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Abstract

Real world plannersneedto be sensitive to the quality of
the plans they generate. Unlike classicalplanning where
quality is often synonymous with planshaving leastnum-
ber of actions,in temporalplanning plan quality is multi-
dimensional. It involves both temporalaspectsof the plan
(suchasmakespan,slack, tardiness)andexecutioncostas-
pects(suchascumulativeactioncost,resourceconsumption).
Until now, mostdomain-independenttemporalplannershave
concentratedsolelyon theformer, ignoringthelatter. In this
paper, we considertheproblemof developingheuristicsthat
aresensitive to bothmakespanandcost,anddevelopa plan-
ning graph-basedapproachfor this purpose. Our approach
involvesaugmentinga (temporal)planninggraphdatastruc-
turewith amechanismto tracktheexecutioncostof thegoals
andsubgoals.Sincethe costof achieving a goal is depen-
denton the amountof available time, we needto track the
costof a literal asa functionof time. We presenta method-
ology for efficiently trackingthecostfunctions,anddiscuss
how they canbe usedasthe basisfor deriving heuristicsto
supportany objective function basedon makespanandexe-
cutioncost.We demonstratetheeffectivenessof this general
methodfor deriving cost-andmakespan-sensitive heuristics
in thecontext of Sapaa forwardchainingplannerfor metric
temporaldomainsthatwehavebeendeveloping.A versionof
Sapausinga subsetof thetechniquesdiscussedin this paper
wasoneof thebestdomainindependentplannersfor domains
with metricandtemporalconstraintsin thethird International
PlanningCompetition,heldatAIPS-02.

Introduction
Of late, therehasbeenincreasedinterestin the planning
communityto leveragethesuccessesin heuristiccontrolof
classicalplannersto tackle the more realistic metric tem-
poral planningproblems.Developingheuristicsfor metric
temporalplanningis complicatedby themulti-objective na-
tureof theproblem.In contrastto classicalplanning,where
the heuristicsneedonly be sensitive to the “length” of the
plans,in metric temporalplanning,the usermay be inter-
estedin improving eithertemporalquality of the plan (e.g.�
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makespan)or its cost (e.g. cumulative actioncost,costof
resourcesconsumedetc.),or moregenerally, a combination
thereof.1 Consequently, effective plan synthesisrequires
heuristicsthat are able to track both theseaspectsof an
evolving plan.

Until now, most domain-independenttemporalplanners
have concentratedsolely on optimizing makespan (c.f.
(Haslum& Geffner2001;Smith& Weld1999;Do & Kamb-
hampati2001)), a temporalaspectof plan quality. Con-
sequently, most heuristicsfor temporalplannersare only
sensitive to temporal aspects(more specifically, just to
makespan).We areinterestedin developingheuristicsthat
aresensitive to bothtemporalandcostaspectsof planqual-
ity, sothatwe caneffectively handlethemulti-objectivena-
tureof temporalplanning.An importantchallengehere,as
illustratedby theexamplebelow, is thatthecostandtempo-
ral aspectsof a planareofteninter-dependent:
Example: Supposewe needto go from Tucsonto Los An-
geles.Thetwo commonoptionsare:(1) rentacaranddrive
from Tucsonto LosAngelesin onedayfor $100or (2) take
a shuttleto thePhoenixairportandfly to Los Angelesin 3
hoursfor $200. The first option takes more time (higher
makespan)but less money, while the secondone clearly
takeslesstimebut is moreexpensive.Dependingonthespe-
cific weightstheusergivesto eachcriterion,shemayprefer
thefirst optionover thesecondor vice versa.Moreover, the
user’s decisionmayalsobe influencedby otherconstraints
on time andcost that are imposedover the final plan. For
example,if sheneedsto bein LosAngelesin six hours,then
shemay be forcedto choosethe secondoption. However,
if shehasplenty of time but limited budget,thenshemay
choosethefirst option.

Thesimpleexampleaboveshowsthatmakespanandexe-
cutioncost,while nominally independentof eachother, are
neverthelessrelatedin termsof the overall objective of the
userandtheconstraintson a givenplanningproblem.More
specifically, for a given makespanthreshold(suchasto be
in LA within six hours),thereis acertainestimatedsolution
cost tied to it (shuttlefee andticket price to LA) andvice
versa.Thus,in orderto find plansthataregoodwith respect

1Anotherdimensionof optimizationinvolves executionflexi-
bility (e.g.slack,latency etc.). In thecurrentpaper, we ignorethis
dimensionandconcentrateon costandmake-spantradeoffs.



to bothcostandmakespan,weneedheuristicsthattrackcost
of a set� of (sub)goalsasa functionof time.

Since the cost of achieving a goal is dependenton the
amountof availabletime (seetheexampleabove),we intro-
duceanapproachto trackthecostof a literal asa functionof
time. (Figure3, to bediscussedlater, shows the costfunc-
tions for subgoalsin an extendedversionof the travel ex-
ample). Specifically, the cost incurredto achieve factsand
to executeactionsareestimatedby costpropagationwhile
building thetemporalplanninggraph.Thesecostfunctions
canin turn beusedto estimatetheachievementcostof a set
of goalsfor a given makespanboundand vice versa. We
presentthemethodologyfor efficiently maintainingthecost
functions,anddiscusshow thesetime-sensitive cost func-
tionscanbeusedasthebasisfor deriving heuristicsto sup-
port any objective function basedon makespanandexecu-
tion cost.Finally, we empiricallydemonstratetheeffective-
nessof ourheuristicsin generatingplansthatoffer a variety
of cost-makespantradeoffs. Our experimentsaredonewith
Sapa, a forward chainingplannerfor metric temporaldo-
mainsthat we have beendeveloping(Do & Kambhampati
2001).

A versionof Sapausinga subsetof the techniquesdis-
cussedin thispaperwasoneof thebestdomainindependent
plannersfor domainswith metricandtemporalconstraintsin
thethird InternationalPlanningCompetition,heldat AIPS-
02. In fact, it is the bestplannerin termsof solutionqual-
ity andnumberof problemssolved in the highestlevel of
PDDL2.1 settingusedin the competitionfor the two do-
mainsSatelliteandRovers, whichareinspiredby real-world
applicationsbeinginvestigatedby NASA.

The paperis organizedas follows: first we describethe
temporalplanning problem and the action representation
that we assume.Next, we discussthe problemof how to
build a temporalplanning graph and use it to propagate
the cost information. The next two sectionsshow how the
propagatedinformationcanbe usedto estimatethe costof
achieving the goalsfrom a given state. Then, we discuss
how themutualexclusionrelationscanhelp to improve the
heuristicestimation.We continuewith sectionson empiri-
cal resultsof usingour heuristicsin Sapa. We concludethe
paperwith a discussionon relatedwork, theconclusionand
thefuturework.

Action Representation
Thissectionprovidesthebackgroundontheactionrepresen-
tationanddifferenttypesof constraintsin the the temporal
planningproblems.Unlike actionsin classicalplanning,in
planningproblemswith temporalandresourceconstraints,
actionsarenot instantaneousbut have durations.Their pre-
conditionsmayeitherbeinstantaneousor durativeandtheir
effectsmay occurat any time point during their execution.
EachactionA hasa duration ��� , startingtime 	
� , andend
time ( � �
� 	 ��� � � ). The value of � � can be stati-
cally definedfor a domain,staticallydefinedfor a particu-
lar planningproblem,or canbedynamicallydecidedat the
time of execution.Action A haspreconditions����������� that
mayberequiredeitherto beinstantaneouslytrueat thetime
point 	 � , or requiredto be true startingat 	 � andremain

true for someduration ����� � . The logical effectsEff(A)
of A are instantaneousand occur at time points 	 ��� �
(  !�"�#�"�$� ). If �&%' then they are called delayed
effectsastheir onsetis delayedwith respectto actionstart
time. Actionscanalsoconsumeor producemetricresources
andtheirpreconditionsmayalsowell dependonthevalueof
the correspondingresource.Eachactionis associatedwith
thecostvalue,which representsthetotal money we needto
spendto executethataction.

We shallnow illustratetheactionrepresentationin asim-
ple temporalplanningproblem. This problem,which is an
extendedversionof the examplewe introducedin the in-
troduction, will be usedas the running example through
out the rest of the paper. Figure 1 shows graphically the
problem description. In this problem, a group of stu-
dentsin Tucsonneedto go to Los Angeles(LA). There
are two car rental companiesin Tucson. If the students
rent a car from the first company, which has faster but
moreexpensive cars(Car1) , they canonly go to Phoenix
(PHX) or Las Vegas(LV). However, if they decideto rent
a car from the secondcompany (Car2), which is slower
but cheaper, then they can use it to drive to Phoenixor
directly to LA. Moreover, to reachLA, the studentscan
also take a train from LV or a flight from PHX. In to-
tal, thereare 6 actionsin the domain: drive-car1-tucson-
phoenix( �)(+*,�-�. ), drive-car1-tucson-lv( �)(+*,�-�/10 ), drive-car2-
tucson-phoenix( � (32,�-�. ), drive-car2-tucson-la( � (32,�-�/54 ), fly-
airplane-phoenix-la( 6 .7-8/54 ), anduse-train-lv-la ( 9 /10:-�/54 ).
Each move (by car/airplane/train)action � betweentwo
cities ; and < requiresthe preconditionthat the students
shouldbeat ; ( =?>:�@;A� )at thebeginningof � . Therearealso
two temporaleffects: BC=?>:�@;A� occursat the starting time
point of � and =D>:�E<F� at the endtime point of � . The du-
rationsandexecutioncostvaluesfor six actionsdescribed
above areshown in the right sideof Figure1. In this case,
the costsof moving by train or airplaneare the respective
ticket prices,andthecostsof moving by rentalcarsinclude
therentalfeesandgas(resource)costs.

Propagating cost information
To measurethe heuristic distanceof a given stateto the
goals,we needto estimatehow costly it is to achieve the
goalsfrom that state. All we know is that factsin the ini-
tial stateshave zero costsandthateachactionhassomeex-
ecutioncost. Thus, to evaluatethe cost of a set of goals
from a givenstate,we needto propagatethecostsfrom the
initial stateto the goalsusingthe mutualdependenciesbe-
tweenfactsandactions. Specifically, the cost to achieve a
factdependson thecostto executetheactionssupportingit,
which in turn dependson thecoststo achieve factsthatare
their preconditions.Giventhat theplanninggraphis anex-
cellentstructureto representthe relationbetweenfactsand
actions,we will usethe temporalplanninggraphstructure
(TGP(Smith& Weld 1999))asa substratefor propagating
thecostsinformation.

In thissection,westartwith abrief discussionof thedata
structuresusedfor the costpropagationprocess.We then
continuewith thedetailsof thepropagationprocessandthe
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Figure1: Thetravel example

criteriausedto terminatethepropagation.

The Temporal Planning Graph Structure
ThetemporalplanninggraphG is abi-level graph,with one
level containingall facts, andtheothercontainingall actions
in theplanningproblem.Eachfact links to all actionssup-
portingit, andeachactionlinks to all factsthatbelongto its
preconditionandeffect lists.2 As we will seein moredetail
in the laterpartof this section,we build the temporalplan-
ning graphby incrementallyincreasingthetime (makespan
value)of the graph. At a given time point > , an action �
is activatedif all preconditionsof � canbe achieved at > .
To supportthe delayedeffectsof the activatedactions(i.e.,
effects that occur at the future time points beyond > ), we
alsomaintainan eventqueueH � � ��IKJL�KMNJPO5OQO �KRS� sortedin
the increasingorderof event time. Eachevent is a 4-tuple� �UTEV JL>WJLX�JY��Z in which: (1) V is the fact that � will add;
(2) > is the time point at which the event will occur; and
(3) X is the cost incurredto enablethe executionof action� which causes� . For eachaction � , we introducea cost
function [$�E�\J]>]� ��^ to specifytheestimatedcost ^ thatwe
incur to enable� ’sexecutionat timepoint > . In otherwords,[$���FJ]>]� is theestimateof thecostincurredto achieve all of� ’s preconditionsat time point > . Moreover, eachaction
will also have an executioncost ( [`_+ab_ ( �E��� ), which is the
costincurredin executing � (e.gticket price for fly action,
gascost for driving a car). For eachfact V , a similar cost
function [$� V J]>]� �c^ specifiestheestimatedcost ^ incurred
to achieve V at time point > .

In theoriginalGraphplanalgorithm(Blum& Furst1995),
there is a processof propagationof mutex information,
which capturesthe negative interactionsbetweendifferent
propositionsandactionsoccurat thesametime (level). To
simplify thediscussion,in thispaperwewill neglectthemu-
tex propagationandwill discussthepropagationprocessin
thecontext of therelaxedproblemin whichthedeleteeffects
of actions,which causethe mutex relations,are ignored.
Later, wewill discusshow thetemporalmutex relationsuch

2Thebi-level representationhasbeenusedin theclassicalplan-
ning to save time andspace,but asSmith & Weld(Smith& Weld
1999) showed, it makes even more sensein the temporalplan-
ning domainsbecausethereis actuallyno notion of level. All we
have area setof facts/actionnodes,eachoneencodinginforma-
tion suchastheearliesttimepoint at which the fact/actioncanbe
achieved/executed,and the lowestcost incurredto achieve them
etc.

Function PropagateCost
Currenttime: d3eCf�g ;hjiKilk5mon@hqp5rPp5sut gbv ;
while Termination-Criteria wf true

Getearliestevent x = y�z7{ t du{ tu| { t]h {~} from � ;d3e�f�d3{ ;
if
| {`��� n z t d e v then

Update: � n z t d+v�f | {
for all action

h
: z$�$���Px |Y�7����� d �@�P��n@h v� xW� � �b� du��f � �b� d h���� �bx �N� dux n@h�t d e v ;

if
� xW� � �b� du� ��� n@h�t d e v then
Update: � n@h�t duv�f � xW� � �K� d n@h v t d�eq��d ��� ;h�iKilkQm�n@h�t d�e~v ;

End PropagateCost;

Function
h�iKilkQm�n@h�t duv

For all A’seffect thatadd z at � ��� � do��f��¡ $¢:x�f£y�z t d � ��t � n@h�t duv � �C{3¤W{�e n@h v tuh }+¥ ;
End

h�iKilkQm�n@h�t d+v ;
Figure2: Main costpropagationalgorithm

asthe onesdiscussedin TGP(Smith& Weld 1999)canbe
usedto improve the costpropagationandheuristicestima-
tion processes.

