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Abstract

Exogenousevents appearin many practical planning and
schedulingproblemsbut until recentlyonly thelattermethod-
ologyhasexplicitly dealtwith them.While exogenousevents
arecommonlyviewed asinstantaneousactionsoccurringat
speci�c time points and interactingwith actions,they can
sometimesbe seenas enforcing earliest starting time and
latest�nishing timeconstraintson actions.Suchconstraints
arecommonin scheduling,suggestingthatexploiting related
techniquesfromtheschedulingcommunitymightbeeffective
in aplanningcontext. In thispaper, welook atheuristictech-
niquesfrom both theplanningandscheduling�elds thatare
relevant to this problem,andconsidercombinedapproaches
thatmaybemoreeffective whenplanningin thepresenceof
thetypeof constraintsimposedby exogenousevents.

Intr oduction
An exogenouseventcanbede�ned asa happeningthatoc-
curs at a speci�c point along a conceptualtime-line and
changestheworld stateby alteringthevalueof oneor more
statevariables. In the context of automatedplanning,ex-
ogenouseventsmayaffecttheplanningprocessby eitheren-
ablingor interferingwith theexecutionof certaindomainac-
tions. In this sense,they imposeadditionaltime constraints
onactionexecution.

Examplesof exogenouseventsandtheirpotentialinterac-
tionswith actionsin a planare:
� Electricity will beavailableat 10 AM. Thus,actionsthat

needelectricitywill only beableto executeafter10AM.
� The storewill be closedstartingnext month. Purchase

actionsrequiringthestorecannotbeexecutedthereafter.
Exogenouseventscan also occur in counteractingpairs

andmake up time windows. Someexamplesof time win-
dowsare:
� A satellitecan communicatewith an earthstationonly

between8-10AM or 9-11PM.
� At acertainwaypointX onMars,it' ssunny(thusallowing

theRover to rechargeits batteryat thatlocation)between
10-11AM.

� ThebusoperatesbetweenASU anddowntownPhoenixin
theperiodbetween5 AM and11PM.
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Automatedplanningdealsexplicitly with causalandin-
terferencerelationsbetweenactions,so a naturalinterpre-
tation of exogenouseventsis as instantaneousactionsthat
interactwith actionsin theplan. Fromtheschedulingpoint
of view, a subclassof exogenousevents(especiallyin the
caseof time-windows)canbeseenasproviding theearliest
startingtime (est)andlatest�nishing time (lft) constraints
to activities in theplan. Theestandlft constraintsarefun-
damentalto scheduling,suggestingthat effective handling
of exogenouseventsin temporalplanningproblemsmight
bene�t by combiningtechniquesfrom boththeplanningand
schedulingcommunities.

A critical componentin the performanceof any given
planneris often the quality of the heuristic(s)guiding its
search.Many of the top-performingplannerssuchasHSP
(Bonet & Geffner 1997), FF (Hoffmann & Nebel 2001),
AltAlt (Nguyenet. al. 2001),Sapa(Do & Kambhampati
2003)useheuristicestimationbasedon propagatingreach-
ability informationeitherdirectly or via theplanninggraph
structure(Blum & Furst1997), thenfollow up with a sec-
ondphasethatextractsa ”relaxedplan” from thegraph.By
ignoring negative interactionsbetweenactions,the relaxed
plan ideaquickly producesapproximate(but not provably
correct)plansfor achievingcandidategoalsets.In thispaper
we discusshow the interactionsbetweenexogenousevents
andother actionsin the plan affect this two-phaseheuris-
tic framework. Given the two different views of exoge-
nousevents(instantaneousactionsvs. est/lftconstraints)we
alsodiscusshow effective heuristictechniquesin schedul-
ing suchasslack-based(Smith & Cheng1993)or texture-
based(Becket. al. 1997)canbeusedto improvethequality
of the relaxedplanbasedheuristicextractedfrom theplan-
ninggraph.Thus,thispaperexamineshow schedulingtech-
niquescan be adaptedto improve planningheuristicsand
performancein thepresenceof exogenousevents.

Theremainderof this paperis organizedasfollows: We
startwith a view of exogenouseventsasinstantaneousac-
tions that shouldbe includedin any plan andhow they af-
fect the currentplanningsearchframework, especiallythe
heuristicestimationprocess.We thenlook at differentap-
proachesof usingschedulingtechniquesto improverelaxed-
plan basedheuristicsguiding the planners.We endwith a
sectionon futurework andour conclusions.



RepresentingExogenousEvents
In generalanexogenouseventmight changethevalueof a
statevariableor a function value(e.g. room temperature),
or it might maintainsomestatevariableor function value
during someperiod (e.g. fuel level shouldbe kept higher
than5 during[t1; t2]). In this paper, we only concentrateon
exogenouseventsthatchangethevalueof certainstatevari-
ablesfrom true to falseor vice versa.In thePDDL2.2lan-
guagefor expressingtemporalplanningdomains(to beused
in this year's InternationalPlanningCompetition(IPC4)),
an exogenousevent is referredto astimedinitial fact. Ex-
amplesof PDDL2.2exogenouseventsyntaxinclude:(at 10
(open-stationcity0)) and(at 20 (not (open-stationcity0))).
At an abstractlevel, an exogenousevent is representedas
a tuple e = f p;o;tg in which p is the predicateaffected
by e, o = + =� is an operationon p, and t is the time
point at which e occurs. If o = + , thenp changesvalue
from f alse to tr ue; if o = � , thenp changesfrom tr ue
to f alse. