin the relaxed
plan.

Therelaxedplancanbebuilt backwardfrom thegoalsin amannernearlyidenticalto theprocedureused
in Graphplanalgorithm[2] in classicalplanning. We first startwith the goalsandaddactionsthat support
themto the solution. If we addanactionto thesolution,thenits preconditionsarealsoaddedto the setof
currentgoals.Thesearchcontinuesuntil we “reach” the initial state(i.e thegoalsareentailedby the initial
state).In our continuingexample,theshadedactionsin Figure5 aretheonesthatappearin therelaxedplan
whenwesearchbackward.

Finally, sinceactionshave differentdurations,thesumof thedurationsof actionsin the relaxedplan is
anotherway to measurethedifficulty in achieving thegoals.
Sum-duration heuristic: Distancefroma stateto thegoalsis equalto thesumof 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-actionandsum-duration
will performexactly thesame.Neitherof theseheuristicsareadmissible;searchesusingthesum-actionor
sum-durationheuristicsdonotguaranteeto returnthesolutionswith smallestnumberof actions,or solutions
with smallestsummationof actiondurations.Thereasonis that thesetwo heuristicshave their valuesbased
on a first (relaxed) plan found. Thereis no guaranteethat that first relaxed plan will be smallerthan the
smallestreal (non-relaxed)plan in termsof numberof actions,or summationof durationsof actionsin the
plan.

3.4 Using metric resourceconstraints to adjust heuristic values

The heuristicsdiscussedin the last two sectionshave usedthe knowledgeaboutdurationsof actionsand
deadlinegoalsbut not aboutresourceconsumption.By ignoringthe resourcerelatedeffectswhenbuilding
the relaxed plan, we may misscountingactionswhoseonly purposeis to give sufficient resource-related
conditionsto otheractions.8 Consequently, ignoringresourceconstraintsmayreducethequality of heuristic
estimatebasedon therelaxedplan. We arethusinterestedin adjustingtheheuristicvaluesdiscussedin the
lasttwo sectionsto accountfor theresourceconstraints.

In real-world problems,mostactionsconsumeresources,while therearespecialactionsthatincreasethe
levelsof resources.Sincecheckingwhetherthelevel of a resourceis sufficient for allowing theexecutionof
anactionis similar to checkingthepredicatepreconditions,oneobviousapproachto adjusttherelaxedplan
wouldbeto addactionsthatprovidethatresource-relatedconditionto therelaxedplan.For reasonsdiscussed
below, it turnsout to betoodifficult to decidewhichactionsshouldbeaddedto therelaxedplanto satisfythe
givenresourceconditions.First, actionsthat consume/producethe samemetric-resourcemay overlapover
theRTPGandthusmake it hardto reasonabouttheresourcelevel at eachtimepoint. In suchcases,thebest
wecandois to find theupperboundandlowerboundvaluesonthevalueof somespecificresource.However,
theboundsmaynotbevery informativein reasoningabouttheexactvalue.Second,becausewedonotknow
thevaluesof metricresourcesat eachtime point, it is difficult to reasonasto whetheror not anactionneeds
anotheraction to supportits resource-relatedpreconditions.For example,in Figure 5, whenwe add the
actionfast-flyingò"óËôBõ�ö to therelaxedplan,we know thatthatactionwill need÷=ø=ù�ú)ò"ûFü7ýHþ=ú"ûFÿEù!ö�������� asits
precondition.However, without theknowledgeaboutthevalue(level) of ÷=ø=ù�ú)ò"ûFü7ýHþ=ú"ûFÿEù!ö at that time point,
wecanhardlydecidewhetheror notweneedto addanotheractionto achievethatprecondition.If wereason
that thefuel level at theinitial state( ÷=ø9ù�úRò�û�ü7ýBþDú�ûFÿEù�ö��
	���� ) is sufficient for thatactionto execute,thenwe
alreadymissoneunavoidableý!ù!÷=ø=ù�ú)ò"ûFü7ýHþ=ú"ûFÿEù!ö action(becausemostof thefuel in theinitial statehasbeen
usedfor theotherflying action,fast-flyingò
��ôHó ö ). A final difficulty is thatbecauseof thecontinuousnature
of themetricresources,it is harderto reasonif anactiongivesaresource-relatedeffect to anotheractionand
whetheror not it is logically relevant to do so. For example,supposethat we needto fly an airplanefrom
cityA to cityBandweneedto refuelto doso.Action ý!ù!÷=ø=ù�úRò�ûFühýBþ=ú"ûFÿEùFô��2ü����Qõ�ö givesthefuel thattheairplane
needs,but it is totally irrelevantto theplan. Adding thatactionto therelaxedplan(andits preconditionsto

8For example,if we wantto drive a truck to someplaceandthefuel level is low, by totally ignoringtheresourcerelatedconditions,
wewill not realizethatwemayneedto refuelthetruckbeforedriving it.
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thegoalset)will leadto theadditionof irrelevantactions,andthusreducethequality of heuristicestimates
it provides.