Cost propagation procedure
As mentionedabove, our generalapproachis to propa-
gatethe estimatedcostsincurred to achieve factsand ac-
tions from the initial state. As a first step, we needto
initialize the cost functions [$���\JL>]� and [$� V JL>]� for all
factsand actions. For a given initial state 	
¦ R ¦ , , let 6 �� V§I J V�M OQOQO V�R � be the setof factsthat are true at time point>+¦ R ¦ , and

� � V©¨I JL> I �WJPO5OQOª� V©¨« J]> « �~� , beasetof outstandingpos-
itive eventswhich specify the addition of facts V©¨¦ at time
points >+¦£%¬>+¦ R ¦ , . We introducea dummy action ��¦ R ¦ ,
to represent	�¦ R ¦ , where ��¦ R ¦ , (1) requiresno precondi-
tions; (2) has cost [ _uab_ ( ��� ¦ R ¦ , � �  and (3) causesthe
eventsof addingall V ¦ at > ¦ R ¦ , and V©¨¦ at time points > ¦ . At
the beginning ( > �  ), the event queue H is empty, the
cost functions for all facts and actionsare initialized as:[$���\JL>]� �
­ JY[$� V JL>]� �®­ J`¯© ��°>�± ­ , and � ¦ R ¦ , is
theonly actionthatis applicable.

Figure 2 summarizesthe stepsin the cost propagation
algorithm. The main algorithm containstwo interleaving



parts:onefor applyinganactionandtheotherfor activating
anev² entrepresentingtheaction’seffect.
Applying an action: Whenan action � is applied,we (1)
augmenttheeventqueueH with eventscorrespondingto all
of � ’seffects,and(2) updatethecostfunction [$���FJ]>]� of � .
Activating an event: Whenan event � �
T�V _bJ]>]_�JY[�_KJL�³_WZ ,
which representsan effect of � _ occurringat time point > _
andaddfact V _ with cost [ _ is activated,the costfunction
of thefact V _ is updatedif [�_³±�[$� V _�J]>]_:� . Moreover, if the
newly improvedcostof V _ leadsto a reductionin the cost
functionsof anaction � that V _ supports(decidedby func-
tion [�´NµP>+�·¶?¶��K�P¶l=?>+�?�E�\JL>]� in line 11 of Figure2) thenwe
will (re)apply � to propagateV _ ’s new costof achievement
to thecostfunctionsof � andits effects.

At any given time point > , [$���FJ]>]� is an aggregatedcost
(returnedby function [�´Nµ7>+��¶D¶����P¶�=?>+�����FJ]>]� ) to achieve all
of its preconditions.Theaggregationcanbedonein differ-
entways:

1. Max-propagation:[$���\JL>]� �c¸ =D¹ � [$� V J]>]�`º V¼» �����KX:´K½��S���³�~� or

2. Sum-propagation:[$���\JL>]� �¿¾ � [$� V J]>]��º V¡» �����bX7´K½��À�E���~� or

3. Combo:[$���\JL>]� �  �OÂÁ�Ã³� ¸ =?¹ � [$� V J]>]��º V¡» �����bX7´K½��À�E���~����  oO Á·Ã³��¾ � [$� V J]>]�`º V¡» �����bX7´K½��À�E���~���
The first methodassumesthat all preconditionsof an

action depend on each other and the cost to achieve
all of them is equal to the cost to achieve the costliest
one. This rule leads to the underestimationof [$���FJ]>]�
and the value of [$�E�\J]>]� is admissible. The second
method(sum-propagation) assumesthat all factsare inde-
pendent.Althoughclearly inadmissible,it hasbeenshown
(c.f.(Nguyen,Kambhampati,& Nigenda2001;Bonet,Loer-
incs, & Geffner 1997)) to be moreeffective thanthe max-
propagation. The last methodcombinesthe two andbasi-
cally tries to accountfor the dependency betweendifferent
factsin thesum-propagation.

Whenthe cost function of oneof the preconditionsof a
givenactionis updated,the [�´NµP>+�·¶?¶?���P¶�=?>+�����FJ]>]� function
is calledandit usesoneof the methodsdescribedabove to
calculateif the cost requiredto executean action hasim-
proved(reduced).3 If [$���FJ]>]� hasimproved,thenwewill re-
apply � (line 12-14in Figure2) to propagatethe improved
costto thecostfunctionsof its effects.4

Finally, theonly remainingissuein themainalgorithmil-
lustratedin Figure2 is theterminationcriteria for theprop-
agation,whichwill bediscussedin detailin thenext section.

Coming back to our running example, the left side of
Figure 3 shows graphicallythe time points at which each
action can be applied ( [$�E�\JL>]�£± ­ ) and the right side

3Propagationrule (2) and (3) will guaranteea lower cost of� n@h�t d+v when the cost function one of
h

’s preconditionis im-
proved.However, it’ s not truefor rule (1).

4Notice that becausewe increasetime in stepjump by going
througheventsin the event queue,the cost functionsfor all facts
andactionswill appearas step-functions(even thoughtimes are
measuredcontinuously.)

shows how the cost function of facts/actionschangeas
the time increases.Here is an outline of the updatepro-
cess in this example: at time point > �  , four ac-
tions can be applied. They are � (+*,�-�. , � ( 2,�-�. , � (+*,�-8/10 ,�)( 2,�-8/54 . Theseactionsadd 4 events into the event queueH � � � IÄ�ÅT =?> ÆSÇo¹�J]> �ÉÈ O  oJLX �ËÊ O  oJL� ( *,�-�. ZWJ�� M¿�T =?> ÆSÇo¹�J È OÂÁlJ È O Á�JL�)( 2,�-�. Z:JF�KÌ � T =?> Í ^ JYÎ�OÂÁlJLÎoO  oJL�)(+*,�-�/10 ZWJ�PÏ �
T =?> Í�=SJ~ÐlO  oJLÑoO  oJL� (32,�-�/54 Z~� . After we advancethe time
to > �
È O  , the first event �NI is activatedand [$�E=?> ÆSÇo¹�JL>]�
is updated. Moreover, because=?> ÆSÇo¹ is a precondition
of 6 .7-8/54 , we also update [$��6 .P-�/54 JL>]� at >]_ �ÒÈ O  from­ to 2.0 and put an event � �ÅT =?> Í�=SJ Ê O Á�JLÓoO  oJL6 .7-8/54 Z ,
which represents6 .P-�/Q4 ’s effect, into H . We then go on
with the secondevent T =D> Æ©Ç�¹jJ È O Á�J È OÂÁlJY�)( 2,�-�. Z and lower
the cost of the fact =?> ÆSÇo¹ andaction 6 .7-8/54 . Event � �T =?> Í�=SJLÎoO  oJ~ÐlO Á�JL6 .7-8/54 Z is addedas a result of the newly
improved cost of 6 .7-8/54 . Continuingthe process,we up-
datethe cost function of =?> Í�= onceat time point > �ÔÊ OÂÁ ,
and again at > � Î�O  as the delayedeffects of actions6 .P-�/54 occur. At time point > � ÎoO Á , we updatethe cost
value of =?> Í ^ and action 9 /10:-8/54 and introducethe event� �ÕT =D> ÍE=SJLÑ�O  �J~ÁlOÂÁlJL9 /50:-�/54 Z . Notice that the final event� ¨��ÖT =?> Í�=SJ~ÐlO  oJLÑ�O  �JY� (32,�-�/54 Z representinga delayedeffect
of action � (32,�-�/54 appliedat > �  will not causeany update.
This is becausethecostfunctionof =?> Í�= hasbeenupdated
to value X � ÁlOÂÁF±£X7_u× at time > � Ñ�O  �±�>]_u× � Ð�O  .

