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Abstract

Real world plannersneedto be sensitie to the quality of

the plansthey generate. Unlike classicalplanning where
quality is often synorymous with planshaving leastnum-

ber of actions,in temporalplanning plan quality is multi-

dimensional. It involves both temporalaspectsf the plan

(suchas makespan slack, tardiness)and executioncost as-
pects(suchascumulatve actioncost,resource&eonsumption).
Until now, mostdomain-independenémporalplannershave

concentratedolely on theformer, ignoringthelatter. In this

paper we considerthe problemof developingheuristicsthat
aresensitve to both makesparandcost,anddevelop a plan-

ning graph-base@pproachfor this purpose. Our approach
involvesaugmentinga (temporal)planninggraphdatastruc-
turewith amechanisnto trackthe executioncostof thegoals
and subgoals. Sincethe costof achieving a goal is depen-
denton the amountof available time, we needto track the

costof aliteral asa functionof time. We presenta method-
ology for efficiently trackingthe costfunctions,anddiscuss
how they canbe usedasthe basisfor derving heuristicsto

supportary objective function basedon makespanand exe-

cution cost. We demonstrat¢he effectivenesof this general
methodfor deriving cost-and makespan-sensite heuristics
in the context of Sapaa forward chainingplannerfor metric

temporaldomainghatwe have beendeveloping. A versionof

Sapausinga subsebf thetechniquegliscussedn this paper
wasoneof thebestdomainindependenplannerdor domains
with metricandtemporalconstraintsn thethird International
PlanningCompetition heldat AIPS-02.

I ntroduction

Of late, there hasbeenincreasednterestin the planning
communityto leveragethe successem heuristiccontrol of
classicalplannersto tackle the more realistic metric tem-
poral planningproblems. Developing heuristicsfor metric
temporalplanningis complicatedy themulti-objectivena-
ture of the problem.In contrasto classicalplanning,where
the heuristicsneedonly be sensitve to the “length” of the
plans,in metric temporalplanning,the usermay be inter-
estedin improving eithertemporalquality of the plan (e.qg.
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makespan)or its cost(e.g. cumulative action cost, cost of

resourcegonsumecktc.),or moregenerally acombination
thereof.! Consequentlyeffective plan synthesisrequires
heuristicsthat are able to track both theseaspectsof an
evolving plan.

Until now, mostdomain-independertemporalplanners
have concentratedsolely on optimizing makespan (c.f.
(Haslumé& Gefiner2001;Smith& Weld1999;Do & Kamb-
hampati2001)), a temporalaspectof plan quality. Con-
sequently most heuristicsfor temporalplannersare only
sensitve to temporal aspects(more specifically just to
makespan).We areinterestedn developingheuristicsthat
aresensitve to bothtemporalandcostaspect®f planqual-
ity, sothatwe caneffectively handlethe multi-objective na-
ture of temporalplanning. An importantchallengehere,as
illustratedby the examplebelow, is thatthe costandtempo-
ral aspect®f a planareofteninter-dependent:

Example: Supposeve needto go from Tucsonto Los An-
geles.Thetwo commonoptionsare: (1) rentacaranddrive
from Tucsonto Los Angelesin onedayfor $1000r (2) take
a shuttleto the Phoenixairportandfly to Los Angelesin 3
hoursfor $200. The first option takes more time (higher
makespan)but less mongy, while the secondone clearly
takeslesstime butis moreexpensve. Dependingonthespe-
cific weightsthe usergivesto eachcriterion,shemay prefer
thefirst option overthe secondr vice versa.Moreover, the
users decisionmay alsobe influencedby otherconstraints
on time and costthat areimposedover the final plan. For
example,if sheneeddo bein Los Angelesin six hoursthen
shemay be forcedto choosethe secondoption. However,
if shehasplenty of time but limited budget,thenshemay
choosehefirst option.

Thesimpleexampleabove shovs thatmakesparandexe-
cution cost,while nominally independenbf eachother, are
neverthelesgelatedin termsof the overall objectie of the
userandthe constrainton a given planningproblem.More
specifically for a given makespanthreshold(suchasto be
in LA within six hours) thereis a certainestimatedsolution
costtied to it (shuttlefee andticket price to LA) andvice
versa.Thus,in orderto find plansthataregoodwith respect

! Another dimensionof optimizationinvolves executionflexi-
bility (e.g.slack,lateng etc.). In the currentpaperwe ignorethis
dimensionandconcentrat@n costandmake-spartradeofs.



to bothcostandmalkespanye needheuristicghattrackcost
of asetof (sub)goalsasa functionof time.

Sincethe cost of achiering a goal is dependenbn the
amountof availabletime (seethe exampleabove), we intro-
duceanapproacho trackthe costof aliteral asafunctionof
time. (Figure 3, to be discussedater, shows the costfunc-
tions for subgoalsn an extendedversionof the travel ex-
ample). Specifically the costincurredto achieve factsand
to executeactionsare estimatedoy costpropagationwhile
building the temporalplanninggraph. Thesecostfunctions
canin turn beusedto estimatethe achiezementcostof a set
of goalsfor a given makespanboundandvice versa We
presenthe methodologyfor efficiently maintainingthe cost
functions, and discusshow thesetime-sensitie costfunc-
tions canbe usedasthe basisfor deriving heuristicsto sup-
port ary objective function basedon makespanand execu-
tion cost. Finally, we empiricallydemonstrat¢he effective-
nessof our heuristican generatingplansthat offer a variety
of cost-malespartradeofs. Our experimentsaredonewith
Sapa a forward chaining plannerfor metric temporaldo-
mainsthat we have beendeveloping (Do & Kambhampati
2001).

A versionof Sapausinga subsetof the techniquedis-
cussedn this papemwasoneof the bestdomainindependent
plannerdor domainswith metricandtemporakonstraintsn
thethird InternationalPlanningCompetition,held at AIPS-
02. In fact, it is the bestplannerin termsof solutionqual-
ity and numberof problemssolved in the highestlevel of
PDDL2.1 settingusedin the competitionfor the two do-
mainsSatelliteandRovers, whichareinspiredby real-world
applicationseinginvestigatedy NASA.