In view of theabove complications,we introducea new way of readjustingtherelaxedplanto take into
accounttheresourceconstraintsasfollows: we first preprocesstheproblemspecificationsandfind for each
resourceR anaction ��� thatcanincreasetheamountof R maximally. Let ��� betheamountby which ���
increasesR, andlet ����� �
����! bethedurationof ��� . Let "�#%$�&'�)(*! bethelevel of resourceRat thestateSfor
which we wantto computetherelaxedplan,and +*,-#��
(.! , /*�0, �
(.! bethetotal consumptionandproduction
of R by all actionsin the relaxedplan. If +*,-#��)(*!213"4#%$5&'�)(.!76�/*�0, �
(.! , we usethe following formula to
adjusttheheuristicvaluesof thesum-actionandsum-durationaccordingto theresourceconsumption.

Sum-actionheuristicvalueh:8:9;8 6=< � > +*,-#��
(.!@?��
"4#%$5&'�)(.!A6B/*�0, �)(*!�!� � C
Sum-durationheuristicvalueh:8:9;8 6D< � +*,-#��
(.!@?��
"4#%$�&'�
(.!A6E/*�-, �)(.!F!� � G �H�I� �
���J!
We will call thenewly adjustedheuristicsadjusted sum-actionandadjusted sum-duration. Thebasic

ideais thateventhoughwedonotknow if anindividual resource-consumingactionin therelaxedplanneeds
anotheractionto supportits resource-relatedpreconditions,we canstill adjustthenumberof actionsin the
relaxed plan by reasoningaboutthe total resourceconsumptionof all the actionsin the plan. If we know
how muchexcessamountof a resourceR the relaxedplan consumesandwhat is the maximumincrement
of R that is allowed by any individual action in the domain, then we can infer the minimum numberof
resource-increasingactionsthatwe needto addto therelaxedplanto balancetheresourceconsumption.

For example,in therelaxedplanfor oursampleproblem,werealizethatthetwo actionsfast-flying�)�LK�M�!
andfast-flying�)M�KN+.! consumeatotalof: 1000/2+ 1200/2= 1100unitsof fuel,whichis higherthantheinitial
fuel level of 500units.Moreover, weknow thatthemaximumincrementfor theairplane’s fuel is 750for the
refuel(airplane)action.Therefore,wecaninfer thatweneedto addatleast OF�QP�PSR�RT?.U�R4R4!�V4W�U�R0XZY
P refueling
action to make the relaxed plan consistentwith the resourceconsumptionconstraints. The experimental
resultsin Section4 show that themetricresourcerelatedadjustmentsarequite importantin domainswhich
havemany actionsconsumingdifferenttypesof resources.

The adjustmentapproachdescribedabove is useful for improving the sum-actionand sum-duration
heuristics,but it cannot be usedfor the max-spanandslack-basedheuristicswithout sacrificingtheir ad-
missibility. In future,we intendto investigatetheresourceconstraint-basedadjustmentsfor thoseheuristics
thatstill preservetheir admissibility.

4 Experimental results

We have implementedSapain Java. To date,our implementationof Sapahasbeenprimarily usedto testthe
performanceof differentheuristicsandwe have spentlittle effort on codeoptimization.We wereprimarily
interestedin seeinghow effective theheuristicswerein controlling thesearch.In thecaseof heuristicsfor
satisficingsearch,we werealsointerestedin evaluatingthequality of thesolution. We evaluatetheperfor-
manceof Sapaonproblemsfrom two metrictemporalplanningdomainsto seehow well it performsin these
complex planningproblems.Thefirst oneis thezeno-flyingdomaindiscussedin Section2.2 [15]. Thesec-
ondis ourversionof thetemporalandmetricresourceversionof thelogisticsdomain.In thisdomain,trucks
movepackagesbetweenlocationswithin onecity, andplanescarrythemfrom onecity to another. Different
airplanesandtrucksmove with differentspeeds,have differentfuel capacities,differentfuel-consumption-
rates,anddifferentfuel-fill-rateswhenrefueling. The temporallogisticsdomainis morecomplicatedthan
the zeno-flyingdomainbecauseit hasmoretypesof resource-consumingactions.Moreover, the refuelac-
tion in this domainhasa dynamicduration,which is not thecasefor any actionin thezeno-flyingdomain.
Specifically, thedurationof thisactiondependsonthefuel level of thevehicleandcanonly bedecidedat the
timewe executethataction.