Besidethe valuesof the cost functions, Figure 3 also
shows the supportingactions( 	��F� V J]>]� ) for the fact (goal)=D> ÍE= . We canseethataction 9 /10:-�/Q4 givesthe bestcostof[$��=?> Í�=SJ]>]� � Á�O Á for >FØ&Ñ�O  andaction 6 .P-�/54 givesbest
cost [$��=?> Í�=SJL>]� � Ð�OÂÁ for ÎoO  Ù��>�±ÄÁlOÂÁ and [$��=?> Í�=SJL>]� �Ó�O  for Ê OÂÁÚ�Ô>Û±ÔÎoO  . The right mostgraphin Figure3
shows similar cost functionsfor the actionsin this exam-
ple. We only show thecostfunctionsof actions9 /10:-�/54 and6 .P-�/54 becausetheotherfour actionsarealreadyapplicable
at timepoint >+¦ R ¦ , �  andthustheir costfunctionsstabilize
at0.

Termination criteria for the cost propagation
process

In this section,we discusstheissueof whenwe shouldter-
minatethe cost propagationprocess.The first intuition is
that we shouldnot stop the propagationwhen thereexists
top level goalsfor which thecostof achievementis still ­
(unreachedgoal). On the other hand,given our objective
functionof findingthecheapestwayto achievethegoals,we
neednot continuethepropagationwhenthereis no chance
thatwe canimprove the costof achieving the goals. From
thoseintuitions, following areseveral rules that constraint
thetermination:
Deadline termination: Thepropagationshouldstopat time
point > if: (1) ¯Ü¶l´�=?ÍFG º¼�Ù�K=��?Í@Ý3½�����G\���Þ> , or (2)ß ¶�´�=�ÍÀG&ºÀ���Ù�K=��DÍ�Ý3½��?�EG\�q±�>]��àA�E[$�EG$J]>]� �Ä­ � .

The first rule governs the hard constraintson the goal
deadlines,it implies that we shouldnot propagatebeyond
thelatestgoaldeadline(becauseany costestimationbeyond
thatpoint is useless),or wecannotachievesomegoalby its
deadline.



Figure3: Costfunctionsfor factsandactionsin thetravel example.

With theobservationthatthepropagatedcostscanchange
only if we still have someeventsleft in the queuethat can
possiblychangethecostfunctionsof aspecificpropositions,
we havethesecondgeneralrule regardingthepropagation:
Fix-point termination: Thepropagationshouldstopwhen
there are no more event that can decreasethe costof any
proposition.

The secondrule is a qualification for reachingthe fix-
point in which thereis no gain on the cost function of any
factor action.It canbethoughtof asanalogousto theideaof
growing theplanninggraphuntil it levels-off in theclassical
planning.

Stoppingthe propagationaccordingto the two general
rules above leadsus to the best(lowest value) achievable
cost estimationfor all propositionsgiven a specificinitial
state.However, therearesituationsin whichwemaywantto
stopthe propagationprocessearlierdueto several reasons.
First, propagationuntil the fix-point wherethereis no gain
on the cost function of any fact or action may be costly.5

Second,the cost functionsof the goalsmay reachthe fix-
point long beforethefull propagationprocessis terminated
accordingto the generalrules discussedabove, wherethe
costsof all propositionsandactionsstabilize.

Giventheabovemotivations,we introduceseveraldiffer-
entcriteriato stopthepropagationearlierthanis entailedby
thefix-point computation:
Zero-lookahead approximation: Stopthe propagation at
the earliest time point > where all the goalsare reachable
( [$��G$J]>]�·± ­ ).
One-lookahead approximation: At theearliesttimepoint >
where all thegoalsare reachable, executeall theremaining
eventsin theeventqueueandstopthepropagation.

One-lookaheadapproximationlooks aheadone step in
the (future) event queueswhenonepathto achieve all the
goalsundertherelaxedassumptionis guaranteedandhopes
thatexecutingall thoseeventswouldexplicatesomecheaper
pathto achieveall goals.6

Zeroandone-lookaheadareexamplesof a moregeneral
k-lookaheadapproximationin which we startextractingthe

5It hasbeenpointedout in AltAlt(Nguyen, Kambhampati,&
Nigenda2001) that growing the classicalplanninggraphuntil it
levels-off is verycostlyin many problems.

6Note that even if noneof thoseevents is directly relatedto
thegoals,their executionscanstill leadto better(cheaper)pathto
reachall thegoals.

heuristicvalueassoonasall the goalsarereachablecorre-
spondsto zero-lookaheadandcontinuingto propagateuntil
thefix-point correspondsto theinfinite(full) lookahead. The
rationalebehindthek-lookaheadapproximationis thatwhen
all thegoalsappear, whichis anindicationthatthereexistsat
leastone(relaxed)solution,thenwe will look aheadoneor
morestepsto seeif wecanachievesomeextra improvement
to thecostof achieving thegoals(andthusleadto lowercost
solution).For backwardplannerswhereweonly needto run
thepropagationonetime,infinite-lookaheador higherlevels
of lookaheadmaypayoff, while in forwardplannerswhere
we needto evaluatethecostof goalsfor eachsinglesearch
state,lowervaluesof á maybemoreappropriate.

Comingbackto our travel example,zero-lookaheadstops
the propagationprocessat the time point > �âÊ OÂÁ and
the goal cost is [$�@Ý3½ Í�=SJ Ê O ÁD� � Ó�O  . The action chain
giving that cost is

� ���)(+*,�-�. JL6 .P-�/54 � . With one-lookahead,
we find the lowest cost for achieving the goal Ý3½ Í�= is[$�@Ý3½ Í�=SJ~ÐlO  ?� � Ñ�O  andit is givenby the action ��� ( 2,�-�/54 � .
With two-lookaheadapproximation, the lowest cost forÝ�½ ÍE= is [$�@Ý3½ ÍE=ÀJYÑ�O  D� � Á�O Á and it is achieved by cost
propagationthroughthe action set

� ��� ( *,�-�/10 JL9 /50:-�/54 �W� . In
this example, two-lookaheadhas the sameeffect as the
fix-point propagation(infinite lookahead)if the deadline
to achieve Ý3½ Í�= is later than > � ÑoO  . If it is earlier,
say �Ù�K=��DÍ�Ý�½�����Ý�½ Í�=l� � ÁlOÂÁ , then the one-lookaheadwill
have the sameeffect as the infinite-lookaheadoption and
givesthe costof [$�@Ý3½ Í�=SJYÎ�O  D� � ÐlO Á for the actionchain� � (32,�-�.Pã a JL6 .Pã a -�/54 � .
Heuristics based on propagated cost functions
Oncethepropagationprocessterminates,thetime-sensitive
costfunctionscontainsufficient informationto estimatethe
heuristicvalueof any givenstate.Specifically, supposethe
planninggraphis grown from a state	 . Thenthecostfunc-
tions for thesetof goals G � � �ä¶?IKJ]>LI:�:JP�@¶§M§JL>+MP�WOQOQOQ�@¶§R©J]>+R��~� ,>+¦ � �Ù�K=��?Í@Ý3½����ä¶§¦�� canbeusedto derive thefollowing esti-
mates:å