The paperis organizedas follows: first we describethe
temporal planning problem and the action representation
that we assume.Next, we discussthe problemof how to
build a temporal planning graph and use it to propagate
the costinformation. The next two sectionsshov how the
propagatednformationcanbe usedto estimatethe costof
achieving the goalsfrom a given state. Then, we discuss
how the mutualexclusionrelationscanhelpto improve the
heuristicestimation. We continuewith sectionson empiri-
cal resultsof usingour heuristicsin Sapa We concludethe
paperwith adiscussioron relatedwork, the conclusionand
thefuturework.

Action Representation

Thissectionprovidesthebackgroundntheactionrepresen-
tation and differenttypesof constraintdn the the temporal
planningproblems.Unlike actionsin classicalplanning,in
planningproblemswith temporaland resourceconstraints,
actionsarenot instantaneoubut have durations.Their pre-
conditionsmay eitherbeinstantaneousr durative andtheir
effectsmay occurat any time point during their execution.
EachactionA hasadurationD 4, startingtime S 4, andend
time (B4 = Sa + D4). Thevalueof D4 canbe stati-
cally definedfor a domain,statically definedfor a particu-
lar planningproblem,or canbe dynamicallydecidedat the
time of execution. Action A haspreconditionsPre(A) that
mayberequiredeitherto beinstantaneouslyrueatthetime
point S4, or requiredto be true startingat S4 andremain

true for somedurationd < D 4. Thelogical effects Eff(A)
of A are instantaneousnd occur at time points S4 + d
(0 < d < Dy). If d > 0thenthey are called delayed
effectsastheir onsetis delayedwith respecto actionstart
time. Actionscanalsoconsumeor producemetricresources
andtheir preconditiongnayalsowell dependnthevalueof
the correspondingesource.Eachactionis associatedvith
the costvalue,which representshe total money we needto
spendo executethataction.

We shallnow illustratethe actionrepresentatiom a sim-
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 graphicallythe
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 compary, which has faster but
more expensve cars(Carl) , they canonly go to Phoenix
(PHX) or Las Vegas(LV). However, if they decideto rent
a car from the secondcompaty (Car2), which is slower
but cheaper then they can useit 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-carl-tucson-
phoenix(D;, ), drive-carl-tucson-I(Dy",, ), drive-car2-
tucson-phoeniXD;Z, ), drive-car2-tucson-IgD;?,, ), fly-
airplane-phoenix-la(F,_,), anduse-tain-Iv-la (I;y—q).
Each move (by car/airplane/trainjaction A betweentwo
cities X andY requiresthe preconditionthat the students
shouldbeat X (at(X))atthebeginningof A. Therearealso
two temporaleffects: —at(X) occursat the startingtime
pointof A andat(Y") atthe endtime point of A. The du-
rationsand executioncost valuesfor six actionsdescribed
above areshowvn in theright side of Figurel. In this case,
the costsof moving by train or airplaneare the respectre
ticket prices,andthe costsof moving by rentalcarsinclude
therentalfeesandgas(resourcexosts.

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 zeo costsandthateachactionhassomeex-
ecutioncost. Thus, to evaluatethe costof a setof goals
from a given state, we needto propagatehe costsfrom the
initial stateto the goalsusingthe mutualdependenciebe-
tweenfactsandactions. Specifically the costto achieve a
factdepend®nthe costto executetheactionssupportingt,
whichin turn dependsn the coststo achieve factsthatare
their preconditions Giventhatthe planninggraphis anex-
cellentstructureto representherelationbetweerfactsand
actions,we will usethe temporalplanninggraphstructure
(TGP(Smith& Weld 1999))as a substratefor propagating
the costsinformation.

In this section,we startwith abrief discussiorof the data
structuresusedfor the cost propagatiornprocess. We then
continuewith the detailsof the propagatiorprocessandthe
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Figurel: Thetravel example

criteriausedto terminatethe propagation.

The Temporal Planning Graph Structure

ThetemporalplanninggraphG is abi-level graph,with one
level containingall facts andthe othercontainingall actions
in the planningproblem. Eachfactlinks to all actionssup-
portingit, andeachactionlinks to all factsthatbelongto its
preconditionandeffect lists? As we will seein moredetail
in the later part of this section,we build the temporalplan-
ning graphby incrementallyincreasinghe time (makespan
value) of the graph. At a giventime point ¢, an action A
is activatedif all preconditionsof A canbe achieved at ¢.
To supportthe delayedeffectsof the activatedactions(i.e.,
effects that occur at the future time points beyond t), we
alsomaintainan eventqueue@ = {ey, ez, ...€, } sortedin
the increasingorder of eventtime. Eacheventis a 4-tuple
e = (f,t,c, A) in which: (1) f is the factthate will add;
(2) t is the time point at which the event will occur; and
(3) c is the costincurredto enablethe executionof action
A which causes:. For eachaction A, we introducea cost
functionC(A,t) = v to specifytheestimatedtostv thatwe
incurto enabled’s executionattime pointt. In otherwords,
C(A,1) is theestimateof the costincurredto achieve all of
A’s preconditionsat time point ¢. Moreover, eachaction
will alsohave an executioncost (Ce,..(A)), which is the
costincurredin executing A (e.gticket price for fly action,
gascostfor driving a car). For eachfact f, a similar cost
functionC(f,t) = v specifieghe estimatedtostv incurred
to achieve f attime pointt.

In the original Graphplaralgorithm(Blum& Furst1995),
there is a processof propagationof mutex information,
which captureshe negative interactionsbetweendifferent
propositionsandactionsoccurat the sametime (level). To
simplify thediscussionin this papemwewill neglectthemu-
tex propagatiorandwill discussthe propagatiorprocessn
thecontext of therelaxed problemin whichthedeleteeffects
of actions,which causethe mutex relations, are ignored.
Later, we will discusshow thetemporalmutex relationsuch

2Thebi-level representatiohasbeenusedin theclassicaplan-
ning to save time andspace but as Smith & Weld(Smith& Weld
1999) shaved, it makes even more sensein the temporalplan-
ning domainsbecausehereis actuallyno notion of level. All we
have are a setof facts/actiomodes,eachone encodinginforma-
tion suchasthe earliesttime point at which the fact/actioncanbe
achieved/executed,and the lowestcostincurredto achieve them
etc.