Table2 and 3 summarizethe resultsof our empiricalstudies.Beforegoing into the details,we should
mentionthat amongthe different typesof heuristicsdiscussedin the Section3, max-spanandslack-value
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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

zeno1 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 1.11 27/87 1.383 27/87 1.163 27/87 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 - - - -
log p4 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 - - - -

Table2: Solutiontimesandexplored/generatedsearchnodesfor Sapain the zeno-flyingandtemporallo-
gisticsdomainswith sum-actionandsum-durationheuristicswith/without resourceadjustmenttechnique.
Timesarein seconds.All experimentsarerun on a SunUltra 5 machinewith 256MB RAM. “-” indicates
thattheproblemcannot besolvedin 500seconds.

basedheuristicsareadmissible.However, they do not scaleup to reasonablesizedproblems.As a matter
of fact, the max-spanheuristiccannot solve any problemsin Table2 in the allottedtime. The sum-slack
heuristicreturnsanoptimalsolution(in termsof makespanandsum-slackvalues)for theproblemZeno1in
zeno-flyingdomainin 7.3 seconds,but cannot solve any otherproblems.However, both areableto solve
smallerproblemsthatarenot listedin our resulttables.Becauseof this,mostof our remainingdiscussionis
directedtowardssum-actionandsum-durationheuristics.

Table2 showstherunningtimesof Sapafor thesum-actionandsum-durationheuristicswith andwithout
metricresourceconstraintadjustmenttechnique(referto Section3.4) in thetwo planningdomainsdiscussed
above. We testedwith 9 problemsfrom eachdomain.Most of theproblemsrequireplansof 10-30actions,
which arequite big comparedto problemssolved by previous domain-independenttemporalplannersre-
portedin theliterature.Theresultsshow thatmostof theproblemsaresolvedwithin a reasonabletime (e.g
under500 seconds).More importantly, the numberof nodes(time-stampedstates)explored,which is the
maincriterionusedto decidehow well a heuristicdoesin guidingthesearch,is quitesmallcomparedto the
sizeof the problems.In many cases,the numberof nodesexploredby the bestheuristicis only about2-3
timesthesizeof theplan.

In general,thesum-actionheuristicperformsbetterthanthesum-durationheuristicin termsof planning
time, especiallyin the logistics domain. However, thereare several problemsin which the sum-duration
heuristicreturnsbettersolvingtimesandsmallernumberof nodes.Themetricresourceadjustmenttechnique
greatlyhelpsthe sum-actionheuristic,especiallyin the logisticsdomain,wherewithout it Sapacanhardly
solve thebiggerproblems.We still do not have a clearanswerasto why theresource-adjustmenttechnique
doesnot helpthesum-durationheuristic.
Plan Quality: Table 3 shows the numberof actionsin the solution and the duration(makespan)of the
solutionfor thetwo heuristicsanalyzedin Table2. Thesecategoriescanbeseenasindicativeof theproblem’s
difficulty, andthe quality of the solutions. By closelyexaminingthe solutionsreturned,we found that the
solutionsreturnedby Sapahavequitegoodquality in thesensethatthey rarelyhavemany irrelevantactions.
The absenceof irrelevant actionsis critical in the metric temporalplannersas it will both save resource
consumptionandreduceexecutiontime. It is interestingto noteherethat the temporalTLPlan[1], whose
searchalgorithmSapaadapts,usuallyoutputsplanswith many moreirrelevantactions.Interestingly, Bacchus
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sum-act sum-actadjusted sum-dur sum-duradjusted
prob #act duration #act duration #act duration #act duration

zeno1 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(makespan)of thesolutionsgeneratedbySapain thezeno-flyingand
logisticsdomainswith sum-actionandsum-durationheuristicswith/without resourceadjustmenttechnique.

& Ady mentionthat their solutionsarestill betterthanthe onesreturnedby LPSAT[20], which makesour
solutionsthatmuchmoreimpressivecomparedto LPSAT.