Theminimummakespanestimatefor aplanstartingfrom	 , 9F�E�çæÀ� is givenby theearliesttime point è:é (whereè:é
is the earliesttime point at which all goalsare reached
with finite cost [$�ä¶©J]>]�`± ­ .)å
The minimum cost estimateof a plan starting from 	
andachieving a setof goals G , [$�E�çæ�J]èbêÙ� , canbecom-



puted by aggregating the cost estimatesfor achieving
eachë of the individual goalsat their respective deadlines
( [$�@¶SJY�D�K=��DÍ�Ý3½��?�@¶l�L� ).7 Notice that we use è ê to denote
thetimepointatwhichthecostpropagationprocessstops.
Thus, èPê is thetimepoint at which thecostfunctionsfor
all individualgoals [$� V J]èbêÙ� have lowestvalue.å
For eachvalue >cºÙè é ±ì>c±ìè ê , the cost estimate
of a plan [$���CæjJ]>]� , which can achieve goals within a
givenmakespanlimit of > , is theaggregationof thevalues[$�ä¶§¦LJ]>]� .
Themakespanandthecostestimatesof astatecanbeused

asthe basisfor deriving heuristics.The specificway these
estimatesarecombinedto computetheheuristicvaluesdoes
of coursedependonwhattheuser’sultimateobjectivefunc-
tion is. In the generalcase,the objective function would
bea function V ��[$���CæS�:J]9F�E�çæS�]� involving boththecostand
makespanvalueof theplan.Supposethattheobjectivefunc-
tion is a linearcombinationof costandmakespan:Çj�E	�� �cV �E[$�E� æ �WJL9F��� æ �]� �Äí OÂ[$��� æ � � � È·î�í �WO 9F�E� æ �
If the useronly caresaboutthe makespanvalue( íï�  ),
then Çj�E	ð� � 9ñ���CæÀ� � è:é . Similarly, if theuseronly cares
about the plan cost ( íÖ�ÉÈ ), then Ç���	�� � [$�E� æ JLè ê � .
In the more generalcase,where  Ô± í ± È , then we
have to find the time point > , è7é#�ò>Ä�òèPê , such thatÇ , ��	�� �cV �E[$���CæjJ]>]�:J]>]� �Äí OÂ[$���CæjJ]>]� � � È`î¼í �WO > hasmin-
imum value.

In our ongoing example, given our goal of being in
Los Angeles (at la), if íâ�  , the heuristic value isÇj�E	�� � è:é �°Ê OÂÁ which is the earliesttime point at which[$��=?> ÍE=ÀJL>]��± ­ . The heuristicvalue correspondsto the
propagationthroughactionchain ��� (+*,�-�. JL6 .P-�/54 � . If í��#È
and �Ù�K=��DÍ�Ý3½��?�E��>+ó � �¼Ø
Ñ�O  , then Çj�E	�� � ÁlOÂÁ , which is
the cheapestcostwe canget at time point èPê � Ñ�O  . This
heuristicvaluerepresentsanothersolution �E� (+*,�-�/10 J]9 /10:-8/54 � .
Finally, if  $± í ± È , say í��  �OÂÁ§Á , thenthelowestheuris-
tic value Çj�E	ð� �ôí OÂ[$���CæjJ]>]� � � È�î�í �WO > is Çj�E	�� �  �OÂÁ§Á�ÃÐ�OÂÁ �  �O õ?Á�Ã�ÎoO  � ÁlO õ�Ð at time point Ê OÂÁ$±�> � Î�O  Ù±ÜÑoO  .
For í��  oO ÁDÁ , this heuristicvalue Çj�E	ð� � ÁlO õ�Ð corresponds
to yet anothersolution �E�)( 2,�-³. JY6 .P-�/54 � .

Notice that in the generalcasewhere  Ú± í ± È , even
thoughtime is measuredcontinuously, we do not needto
checkevery time point > : è é ±Ô>Û±Ôè ê to find the value
where Çj�E	�� �cV ��[$��� æ J]>]�WJL>]� is minimal. This is dueto the
factthatthecostfunctionsfor all facts(includinggoals)are
stepfunctions. Thus,we only needto computeÇ���	�� at the
timepointswhereoneof thecostfunctions[$�@¶ ¦ JL>]� changes
value.In our exampleabove,we only needto calculateval-
uesof Ç���	�� at è:é �cÊ OÂÁ , > � Î�O  and èPê � ÑoO  to realizethatÇj�E	�� hasminimumvalueattimepoint > � Î�O  for í��  �OÂÁ§Á .

7If we considerö asthesetof preconditionsfor a dummyac-
tion thatrepresentsthegoalstate,thenwe canuseany of theprop-
agationrules(max/sum/combo)to directly estimatethe total cost
of achieving the goalsfrom thegiven initial state.Amongall the
differentcombinationsbetweenthe propagationrulesandthe ag-
gregationrulesto computethetotal costof thesetof goals ö , only
themax-max(max-propagationto update� nª� p t duv , andcostof ö is
themaximumof thevaluesof � nª� p t+÷ x �N�NkQ�@� x nª� p v ) is admissible.

Goals: ö�fÚ¢ nª�§øWt d ø v tWnª��ù:t d ù vLúûúûú nª�Krlt d r v+¥
Actionsin therelaxed-plan: ü���fÚ¢b¥
Supportedfacts: �
ý�fÚ¢7zÿþ`z$��� ��� d �@�§k �Sd � dux7��¥
While ö wf��

Selectthebestaction
h

thatsupport
� ø

ü��Úf�ü`� � hd � f�d ø�� ÷�� � n@h v
Updatemakespanvalue � n ü`��v if d3� � � n ü���v
For all z$�
	�zlz�x | d n@h v addedby

h
after

durationd�� from startingpointof
h

do�
ý f��
ý   ¢ n z t du� � d � v+¥
For all z$�����bx |Y�7����� d �@�P��n@h v s.t � n z t d3��v�
�g doöÚfÚöÛ $¢ n z t d � v+¥
If � nª� p t d p vç�$ö t:nª� p t d��bvç�$��ý�þ7d�� � d p ThenöÚfÚö��ð¢ nª�bp3t d p v+¥

End while;

Figure4: Procedureto extracttherelaxedplan

Computing Cost from the relaxed plan
To take into accountthepositive interactionsbetweenfacts
in the planningproblems,we canalsodo a non-backtrack
searchfrom the goals to find a relaxed plan. Then, the
total executioncost of actionsin the relaxed plan and its
makespanof the relaxed plan canbe usedto calculatethe
heuristicestimation.Besidesa possiblybetterheuristices-
timation, works on FF(Hoffmann2000)pointsout that ac-
tions in the relaxedplan canalsobe usedeffectively to fo-
custhe searchon the branchessurroundingthe relaxed so-
lution. Moreover, extractingthe relaxedsolutionallows us
to usethe resourceadjustmenttechniquesdiscussedin (Do
& Kambhampati2001)to improvetheheuristicestimations.
The challengehereis how to usethe cost functionsto de-
velopthebestrelaxedplan. For the restof this section,we
will discusstheproblemof how to extract the relaxedtem-
poralplanusingthepropagatedcostfunctions.