Function PropagateCost
Currenttime: t. = 0;
Apply(Ainit, 0);
while Termination-Criteria# true
Getearliestevente = (fe, te, ce, Ae) from Q;
te =te;
if cc < C(f,tc) then
Update:C(f,t) = ce
for all actionA: f € Precondition(A)
NewCot =CotA re te(A,tc);
if NewCo t < C(A,t.)then
Update:C(A,t) = NewCo t(A),t. t< ;
Apply(A,tc);
End PropagateCost

Function Apply(A,t)
For all A'seffectthatadd f at ddo
Q=Q e=(fit d,C(At) Cec ec(A),A) ;
End Apply(A,t);

Figure2: Main costpropagatioralgorithm

asthe onesdiscussedn TGP(Smith& Weld 1999)canbe
usedto improve the costpropagatiorand heuristicestima-
tion processes.

Cost propagation procedure

As mentionedabove, our generalapproachis to propa-
gatethe estimatedcostsincurredto achieve factsand ac-
tions from the initial state. As a first step, we needto
initialize the cost functions C(4,t) and C(f,t) for all
factsand actions. For a giveninitial stateS ,, ¢, let F' =
{f1, f2---fn} bethe setof factsthat aretrue at time point
t e and{(f,t1),...(f ,t )}, beasetof outstandingos-
itive eventswhich specify the addition of facts f at time
pointst > t,;. We introducea dummy action 4 ,
to representS ,, ; where A , ; (1) requiresno precondi-
tions; (2) hascost Cezec(A ¢) = 0 and (3) causesthe
eventsof addingall f att,: andf attime pointst . At
the beginning (¢t = 0), the event queue( is empty the
cost functionsfor all factsand actionsare initialized as:
CAtY) = ,C(f,t)= , 0Lt ,andA . ; is
theonly actionthatis applicable.

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



parts:onefor applyinganactionandtheotherfor activating
aneventrepresentingheaction's effect.

Applying an action: Whenan action A is applied,we (1)

augmentheeventqueue) with eventscorrespondingo all

of A’seffects,and(2) updatethecostfunctionC(A, t) of A.

Activating an event: Whenanevente = (f.,t.,C., A.),

which representsn effect of A, occurringattime point ¢,

andaddfact f, with costC, is activated,the costfunction
of thefact f. is updatedf C,  C(f.,t.). Moreover, if the
newly improved costof f. leadsto a reductionin the cost
functionsof anaction 4 that f. supportgdecidedby func-
tion C tA re ate(A,t) in line 11 of Figure 2) thenwe
will (re)applyA to propagatef.’s new costof achiasement
to the costfunctionsof A andits effects.

At ary giventime pointt, C(A,t) is an aggregatedcost
(returnedby functionC'  tA re ate(A,t)) to achieve all
of its preconditions.The aggrgationcanbe donein differ-
entways:

1. Max-propagation:
C(A,t)= a {C(f,t) f Prec

2. Sum-propagation:
C(At)= {C(f,t) f Prec

3. Combo:
C(A,t)=0. ( a {C(f,t) f Prec d(A)})
+0. ( {C(f,t) f Prec d(A)})

The first method assumeghat all preconditionsof an
action dependon each other and the cost to achieve
all of them is equalto the cost to achieve the costliest
one. This rule leadsto the underestimatiorof C'(A4,t)
and the value of C(A,t) is admissible. The second
method(sum-popagation) assumeghat all factsare inde-
pendent.Although clearly inadmissiblejt hasbeenshavn
(c.f.(Nguyen Kambhampati& Nigenda2001;Bonet,Loer-
incs, & Geffner 1997))to be more effective thanthe max-
propagation. The last methodcombinesthe two and basi-
cally triesto accountfor the dependeng betweendifferent
factsin the sum-pppagation

Whenthe costfunction of one of the preconditionsof a
givenactionis updatedtheC' tA re ate(A,t) function
is calledandit usesoneof the methodsdescribedabove to
calculateif the costrequiredto executean action hasim-
proved(reduced)’ If C(A,t) hasimproved,thenwewill re-
apply A (line 12-14in Figure2) to propagatehe improved
costto the costfunctionsof its effects?

Finally, theonly remainingissuein the mainalgorithmil-
lustratedin Figure? is theterminationcriteria for the prop-
agationwhichwill bediscussedh detailin thenext section.

Coming back to our running example, the left side of
Figure 3 shaws graphicallythe time points at which each
action can be applied (C (A4, t) ) and the right side

d(A)} or

d(A)} or

3Propagatiorrule (2) and (3) will guaranteea lower cost of
C(A,t) when the cost function one of A’s preconditionis im-
proved. However, it' s nottruefor rule (1).

“Notice that becausewe increasetime in stepjump by going
througheventsin the event queuethe costfunctionsfor all facts
and actionswill appearas step-functiongeven thoughtimesare
measuredontinuously)

shavs how the cost function of facts/actionschangeas
the time increases. Here is an outline of the updatepro-

cessin this example: at time point ¢t = 0, four ac-
tions can be applied. They are D{%,,, D;?,,, D',
D;?,,,- Theseactionsadd 4 eventsinto the event queue
Q ={er = (at- ,t = .0,c = .0,D), e2 =
<at— EE JD§2—>p>7 € = <a‘t— v, -, '07D§1_>lv)7
e = (at_a, .0, .0,D;? . )}. After we advancethetime
tot = .0, thefirst evente; is actvatedandC'(at- ,t)

is updated. Moreover, becauseat. is a precondition
of Fp_,, we alsoupdateC(F,—,,t) atte = .0 from
to 2.0 andput anevente = (at-a, . , .0,Fpia),
which represents,_,;,’s effect, into Q. We thengo on
with the secondevent(at. , ., . ,D;?, ) andlower
the costof the factat_ andaction F,_,;,. Evente =
(at-a, .0, . ,Fp_,) is addedas a result of the newly
improved costof F,_,;,. Continuingthe processwe up-
datethe costfunction of at_ a onceattime pointt = . ,
andagainatt = .0 as the delayedeffects of actions
F,_,i, occur At time pointt = . , we updatethe cost
value of at_ v andactionT},_,;, and introducethe event
e = (at_a, .0, . ,T;,—1,). Notice that the final event
e = (at_a, .0, .0,D;,, ) representinga delayedeffect
of actionD;?,, appliedatt = 0 will notcauseary update.
This is becausehe costfunction of at_ a hasbeenupdated
to valuec = c. attimet= .0 t. = .0.
Besidethe valuesof the cost functions, Figure 3 also
shows the supportingactions(SA(f,t)) for the fact (goal)
at_ a. We canseethatactionT},_,;, givesthe bestcostof