The puresum-actionheuristicwithout resourceadjustmentnormally outputsplanswith slightly higher
numberof actions,and longermakespansthan the sum-durationheuristic. In somecases,the sum-action
heuristicguidesthe searchinto pathsthat lead to very high makespanvalues,thusviolating the deadline
goals.After that,theplannerhashardertimegettingbackon theright track.Examplesof thisarezeno-4and
log-p3which cannotbesolvedwith sum-actionheuristicif thedeadlinesareabout2 timessmallerthanthe
optimal makespan(becausethe searchpathskeepextendingthe time beyond the deadlines).The resource
adjustmenttechniquenotonly improvesthesum-actionheuristicin solutiontimes,but alsogenerallyshortens
themakespanandoccasionallyreducesthenumberof actionsin theplanaswell. As mentionedearlier, the
adjustmenttechniquegenerallydoesnot help the sum-durationheuristicsin solving time, but it doeshelp
reducethemakespanof thesolutionin mostof thecaseswheresolutionscanbefound. However, thesetof
actionsin theplanis generallystill thesame,which suggeststhat theadjustmenttechniquedoesnot change
thesolution,but pushestheactionsupto anearlierpartof theplan.Thus,it favorstheexecutionof concurrent
actionsinsteadof usingthespecialactionadvance-timeto advancetheclock.

When implementingthe heuristics,one of the decisionswe had to make was whetherto recalculate
the heuristicvalue whenwe advancethe clock, or to usethe samevalueas that of the parentnode. On
the surface,this problemlooks trivial andthe correctway seemsto be to recalculatethe heuristicvalues.
However, in practice,keepingthe parentnode’s heuristicvaluewhenwe advancethe clock alwaysseems
to leadto solutionswith equalor slightly bettermakespan.We canexplain the improvedmakespanby the
fact that recalculatingthe heuristicvaluenormally favors the advance-clock actionby outputtinga smaller
heuristicvalue for it than the parent. Using many suchadvance-clock actionswill lead to solutionswith
highermakespanvalues. The solving time comparisonis somewhat mixed. Keepingthe parentheuristics
valuespeedsup 6 of the 9 problemstestedin the logisticsdomainby averageof 2x andslows down about
1.5x in the3 zeno-flyingproblems.We do not havea clearanswerfor thesolutiontime differencesbetween
thetwo approaches.In thecurrentimplementationof Sapa, we keeptheparentnode’s heuristicvaluewhen
we advancetheclock.

Figure6 shows thecomparisonresultsof Sapawith TGP[17] andTP4[7] on thesetof 80 randomgen-
eratedtemporal(non-resource)logisticsproblems,which comewith TP4. Theresultsshow thatwithout the
drive inter-city action(which is not allowed in the original logisticsdomain),Sapasolvesall 100%of the
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(a)Trucksareallowedto drive inter-city. (b) Trucksarenot allowedto drive inter-city.

Figure6: Comparisonof Sapa, TGP, andTP4on thesetof 80 randomtemporallogisticsproblems.A point[]\7^F_a`
on thecurve indicates

_
percentagesof problemsweresolvedin

\
secondsor less.

problemsvery fastwhile TGPpeaksat around88%andTP4at 35%within thegiventime limit of 1000sec-
onds.If we allow thedrive inter-city action,which hasvery longdurationcomparedto others,TGPandTP4
outputbetterresultswhile Sapasolveslessnumberof problemsin moretime. Nevertheless,it’s still beable
to solve themostnumberof problemsin theallotedtime limit. In [4], we introducesomemoresophisticated
waysto derivetheheuristicsin Sapa. As theresult,Sapais ableto solveall 80problemsin thissuite,with or
without drive inter-city actionin lessthan100seconds.Fromtheplanquality point of view, while TGPand
TP4outputplanswith optimalmakespanvalues,Sapacurrentlyouputssolutionswith themakespanvalues
averagingabout3x longerthantheoptimalsolutions.GiventhefactthatSapain many timesput actionsnot
at theearliesttime pointsthat they canbeexecuted,we arecurrentlyinvestigatingsomepost-processingor
on-the-flyapproachesto reducethemakespansof thefinal solutions.

5 Relatedwork

Therehavebeenseveraltemporalplanningsystemsin theliteraturethatcanhandledifferenttypesof temporal
and resourceconstraints. Among them, plannerssuchas temporalTLPlan[1], Zeno[15], IxTeT[10], and
HSTS[12] can solve problemsthat are similar to the one solved by Sapa. Thereare also plannerssuch
asResource-IPP[9], TP4[7], TGP[17], andLPSAT[20] that canhandlea subsetof the typesof problems
discussedin this paper.