For a given initial state 	 and the objective functionÇ���	�� � V �E[$�E�çæS�WJL9F���CæS�]� , a greedyprocedureto find a
relaxedplanwith the leastheuristicvaluegiventhe tempo-
ral planninggraphis describedin Figure4. First, let ���
be the setof actionsin the relaxed plan, 	�6 be the setof
time-stampedfacts � V ¦+JL>+¦�� thatarecurrentlysupportedandG be the set of currentgoals. Thus, 	�6 is the collection
of factssupportedby the initial state 	 and the effects of
actionsin ��� , and G is the conjunctionof top level goals
and the setof preconditionsof actionsin ��� that arenot
currentlysupportedby factsin 	�6 . Theestimatedheuristic
value for the current(partial) relaxed plan and the current
goal set is computedas follows: Ç���	�� � Ç����³�\� � Çj��G\�
in which Ç����³�\� �ÔV ��[$�����\�WJL9F�����\�]� . For the given set
of goals G , Ç��EG\� ��� Ý3½ V ��[$��G$J]>]�:J]>]�Ùº�è é ±#>�±#è ê is
calculatedaccordingto the approachdiscussedin the pre-
vioussection.Finally, thecostandmakespanestimationof
the(partial)relaxedplan ��� is calculatedasfollows:å
[$���³�\� � ¾ ������� [ _uaK_ ( ���³� . Thus, [$�����\� is thesum-
mationof theexecutioncostsof all actionsin therelaxed
plan.
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Figure5: Cost,makespan,andsolving time variationsaccordingto differentweightsgivento themin theobjective function.
Eachpoint in thegraphcorrespondsto anaveragevalueover20 problems.

å
9F�����\� is themakespanof ��� whereactionsin ��� are
alignedaccordingto their causalrelationship. We will
elaborateon this in the exampleat the later part of this
section.

In thebeginning, G is thesetof toplevel goals,��� is empty
and 	�6 containsfactsin theinitial state.Thus [$���³�\� �  ,9F���³�\� �  and Çj�E	�� � Çj��G\� . We start the extraction
processby goingbackwardsearchingfor theleastexpensive
action � supportingthefirst goal ¶ I . By leastexpensive,we
meanthat � contributesthesmallestamountto theobjective
function Çj�E	�� � Çj�����\� � Çj��G\� if � is addedto thecurrent
relaxed plan. Specifically, for eachaction � that supports¶ I , we calculatethevalue Ç � �E	ð� � Çj����� � �³� � Ç��L��G#"¶ I �   �����KX:´K½��S�����L� which estimatesthe heuristicvalue if
we add � to therelaxedplan. We thenchoosetheaction �
thathasthesmallestÇ � �E	�� value.

Whenanaction � is chosen,weput its preconditionsinto
the currentgoal list G , and its effects into the set of sup-
portedfacts 	�6 . Moreover, we order � to beexecutedand
finishedbefore theactionthathas¶ I asits precondition.Us-
ing thoseorderingrelationsbetweenactionsin ��� , we can
updatethe makespanvalue 9F�����\� of the current(partial)
relaxedplan. Thepositiveinteractionsaretakencareof by
merging theelementsin thesets	�6 and G . Thus,if anac-
tion in therelaxedplansupportsagoal �@¶%$§J]>&$P� at timepoint> ¦ ±�> $ thenwewill eliminate¶ $ from thesetof goals G .

In our ongoingexample,supposethatour objective func-
tion is Çj�E	�� �ÉV ��[$���Cæ©�WJ]9ñ���CæÀ�L� �Éí OÂ[$���Cæ©� � � ÈÛîí �WO 9F���CæÀ� , í£�  oO ÁDÁ andthe infinite-lookaheadcriterion is
usedto stopthecostpropagationprocess.Whenwestartex-
tractingtherelaxedplan,the initial settingis G � � =?> Í�=À� ,
��� �(' and �³6 � � =D> >�)©X7µb´K½C� . Amongthethreeactions� (32,�-�/54 , 9 /10:-�/54 and 6 .7-8/54 that supportthe goal =?> Í�= , we
chooseaction � � 6 .P-�/Q4 becauseif we add it to the re-
laxedplan ��� , thentheestimatedvalue ÇÀ�q��	�� � Çj����� ���� � Çj�]�EG*"�=?> Í�=l�   =?> ÆSÇo¹S� = � í Ãð[`_+ab_ ( �E6 .P-�/Q4 � � � È`îí �`Ã\�+)À�l�E6 .P-�/54 �]� �#� Ý�½ , � V ��[$��=?> Æ©Ç�¹©�WJ]>]�L� = (0.55*6.0
+ 0.45*1.5) + (0.55*1.5 + 0.45*1.5) = 5.475. This is the
smallestamongthe threeactions.After we add 6 .P-�/54 , we
updatethe goal set to G � � =?> Æ©Ç�¹�� . It is then easyto
comparebetweentwo actions � (32,�-�.Pã a and � ( *,�-�.Pã a to see
that � ( 2,�-�.Pã a is cheaperto achieve at-phx given the valueí �  oO ÁDÁ . The final cost [$���Cæ©� � Ñ�O  �°È OÂÁ � ÐlO Á
and makespanof 9ñ���CæÀ� �ÉÈ OÂÁ �°È OÂÁ � Î of the final

relaxed plan can be usedas the final heuristicestimationÇ���	�� �  oO ÁDÁCÃCÐlO Á �  oO õ�Á�Ã�Î � ÁlO õ�Ð§Á for thegivenplanning
problem.

Improving the relaxed plan heuristic estimation
with static mutex relation
We now discussa way of usingthestaticmutex relationsto
helpimprovetheheuristicestimationwhenextractingthere-
laxedplan. Specifically, our approachinvolve thefollowing
steps:

1. Find thesetof staticmutex relationsbetweentheground
actionsin the planningproblembasedon their negative
interaction.

2. Whenextracting the relaxed plan, besidesthe orderings
betweenactionsthathave causal-effect relationship(one
actiongivestheeffect thatsupportsotheraction’sprecon-
ditions),we alsoestablishtheorderingsaccordingto the
mutex relations.Specifically, whena new actionis added
to the relaxed plan, we usethe pre-calculatedstaticmu-
texesto:å

Establishordering betweenmutual exclusion action
pairssothatthey cannot beexecutedconcurrentlyå
Theorderingareselectedin suchawaythatthey violate
leastnumberof existingcausallinks in therelaxedplan.

By using the mutex relations, we can improve the
makespanestimation of the relaxed plan, and thus the
heuristicestimation. Moreover, in many cases,the mutex
relationscanalsohelp us detectthat the relaxed plan is in
facta valid plan,andthuscanleadto the early termination
of thesearch.Thedetailsarein TR.