C(at-a,t) = . fort .0 andaction F,,_,;, givesbest
costC(at_a,t) = . for .0<t¢ . andC(at_ a,t) =
Ofor . <t .0. Theright mostgraphin Figure3

shaws similar cost functionsfor the actionsin this exam-
ple. We only shaw the costfunctionsof actionsTy, _,;, and
F,_,1, becausehe otherfour actionsarealreadyapplicable
attime pointt ,, ; = 0 andthustheir costfunctionsstabilize
atO.

Termination criteriafor the cost propagation
process

In this section we discusgheissueof whenwe shouldter-
minatethe cost propagationprocess. The first intuition is
that we shouldnot stop the propagatiorwhenthere exists
top level goalsfor which the costof achiezementis still
(unreachedjoal). On the otherhand, given our objective
functionof findingthecheapestvayto achievethegoals,we
neednot continuethe propagatiorwhenthereis no chance
thatwe canimprove the costof achieving the goals. From
thoseintuitions, following are several rules that constraint
thetermination:
Deadlinetermination: Thepropagationshouldstopattime
point ¢ if: (1) a G Dead e(G) < t, or (2)
a G (Dead e(G) t) (C(G,t)= ).

The first rule governsthe hard constraintson the goal
deadlinesjt implies that we shouldnot propagatebeyond
thelatestgoaldeadling(becausery costestimationbeyond
thatpointis useless)or we cannotachieze somegoalby its
deadline.



Figure3: Costfunctionsfor factsandactionsin the travel example.

With theobsenationthatthepropagatedostscanchange
only if we still have someeventsleft in the queuethat can
possiblychangehecostfunctionsof aspecificpropositions,
we have the secondgenerakule regardingthe propagation:
Fix-point termination: Thepropagationshouldstopwhen
there are no more eventthat can deceasethe costof any
proposition.

The secondrule is a qualificationfor reachingthe fix-
point in which thereis no gain on the costfunction of ary
factor action. It canbethoughtof asanalogouso theideaof
growing theplanninggraphuntil it levels-of in theclassical
planning.

Stoppingthe propagationaccordingto the two general
rules above leadsus to the best(lowestvalue) achiezable
cost estimationfor all propositionsgiven a specificinitial
state.However, therearesituationsn whichwe maywantto
stopthe propagatiorprocessarlierdueto severalreasons.
First, propagatioruntil the fix-point wherethereis no gain
on the costfunction of ary fact or action may be costly®
Second the costfunctionsof the goalsmay reachthe fix-
point long beforethefull propagatiorprocesss terminated
accordingto the generalrules discussedbove, wherethe
costsof all propositionsandactionsstabilize.

Giventheabove motivations,we introduceseveral differ-
entcriteriato stopthe propagatiorearlierthanis entailedby
thefix-point computation:

Zero-lookahead approximation: Stopthe propagation at
the earliesttime point ¢ wheee all the goalsare readable
(C(G, 1) )-

One-lookahead approximation: Attheearliesttimepoint
whete all thegoalsare reacable executeall theremaining
eventsin the eventqueueand stopthe propagation.

One-lookaheadpproximationlooks aheadone stepin
the (future) event queuesvhenone pathto achieve all the
goalsundertherelaxedassumptions guaranteeéndhopes
thatexecutingall thoseeventswould explicatesomecheaper
pathto achieve all goals®

Zero andone-lookaheadre examplesof a moregeneral
k-lookaheadapproximatiorin which we startextractingthe

5It hasbeenpointedout in AltAlt(Nguyen, Kambhampati&
Nigenda2001) that growing the classicalplanninggraphuntil it
levels-of is very costlyin mary problems.

®Note that even if noneof thoseeventsis directly relatedto
the goals,their executionscanstill leadto better(cheaperpathto
reachall thegoals.

heuristicvalueassoonasall the goalsarereachablecorre-
spondgo zeo-lookaheadandcontinuingto propagateuntil
thefix-point correspondso theinfinite (full) lookahead The
rationalebehindthek-lookaheadpproximatioris thatwhen
all thegoalsappeayrwhichis anindicationthatthereexistsat
leastone(relaxed) solution,thenwe will look aheadoneor
morestepgo seeif we canachieve someextraimprovement
to thecostof achiezing thegoals(andthusleadto lower cost
solution).For backwardplannersvherewe only needto run
thepropagatioronetime, infinite-lookaheadr higherlevels
of lookaheadnay pay off, while in forward plannersnvhere
we needto evaluatethe costof goalsfor eachsinglesearch
stateJowervaluesof maybemoreappropriate.
Comingbackto our travel example,zero-lookaheadtops
the propagationprocessat the time point¢ = . and
the goal costis C( _a, . ) = .0. The action chain
giving that costis {(D;', ,, Fp1,}- With one-lookahead,
we find the lowest cost for achieving the goal _a is
C( _-a, .0) = .0anditis givenby theaction(D;2,, ).
With two-lookaheadapproximation, the lowest cost for
~aisC( _a, .0) = . andit is achieved by cost
propagatiorthroughthe action set {(D;,,,, Tiv—1a)}. In
this example, two-lookaheadhas the sameeffect as the
fix-point propagation(infinite lookahead)if the deadline
to achive _a is laterthant = .0. If it is earlier
sayDead e( _-a) = ., thenthe one-lookaheaavill
have the sameeffect as the infinite-lookaheadoption and
givesthe costof C( _a, .0) = for the actionchain