Closestto our work is the temporalTLPlan [1], which originatesthe algorithmto supportconcurrent
actionsin theforwardstatespacesearch.Thecritical differencebetweenthis plannerandSapais thatwhile
temporalTLPlanis controlledby hand-codeddomain-specificcontrol rules,Sapausesdomain-independent
heuristics.Experimentalresultsreportedin [1] indicatethatwhile TemporalTLPlanis very fast,but it tends
to outputplanswith many irrelevantactions.

Thereareseveralpartialorderplannersthatcanhandlevarioustypesof temporalandresourceconstraints.
Zeno[15] cansolve problemswith a wide rangeof constraints,aswell asactionswith conditionalandquan-
tified effects. However, Zeno lacksheuristiccontrol andscalespoorly. IxTeT[10] is anotherhierarchical
partialorderplannerthatcanhandlemany typesof temporalandresourceconstraints.Mostof IxTeT’s inter-
estinginnovationshave beenaimedat on handlingdiscreteresourcessuchasrobotsor machinesbut not on
metric resources.HSTS[12] is a partialorderplannerthathasbeenusedto solve NASA temporalplanning
problems.LikeTLPlan,HSTSuseshand-codeddomaincontrolknowledgeto guideits search.parcPlan[11]
is a domain-independenttemporalplannerusingtheleast-commitmentapproach.parcPlanclaimsto beable
to handlea rich setof temporalconstraints,but theexperimentsin [11] donotdemonstrateits expressiveness
adequately.

Resource-IPP(RIPP)[9] is anextensionof theIPPplannerto dealwith durativeactionsthatmayconsume
metricresources.RIPPconsiderstimeasanothertypeof resourceandsolvesthetemporalplanningproblem
by assumingthat actionsare still instantaneous.Like IPP, RIPP is basedon Graphplan[2] algorithm. A
limited empiricalevaluationof RIPPis reportedin [9]. TP4[7] by Haslumn& Geffneris arecentplannerthat
employs backwardchainingstatespacesearchwith temporalor resourcerelatedadmissibleheuristics.The
resultsof TP4arepromisingin asubsetof temporalplanningproblemswheredurationsaremeasuredin unit
time,andresourcesdecreasemonotonically.

Thereareseveral plannersin the literaturethat handleeither temporalor resourceconstraints(but not
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both). TGP[17] is a temporalplannerbasedon theGraphplanalgorithm.TGPextendsthenotionof mutual
exclusionrelationsin theGraphplanalgorithmto allow constraintsbetweenactionsandpropositions.RTPG
canbeseenasarelaxedversionof theplanninggraphthatTGPuses.While TGPmightprovidebetterbounds
onslacksandtimesof achievement,it is alsocostlierto compute.Costof computationis especiallycritical as
Sapawouldhaveto computetheplanninggraphoncefor eachexpandedsearchnode.It is neverthelessworth
investigatingtheoveralleffectivenessof heuristicsderivedfrom TGP’s temporalplanninggraph.LPSAT[20]
canhandlemetric resourceconstraintsby combiningSAT andlinearprogramming.As notedin Section4,
LPSAT seemsto suffer from poorqualityplans.

6 Conclusionand futur e work

In thispaper, wedescribedSapa, adomain-independentforwardchainingheuristictemporalplannerthatcan
handlemetricresourceconstraints,actionswith continuousduration,anddeadlinegoals.Sapadoesforward
searchin the spaceof time-stampedstates.Our main focushasbeenon developingeffective heuristicsto
control the search.We consideredboth satisficingandoptimizing searchscenariosandproposedeffective
heuristicsfor both.Ourheuristicsarebasedontherelaxedtemporalplanninggraphstructure.For optimizing
search,we introducedadmissibleheuristicsfor objective functionsbasedon themakespanandslackvalues.
For satisficingsearch,we lookedat heuristicssuchassum-actionandsum-duration,thatarebasedon plans
derivedfrom RTPG.Thesewerefound to bequiteefficient in termsof planningtime. We alsopresenteda
novel techniqueto improve theheuristicvaluesby reasoningaboutthemetricresourceconstraints.Finally,
we provided an extensive empirical evaluationdemonstratingthe performanceof Sapain several metric
temporalplanningdomains.

In thenearterm,we intendto investigatetheproblemof finding betterrelaxedplanswith regardto the
resourceandtemporalconstraintsof actionsin the domain. We are interestedin how to usethe resource
time mapsdiscussedin [9] in constructingthe relaxed plan. Moreover, we want to usethe binary mutex
information,a la TGP [17] to improve heuristicsin both optimizing andsatisficingsearches.Our longer
termplansincludeincorporatingSapain a loosely-coupledarchitectureto integrateplanningandscheduling,
which will bethelogical continuationof our work with theRealplansystem[19].
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