Empirical evaluation
We implementedthe costpropagationtechniquediscussed
in thispaperandusedit in Sapa(Do & Kambhampati2001),
a forward statespacemetric temporalplanner. The main
aim of our experimentswas to demonstratethat Sapa(Do
& Kambhampati2001),armedwith costfunctionscaneffi-
cientlygenerateplansthatsatisfyavarietyof cost/makespan
tradeoff. Wetestedin onthesetof randomgeneratedtempo-
ral logisticsproblemprovidedwith TP4(Haslum& Geffner
2001).In this setof problems,we needto move4 packages
betweenlocationsin 3 differentcities. Therearemultiple
waysto move packages,eachoptionhasdifferenttime and



solving time (secs) makespan cost

prob, la 0 la 1 la - la 0 la 1 la - la 0 la 1 la -
zeno1 157 0.15 0.16 320 320 320 5 5 5

zeno2 - 38.40 0.78 - 990 880 - 22 15

zeno3 1.69 0.31 0.38 650 420 420 17 13 13

zeno4 - 0.32 0.36 - 420 420 - 13 13

zeno5 3.25 9.05 2.99 670 690 660 19 20 18

zeno6 238 0.27 0.33 330 330 330 10 10 10

zeno7 333 0.27 0.24 450 370 340 10 10 10

zeno8 177 0.17 0.20 200 200 200 6 6 6

zeno9 216 0.21 0.24 330 300 300 8 8 8

log 1 424 0.42 0.45 10 10 10 16 16 16

log 2 2.21 171 159 16.02 19.37 19.37 21 21 21

log 3 - - 0.99 - - 10.82 - - 13

log 4 4.28 0.55 0.62 7.42 7.12 7.12 16 12 12

log 5 - 1.93 2.23 - 12.42 12.42 - 16 16

log 6 2.43 2.28 2.59 16.42 16.42 16.42 21 21 21

log 7 3.64 2.71 34.61 19.32 17.32 26.29 29 27 30

log 8 6.53 3.88 - 17.32 15.32 - 29 27 -

log 9 3.60 3.55 4.01 20.42 20.42 20.42 31 31 31

Table1: Quality andsolving time comparisonfor different
terminationcriteria.

costrequirements.Airplanesareusedto movepackagesbe-
tweenairportsin differentcities.Moving by airplanestakes
only 3.0 time units, but is expensive, it costsus 15.0 cost
units. Moving packagesby trucksbetweenlocationsin dif-
ferentcitiescostsonly 4.0 costunits,but takeslongertime
of 12.0time units. We canalsomovepackagesbetweenlo-
cationsinsideonecity suchasofficesandairports.Driving
betweenlocationsin onecity will costus2.0unitsandtakes
2.0 time units. Load/unloadpackagesinto truck or airplane
takes1.0unit of timeandcost1.0unit.

We testedwith the first 20 problemsin the setwith the
objective function beinga linear combinationof both total
executioncost and makespanvaluesof the plan. Specifi-
cally, theobjective functionis setto

. �Äí OÂ[$���8ÍE=?½�� � � È�î�í �WO 9F�E�8Í�=?½��
We testedwith different í valuesrangingfrom í �  toí!� È . Among the techniquesdiscussedin this paper, we
usedsum-propagationrule, infinite look-ahead,and relax-
planextractionusingstaticmutex relation. Figure5 shows
how the averagecostandmakespanvaluesof the solution
changeaccordingto thevariationof the í value.Theresults
show that the total executioncostof the solutiondecrease
aswe increasethe í value(thus,giving moreweight to the
executioncostin theoverallobjectivefunction). In contrast,
when í decreases,thusgiving moreweightto themakespan,
thenthefinal costof thesolutionincreasesandthemakespan
valuedecreases.Theresultsshow thatour approachindeed
producessolutionsthat aresensitive to the objective func-
tionsthatinvolvebothtime andcost.

The right mostgraphin the Figure5 shows the average
solving time for this setof experiments.For all thecombi-
nationsof

� Æo��´0/WÍE� � J í � , 79%(173/220)aresolvablewithin
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our limit cutoff time of 300 seconds.The averagesolving
time is 19.99secondsand78.61%of the instancescanbe
solvedwithin 10 seconds.Thesolid line shows theaverage
solving time for different í values.Thedashedline shows
the averagesolving time if we take out the 20 (11%) com-
binationswherethe solving time is more than40 seconds
(morethan two timesthe averagevalue). We canseethat
while generallyhave larger deviations, solving the multi-
objectiveproblemsarenotsignificantlycostlierthansingle-
objective problems(which correspondsto theendpointsof
theplots).

Besidethequality of thesolution,our preliminaryresults
indicatedthatthesumandcombopropagationrulesaresimi-
lar andaremuchmoreinformativethanthemaxpropagation
rule. Moreover, in this testsuiteand limited teston some
metrictemporaldomains,oneandinfinite lookaheadoptions
work similar andaregenerallybetterthanzero-lookahead.
Table1 showsthecomparisonresultsfor zero,one,andinfi-
nite lookaheadfor thesetof metrictemporalplanningprob-
lemsthatcomewith Sapa. In this testsuite,theZenoflying
domaininvolvesmoving packagesbetweenthecitiesby air-
planeswith differentspeedsandthelogisticsdomainwhere
trucksandairplanesmovepackagesbetweendifferentloca-
tions.However, only airplanesareallowedto movebetween
cities. In both domains,airplanesand trucks are required



to have enoughfuels to executethe action. We set í¿� È ,
actions2 costsare1 unit andactiondurationsaredependent
on thedistancesbetweenlocations.In this testsuite,there-
sultsshow thatwhile oneandinfinite lookaheadwork sim-
ilar, they aregenerallybetterthanzero-lookahead,both in
termof solvingtimeandsolutionquality.

Sapain the Planning Competition
We enteredanimplementationof Sapa,usingseveralof the
techniquesdiscussedin thispaper, in therecentinternational
planningcompetition.In thecompetition,wefocusedsolely
on themetric/temporaldomains.Eventhoughactioncostis
notpartof thestandardPDDL 2.1languageusedin thecom-
petition, infinite-lookaheadunit-costpropagationemployed
in Sapahelpedit achieve very goodperformancein prob-
lems involving both metric andtemporalconstraints.Fig-
ure6, 7 and 8 show the comparisonresultsin the highest
level of PDDL2.1 setting(in termsof the complexities of
temporalandmetric constraintsinvolved) for the threedo-
mainsSatellite,Rovers,andZenoTravel. The first two are
inspiredby thereal-world applicationsbeinginvestigatedby
NASA andthethird is similarto theonedescribedin thispa-
per. Theresultswerecollectedanddistributedby theIPC3’s
organizersand can be found at (Fox & Long 2002). De-
tail descriptionsof domainsusedin thecompetitionarealso
availableat thesameplace.

Figure6 showsthatonly threeplanners(Sapa, MIPS,and
TP4)submittedresultsfor thecomplex settingof theSatel-
lite domain. In this setting,actiondurationsdependon the
settingof instrumentsaboarda particularsatelliteand the
directionsit needsto turn to. Moreover, eachsatellitehas
differentlimited capacityto storeonly a certainamountof
imagedata.Goalsinvolvetakingimagesof differentplanets
andstarslocatedat differentcoordinatedirections.Among
thethreeplanners,Sapawasableto solve themostnumber
of problems(16) with betterquality thanMIPS. TP4 pro-
ducedthebestquality solutions,but wasableto solve only
threesmallestproblems.