{D§2—>p z) FP :L‘—)la,}-

Heuristics based on propagated cost functions

Oncethe propagatiorprocesgerminatesthe time-sensitie
costfunctionscontainsufiicientinformationto estimatethe
heuristicvalueof ary given state. Specifically supposehe
planninggraphis grown from a stateS. Thenthe costfunc-
tionsfor the setof goalsG = {( 1,%1),( 2,t2)---( n,tn)},
t = Dead e( ) canbeusedto derivethefollowing esti-
mates:

Theminimummakesparestimatefor a planstartingfrom
S, T(P ) is givenby theearliesttime point  (where

is the earliesttime point at which all goalsare reached
with finite costC/( ,t) )

The minimum cost estimateof a plan starting from S
andachieving a setof goalsG, C(P , ), canbecom-



puted by aggreyating the cost estimatesfor achieving
eachof theindividual goalsat their respectie deadlines
(C( ,dead e( ))).” Noticethatwe use to denote
thetime pointatwhichthecostpropagatiorprocesstops.
Thus, isthetime pointatwhich the costfunctionsfor
all individualgoalsC(f, ) havelowestvalue.

For eachvalue ¢ t , the cost estimate
of a plan C(P ,t), which can achieve goals within a
givenmalkesparlimit of ¢, is theaggreyationof thevalues
c( ).

Themakesparandthecostestimate®f astatecanbeused
asthe basisfor deriving heuristics. The specificway these
estimatesarecombinedo computethe heuristicvaluesdoes
of coursedependnwhattheusers ultimateobjectve func-
tion is. In the generalcase,the objective function would
beafunction f(C(P ),T(P )) involving boththecostand
malkesparvalueof theplan. Suppos¢hattheobjectivefunc-
tion is alinearcombinationof costandmakespan:

S)=fCFP),TP)= CP)+( )T(P)
If the useronly caresaboutthe makesparnvalue( = 0),
then (S) =T(P )= . Similarly, if theuseronly cares
aboutthe plancost( = ), then (S) = C(P, ).
In the more generalcase,where 0 , thenwe
have to find the time point ¢, <t < , suchthat

«(S) = f(C(P ,t),t)= .C(P ,t)+( ).t hasmin-
imum value.

In our ongoing example, given our goal of being in
Los Angeles (at la), if = 0, the heuristic value is

S)y= = which is the earliesttime point at which
C(at_ a,t) . The heuristicvalue correspondso the
propagatiorthroughactionchain (D2, ,, Fj,s10). If - =
andDead e(At 4) .0, then (S) = ., whichis
the cheapestostwe cangetat time point = .0. This
heuristicvaluerepresentanothersolution(D;,; , Ty—s14)-

Finally, if 0 ,say = 0. ,thenthelowestheuris-
tic value (S) = .C(P ,t)+( ).tis (S)=0.

. +0. 0= attime point . t= .0
For =0. ,thisheuristicvalue (S) = corresponds

to yetanothersolution(D;?, , Fj 14)-

Notice thatin the generalcasewhere0 , even
thoughtime is measuredcontinuously we do not needto
checkevery time point ¢: t to find the value
where (S) = f(C(P ,t),t) isminimal. Thisis dueto the
factthatthe costfunctionsfor all facts(includinggoals)are
stepfunctions Thus,we only needto compute (S) atthe
time pointswhereoneof thecostfunctionsC( ,t) changes
value.In our exampleabore, we only needto calculateval-
uesof (S)at = . ,t= .0and = .0torealizethat

(S) hasminimumvalueattimepointt = .0for = 0.

’If we consider asthe setof preconditiongor adummyac-
tion thatrepresentshe goalstate thenwe canuseary of the prop-
agationrules (max/sum/combojo directly estimatethe total cost
of achieving the goalsfrom the giveninitial state. Amongall the
differentcombinationsbetweerthe propagatiorrules andthe ag-
gregationrulesto computethetotal costof thesetof goals , only
themax-maxmax-propagatioto updateC( ;,t), andcostof is
themaximumof thevaluesof C( ;, e dline( ;))isadmissible.

Goals: = ( ,t),( ,t) (ntn)
Actionsin therelaxed-plan: P =
Supportedacts: = f fe€ mniti l ¢t te
While #
Selectthebestaction A thatsupport
P= P A
t =t r(A)
Updatemalesparvalue ( P)ift < ( P)
For all f € ffect(A)addedby A after
durationt from startingpointof A do

= (fit t)
For all f € Precondition(A) s.tC(f,t ) 0do
= (f,t)
If (s,t)€ ,(4t)€ t <t; Then

= (isti)
End while;

Figure4: Procedureo extracttherelaxedplan

Computing Cost from therelaxed plan

To take into accountthe positive interactionsbetweenfacts
in the planningproblems,we canalso do a non-backtrack
searchfrom the goalsto find a relaxed plan. Then, the
total executioncostof actionsin the relaxed plan and its
makespanof the relaxed plan canbe usedto calculatethe
heuristicestimation.Besidesa possiblybetterheuristices-
timation, works on FF(Hoffmann2000) points out that ac-
tionsin the relaxed plan canalsobe usedeffectively to fo-
custhe searchon the branchesurroundingthe relaxed so-
lution. Moreover, extractingthe relaxed solutionallows us
to usethe resourceadjustmentechniquegliscussedn (Do
& Kambhampat?001)to improve the heuristicestimations.
The challengehereis how to usethe costfunctionsto de-
velopthe bestrelaxed plan. For the restof this section,we
will discusghe problemof how to extracttherelaxedtem-
poralplanusingthe propagateaostfunctions.
For a given initial state S and the objectve function

(S) = f(C(P),T(P)), agreedyprocedureto find a
relaxed planwith the leastheuristicvalue giventhe tempo-
ral planninggraphis describedn Figure4. First,let P
be the setof actionsin the relaxed plan, SF' be the setof
time-stampedacts(f ,¢ ) thatarecurrentlysupportedand
G be the setof currentgoals. Thus, SF is the collection
of factssupportedby the initial stateS and the effects of
actionsin P, and@ is the conjunctionof top level goals
andthe setof preconditionsof actionsin P thatare not
currentlysupportedy factsin SF. The estimatecdheuristic
value for the current(partial) relaxed plan and the current
goal setis computedasfollows: (S) = ( P)+ (G)
in which ( P) = f(C( P),T( P)). Forthegivenset
of goalsG, (G) = f(C(G,t),1) t is
calculatedaccordingto the approachdiscussedn the pre-
vious section.Finally, the costandmakesparestimationof
the (partial)relaxedplan P is calculatedasfollows:

C( P)= 4  Cepec(A). Thus,C( P) isthesum-
mationof the executioncostsof all actionsin therelaxed
plan.
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Figure5: Cost,makespanandsolvingtime variationsaccordingto differentweightsgivento themin the objective function.
Eachpointin thegraphcorrespondso anaveragevalueover 20 problems.

T( P)isthemakesparof P whereactionsin P are
alignedaccordingto their causalrelationship. We will
elaborateon this in the exampleat the later part of this
section.

In thebeginning,G is thesetof toplevel goals, P isempty
andSF containsfactsin theinitial state. ThusC( P) =0,
T( P) =0and (S) = (G). We startthe extraction
procesdy goingbackwardsearchindor theleastexpensive
action A supportinghefirstgoal ;. By leastexpensve,we
meanthat A contributesthesmallesamountto theobjective
function (S)= ( P)+ (QG)if Aisaddedo thecurrent
relaxed plan. Specifically for eachaction A that supports

1, we calculatethevalue 4(S) = ( P+ A4)+ ((G

1) Prec d(A)) which estimateghe heuristicvalue if
we add A to therelaxed plan. We thenchoosethe action A
thathasthesmallest 4(S) value.

Whenanaction A is chosenye putits preconditionsnto
the currentgoal list G, andits effectsinto the setof sup-
portedfactsSF. Moreover, we order A to be executedand
finishedbefore theactionthathas ; asits precondition.Us-
ing thoseorderingrelationsbetweeractionsin - P, we can
updatethe makespanvalue T'( P) of the current(partial)
relaxed plan. The positiveinteractionsaretaken careof by
meming the elementsn the setsSF andG. Thus,if anac-
tion in therelaxedplansupportsagoal ( ,t ) attime point
t t thenwewill eliminate from thesetof goalsG.

In our ongoingexample,supposéhatour objectve func-
tionis (S) = f(CP ), T(P)) = .C(P)+ (

).T(P), =0. andtheinfinite-lookaheacriterionis
usedto stopthecostpropagatiorprocessWhenwe startex-
tractingthe relaxed plan, theinitial settingis G = {at- a},

P= and F={att ¢ }. Amongthethreeactions
D2, Tiv—ia @nd Fp_y, thatsupportthe goal at_ a, we
chooseaction A = F,_,;, becauseaf we addit to the re-
laxedplan P, thentheestimatedialue 4(S)= ( P+
A+ (G at_a) at. )=( Cegec(Fpsia) +(

) D r(Fpia) +  o(f(Clat- ),t)) = (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 F},_,;,, we
updatethe goal setto G = {at- }. It is theneasyto

comparebetweentwo actionsD:? and D¢* to see

t—p t—p
that D;2, is cheaperto achiere at-phx given the value

= 0. . ThefinalcostC(P ) = 0+ . = .
and makespanof T(P ) = . + . = of thefinal

relaxed plan can be usedas the final heuristic estimation
(S)=0. . +0. = for thegivenplanning
problem.

Improving therelaxed plan heuristic estimation
with static mutex relation

We now discussaway of usingthe staticmutex relationsto
helpimprovetheheuristicestimationvhenextractingthere-
laxedplan. Specifically our approachinvolve the following
steps:

1. Findthe setof staticmutex relationsbetweerthe ground
actionsin the planningproblembasedon their negative
interaction.

2. Whenextracting the relaxed plan, besidesthe orderings
betweenactionsthat have causal-efiect relationship(one
actiongivestheeffectthatsupportsotheraction’s precon-
ditions), we alsoestablishthe orderingsaccordingto the
mutex relations.Specifically whena new actionis added
to the relaxed plan, we usethe pre-calculatedstatic mu-
texesto:

Establishordering betweenmutual exclusion action
pairssothatthey cannotbe executedconcurrently

Theorderingareselectedn suchawaythatthey violate
leastnumberof existing causalinks in therelaxedplan.

By using the mutex relations, we can improve the
makespanestimation of the relaxed plan, and thus the
heuristicestimation. Moreover, in mary casesthe mutex
relationscanalso help us detectthat the relaxed planis in
factavalid plan,andthuscanleadto the early termination
of thesearchThedetailsarein TR.

Empirical evaluation

We implementedthe cost propagationtechniquediscussed
in this paperandusedit in Sap&Do & Kambhampat?001),
a forward statespacemetric temporalplanner The main
aim of our experimentswas to demonstratéhat SapgDo
& KambhampatR001),armedwith costfunctionscan effi-
ciently generatg@lansthatsatisfyavarietyof cost/malespan
tradeof. Wetestedn onthesetof randomgeneratedempo-
ral logisticsproblemprovided with TP4(Haslum& Gefiner
2001). In this setof problemswe needto move 4 packages
betweenlocationsin 3 differentcities. Thereare multiple
waysto move packageseachoption hasdifferenttime and



| | solving time (secs) | makespan | cost |

| prob | la0 | lal | la | la0 | lal | la | la0 | lal | la |

zenol 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
log1 424 0.42 0.45 10 10 10 16 16 16
log 2 221 171 159 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
log7 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

log9 3.60 3.55 4.01 20.42 | 20.42 | 20.42 31 31 31

Table 1: Quality andsolvingtime comparisorfor different
terminationcriteria.

costrequirementsAirplanesareusedto move packagede-
tweenairportsin differentcities. Moving by airplanegakes
only 3.0 time units, but is expensve, it costsus 15.0 cost
units. Moving packagedy trucksbetweerlocationsin dif-

ferentcities costsonly 4.0 costunits, but takeslongertime
of 12.0time units. We canalsomove packagedetweerlo-

cationsinside onecity suchasofficesandairports. Driving

betweerlocationsin onecity will costus2.0unitsandtakes
2.0time units. Load/unloadpackagesnto truck or airplane
takes1.0unit of time andcost1.0 unit.