Next, in the Rover domain, the time setting requiresa
set of scientific analysis to be done using a number of
rovers. Eachrover carriesdifferentsetof equipments,and
hasdifferentenergycapacity. Moreover, eachrovercanonly
rechargeits batteryatcertainpoints,whichmaybeunreach-
able,thatareunderthesun. Figure7 shows thatonly Sapa
andMIPS wereableto handletheconstraintsinvolvedwith
this problemset. Sapaagainsolvedmoreproblems(11 vs.
9) thanMIPS andalsoreturnedbetteror equalquality so-
lutions in all but onecase.In the timesettingfor theZeno-
Travel domain,which is similar to theonediscussedin the
previoussection,Figure8 shows thatSapa, MIPS andLPG
aretheonly threeplannersthatsubmittedtheresults.MIPS
wasableto solvethemostnumberof problems(20)but Sapa
wasnot farbehind(15). Thequalityof solutionsreturnedby
SapaandMIPSaresimilarandaregenerallybetterthanLPG
(quality setting)in this domain.

In summary, the competitionresultsshowed thatSapais
oneof thebestplannersin IPC3in solvingproblemsinvolv-
ing bothmetricandtemporalconstraints.
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Related Work and Discussion
Although there have been several recent domain-
independentheuristicplannersaimedat temporaldomains,
most of themhave beenaimedat makespanoptimization,
ignoringthecostaspects.For example,bothTGP(Smith&
Weld 1999)aswell asTP4(Haslum& Geffner 2001)focus
on makespanoptimizationand ignore the cost aspectsof
theplan. As we havearguedin this paper, ultimatelymetric
temporal plannershave to deal with objective functions
that are basedon both makespanand cost. One recent
researcheffort that recognizesthe multi-objective nature
of planning is Refanidis’ MO-GRT system(Refanidis &
Vlahavas2001). On one hand,the MO-GRT approachis
more generalthan our approachin the sensethat it deals
with the setof non-combinablequality metrics. MO-GRT
approachhowever treatstime similar to other consumable
resources(with infinite capacity). Temporal constraints
on the planningproblems(suchas when shouldan effect
occur during the courseof action), goal deadlines,or the
concurrency betweenactionsareignored to scaledown the
problemto the classicalplanningassumptions.Multi-Pegg
(Zimmerman2002)is anotherrecentplannerthatconsiders
cost-time tradeoffs in plan generation. Multi-Pegg is
basedon Graphplanapproach,and focuseson classical
planningproblemswith non-uniformcostactions.ASPEN
(Chienet. al. 2000)is anotherplannerthat recognizesthe
multi-attribute natureof plan quality. ASPEN advocates
an iterative repairapproachfor planning,that assumesthe
availability of a variety of plan repair strategies and their
characterizationin terms of their effects on the various
dimensionsof planquality.

Althoughweevaluatedourcost-sensitiveheuristicsin the
context of Sapa, a forward chainingplanner, the heuristics
themselvescanalsobe usedin other typesof planningal-
gorithms.For example,TGPcanbemadecost-sensitive by
making it propagatethe cost functionsaspart of planning
graphexpansion.Thesecostfunctionscanthenbe usedto
guideits backwardbranch-and-boundsearch.A similar ap-
proachin classicalplanninghasbeenshown to besuccessful
in (Kambhampati& Nigenda2000).

Ourwork is alsorelatedto otherapproachesthatuseplan-



ning graphsasthebasisfor deriving heuristicestimatesuch
asSapa3 (Do & Kambhampati2001),Graphplan-HSP(Kamb-
hampati& Nigenda2000),AltAlt(Nguyen, Kambhampati,
& Nigenda2001),RePOP(Nguyen& Kambhampati2001),
andFF(Hoffmann2000).In thecontext of theseefforts,our
contributioncanbeseenasproviding away to trackcostin-
formationon planninggraphs.An interestingobservationis
thatcostpropagationis in somewaysinherentlymorecom-
plex thanmakespanpropagation.For example,onceasetof
literalsentertheplanninggraph(andarenotmutuallyexclu-
sive), the estimateof the makespanof the shortestplan for
achieving themdoesnot changeaswe continueto expand
the planninggraph. In contrast,the estimateof the costof
the cheapestplan for achieving themcanchangeuntil the
planninggraphlevels off. This is why we hadto carefully
considerthe effect of differentcriteria for stoppingthe ex-
pansionof the planninggraphon the accuracy of the cost
estimates.

In this paper, we concentratedon developingheuristics
that can be sensitive to multiple dimensionsof plan qual-
ity (specifically, makespanandcost). An orthogonalissue
in planningwith multiple criteria,thatwe did not explicitly
addresshere,is how the variousdimensionsof plan qual-
ity shouldbe combinedduring optimization. The particu-
lar approachwe adoptedin our empirical evaluation–viz.,
consideringa linearcombinationof costandcoverage–isby
no meansthe only reasonableway. Other approachesin-
volvenon-linearcombinationsof thequalitycriteria,aswell
as“tiered” objective functions(e.g. rank plansin termsof
makespan,breakingtiesusingcost). A relatedissueis how
to help the userdecidethe “weights” or “tiers” of the dif-
ferentcriteria. Oftentheusersmaynot beableto articulate
their preferencesbetweenthevariousquality dimensionsin
termsof preciseweights.A morestandardapproachout of
this dilemmainvolvesgeneratingall non-dominatedplans
(the so-called“pareto-set”(Dasgupta,Chakrabarti,& De-
Sarkar2001;Papadimitriou& Yannakakis2001)),andpre-
sentingthemto theuser(unfortunately, oftenthesetof non-
dominatedplans can be exponential(c.f. (Papadimitriou
& Yannakakis2001))). The user is then expectedto pick
the plan that is mostpalatableto them. Further, the users
may not actually be able to judge the relative desirability
of planswhenthe problemsarecomplex andthe plansare
long. Thus,amorepracticableapproachmayinvolveresort-
ing to otherindirect methodssuchaspreferenceelicitation
techniques(c.f. (Chajewskaet. al. 1998)).

Conclusion
In this paper, we addressedtheproblemof deriving heuris-
tics that are able to estimateboth the cost and makespan
of a plan for achieving a set of literals. We arguedthat
this involvesestimatingthecostof individual literals(goals)
as a function of time. We describedtechniquesfor com-
putingthesecostfunctionsusingtemporalplanninggraphs.
Wediscussedhow thesetime-sensitivecostfunctionscanbe
usedasthebasisfor deriving heuristicsto supportany objec-
tivefunctionbasedonmakespanandexecutioncost.Finally,
we implementedtheseheuristicson top of Sapa, andempir-
ically demonstratedthat they facilitateefficient generation

of plansthat offer a large variety of cost-makespantrade-
offs. We also discussedSapa’s performancein the recent
internationalplanningcompetition. The resultshereshow
thatSapais oneof thebestperformersin themostcomplex
metric/temporaldomains.

While we consideredcostof a plan in termsof a single
monetarycostassociatedwith eachaction,in morecomplex
domains,thecostmaybebetterdefinedasavectorcompris-
ing thedifferenttypesof resourceconsumption.Further, in
additionto costandmakespan,wemayalsobeinterestedin
othermeasuresof plan quality suchasrobustnessandexe-
cutionflexibility of theplan.Our longertermgoalis to sup-
portplangenerationthatis sensitive to theseextendedsetof
tradeoffs. To thisend,weplanto extendourmethodologyto
deriveheuristicssensitive to avarietyof quality measures.
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