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

= .C(Pa)+(

We testedwith different valuesrangingfrom = 0 to

= . Amongthetechniquediscussedn this paper we
usedsum-propagatiomule, infinite look-aheadand relax-
plan extractionusing staticmutex relation. Figure5 shavs
how the averagecostand makespanvaluesof the solution
changeaccordingo thevariationof the value.Theresults
shaw that the total executioncostof the solutiondecrease
aswe increasahe value(thus,giving moreweightto the
executioncostin theoverall objective function). In contrast,
when decreaseshusgiving moreweightto themakespan,
thenthefinal costof thesolutionincreasesindthemakespan
valuedecreasesTheresultsshov thatour approachindeed
producessolutionsthat are sensitve to the objective func-
tionsthatinvolve bothtime andcost.

The right mostgraphin the Figure5 shows the average
solvingtime for this setof experiments.For all the combi-
nationsof { » e , },79%(173/220)aresolvablewithin

)T(Pa )
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Figure6: Resultsfor thecomple settingof the Satellitedo-
main (from IPC3results).
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Figure7: Resultsfor the time settingof the Rover domain
(from IPC3results).

our limit cutoff time of 300 seconds.The averagesolving
time is 19.99secondsand 78.61%of the instancesan be
solvedwithin 10 secondsThe solid line shavs the average
solvingtime for different values. The dashedine showvs
the averagesolving time if we take out the 20 (11%) com-
binationswherethe solving time is more than 40 seconds
(morethantwo timesthe averagevalue). We can seethat
while generallyhave larger deviations, solving the multi-
objective problemsarenot significantlycostlierthansingle-
objective problems(which correspondso the endpointsof
theplots).

Besidethe quality of the solution,our preliminaryresults
indicatedthatthesumandcombopropagationulesaresimi-
lar andaremuchmoreinformativethanthemaxpropagation
rule. Moreover, in this testsuite andlimited teston some
metrictemporaldomainspneandinfinite lookaheadptions
work similar andare generallybetterthan zero-lookahead.
Tablel shavsthecomparisonresultsfor zero,one,andinfi-
nite lookaheador the setof metrictemporalplanningprob-
lemsthatcomewith Sapa In this testsuite,the Zenoflying
domaininvolvesmaving packagedetweerthecitieshby air-
planeswith differentspeedsndthelogisticsdomainwhere
trucksandairplanesnove package®etweerdifferentloca-
tions. However, only airplanesareallowedto move between
cities. In both domains,airplanesand trucks are required



to have enoughfuelsto executethe action. Weset =
actionscostsare 1 unit andactiondurationsare dependent
onthedistancedetweerlocations.In this testsuite,there-
sultsshav thatwhile oneandinfinite lookaheadwvork sim-
ilar, they are generallybetterthan zero-lookaheadhoth in
termof solvingtime andsolutionquality.

Sapan the Planning Competition

We enteredanimplementatiorof Sapausingseveral of the
techniquesliscussedh thispaperin therecentnternational
planningcompetition.In the competitionwe focusedsolely
onthemetric/temporatlomains.Eventhoughactioncostis
notpartof thestandard®DDL 2.1languageisedin thecom-
petition, infinite-lookaheadunit-costpropagatioremployed
in Sapahelpedit achieve very good performancen prob-
lemsinvolving both metric andtemporalconstraints. Fig-
ure6, 7 and 8 shav the comparisorresultsin the highest
level of PDDL2.1 setting(in termsof the complexities of
temporaland metric constraintsnvolved)for the threedo-
mainsSatellite,Rovers,and ZenoTravel. Thefirst two are
inspiredby thereal-world applicationdeinginvestigatedy
NASA andthethird is similarto theonedescribedn thispa-
per. Theresultswerecollectedanddistributedby thelPC3'’s
organizersand can be found at (Fox & Long 2002). De-
tail descriptionf domainsusedin the competitionarealso
availableatthe sameplace.

Figure6 shavsthatonly threeplannerg SapaMIPS, and
TP4) submittedresultsfor the complex settingof the Satel-
lite domain. In this setting,actiondurationsdependon the
settingof instrumentsaboarda particular satelliteand the
directionsit needsto turn to. Moreover, eachsatellitehas
differentlimited capacityto storeonly a certainamountof
imagedata.Goalsinvolve takingimagesof differentplanets
andstarslocatedat differentcoordinatedirections. Among
thethreeplanners,Sapavasableto solve the mostnumber
of problems(16) with betterquality than MIPS. TP4 pro-
ducedthe bestquality solutions,but wasableto solve only
threesmallestproblems.

Next, in the Rover domain, the time settingrequiresa
set of scientific analysisto be done using a humber of
rovers. Eachrover carriesdifferentsetof equipmentsand
hasdifferentenegy capacity Moreover, eachrovercanonly
rechageits batteryat certainpoints,which maybeunreach-
able,thatareunderthe sun. Figure 7 shavs thatonly Sapa
andMIPS wereableto handlethe constraintsnvolvedwith
this problemset. Sapaagainsolved more problems(11 vs.
9) than MIPS andalsoreturnedbetteror equalquality so-
lutionsin all but onecase.In thetime settingfor the Zeno-
Travel domain,which is similar to the onediscussedn the
previous section,Figure8 shawvs that SapaMIPS andLPG
arethe only threeplannerghat submittedthe results.MIPS
wasableto solve themostnumberof problemg20) but Sapa
wasnotfarbehind(15). Thequality of solutionsreturnecby
SapandMIPSaresimilarandaregenerallybetterthanLPG
(quality setting)in this domain.

In summary the competitionresultsshoved that Sapais
oneof thebestplannersn IPC3in solvingproblemsinvolv-
ing bothmetricandtemporalconstraints.

ZenoTravel-Time
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" Sapa (15 solved) ——v—
LPG (Quay (36 solved) - = -
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1000

Quality

600

400 -

Figure8: Resultsfor thetime settingof the ZenoTravel do-
main (from IPC3results).

Related Work and Discussion

Although there have been several recent domain-
independenheuristicplannersaimedat temporaldomains,
most of them have beenaimedat makespanoptimization,
ignoringthe costaspectsFor example,both TGP (Smith&
Weld 1999)aswell asTP4 (Haslum& Geffner 2001)focus
on makespanoptimization and ignore the cost aspectsof
theplan. As we have arguedin this paper ultimately metric
temporal plannershave to deal with objective functions
that are basedon both makespanand cost. One recent
researcheffort that recognizesthe multi-objective nature
of planningis Refanidis’ MO-GRT system(Refanidis &
Vlahavas 2001). 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 planning problems(suchas when should an effect
occur during the courseof action), goal deadlines,or the
concurreng betweenactionsareignoredto scaledown the
problemto the classicalplanningassumptionsMulti-Pegg
(Zimmerman2002)is anotherrecentplannerthatconsiders
cost-time tradeofs in plan generation. Multi-Pegg is
basedon Graphplanapproach,and focuseson classical
planningproblemswith non-uniformcostactions. ASPEN
(Chienet. al. 2000)is anotherplannerthatrecognizeghe
multi-attribute nature of plan quality. ASPEN adwcates
an iterative repairapproachfor planning,thatassumeshe
availability of a variety of plan repair stratgjies and their
characterizationin terms of their effects on the various
dimensionof planquality.

Althoughwe evaluatedour cost-sensitie heuristican the
context of Sapa a forward chainingplanner the heuristics
themselescanalsobe usedin othertypesof planningal-
gorithms. For example, TGP canbe madecost-sensitie by
makingit propagatethe costfunctionsas part of planning
graphexpansion. Thesecostfunctionscanthenbe usedto
guideits backward branch-and-boundearch A similar ap-
proachin classicaplanninghasbeenshovn to besuccessful
in (Kambhampat& Nigenda2000).

Ourwork is alsorelatedto otherapproachethatuseplan-



ning graphsasthe basisfor deriving heuristicestimatesuch
asSap#Do & Kambhampat?001),Graphplan-HSP(Kamb-
hampati& Nigenda2000), AltAlt(Nguyen, Kambhampati,
& Nigenda2001),RePOP(Nguye®. KambhampatR001),
andFF(Hoffmann2000).In the context of theseefforts, our
contribution canbe seenasproviding away to track costin-
formationon planninggraphs.An interestingobsenationis
thatcostpropagations in somewaysinherentlymorecom-
plex thanmakespamropagationFor example,oncea setof
literalsenterthe planninggraph(andarenot mutuallyexclu-
sive), the estimateof the makespanof the shortestplan for
achieving them doesnot changeaswe continueto expand
the planninggraph. In contrastthe estimateof the costof
the cheapesplan for achieving them can changeuntil the
planninggraphlevels off. This is why we hadto carefully
considerthe effect of differentcriteriafor stoppingthe ex-
pansionof the planninggraphon the accurag of the cost
estimates.

In this paper we concentratedn developing heuristics
that can be sensitve to multiple dimensionsof plan qual-
ity (specifically makespanandcost). An orthogonalissue
in planningwith multiple criteria, thatwe did not explicitly
addresdshere,is how the variousdimensionsof plan qual-
ity shouldbe combinedduring optimization. The particu-
lar approachwe adoptedin our empirical evaluation—viz.,
consideringa linearcombinationof costandcoverage—idy
no meansthe only reasonablavay. Other approachesn-
volve non-linearcombinationof thequality criteria,aswell
as‘tiered” objective functions(e.g. rank plansin termsof
malkespanpreakingties usingcost). A relatedissueis how
to help the userdecidethe “weights” or “tiers” of the dif-
ferentcriteria. Oftenthe usersmay not be ableto articulate
their preferencebetweenthe variousquality dimensionsn
termsof preciseweights. A morestandardapproactout of
this dilemmainvolves generatingall non-dominatecplans
(the so-called“pareto-set”(Dasgupta,Chakrabarti,& De-
Sarkar2001;Papadimitriou& Yannakaki2001)),andpre-
sentingthemto the user(unfortunatelyoftenthe setof non-
dominatedplans can be exponential(c.f. (Papadimitriou
& Yannakakis2001))). The useris then expectedto pick
the plan that is most palatableto them. Further the users
may not actually be able to judge the relative desirability
of planswhenthe problemsare complex andthe plansare
long. Thus,amorepracticableapproachmayinvolveresort-
ing to otherindirect methodssuchaspreferenceelicitation
techniquegc.f. (Chajavskaet. al. 1998)).

Conclusion

In this paper we addressethe problemof derving heuris-
tics that are able to estimateboth the cost and makespan
of a plan for achieving a set of literals. We arguedthat
thisinvolvesestimatinghe costof individualliterals (goals)
as a function of time. We describedtechniquedor com-
putingthesecostfunctionsusingtemporalplanninggraphs.
We discussedhow thesetime-sensitre costfunctionscanbe
usedasthebasisfor deriving heuristicgo supportary objec-
tivefunctionbasednmakesparandexecutioncost. Finally,
we implementedheseheuristicson top of Sapaandempir
ically demonstratedhat they facilitate efficient generation

of plansthat offer a large variety of cost-malespantrade-
offs. We alsodiscussedSapéas performancen the recent
internationalplanningcompetition. The resultshereshov
that Sapas oneof the bestperformersn the mostcomplex
metric/temporatiomains.

While we considerectostof a planin termsof a single
monetarycostassociateavith eachaction,in morecomplec
domainsthecostmaybebetterdefinedasavectorcompris-
ing the differenttypesof resourceconsumption Further in
additionto costandmakespanwe mayalsobeinterestedn
othermeasure®f plan quality suchasrobustnessand exe-
cutionflexibility of theplan. Ourlongertermgoalis to sup-
portplangeneratiorthatis sensitve to theseextendedsetof
tradeofs. To thisend,we planto extendour methodologyto
derive heuristicssensitve to a variety of quality measures.
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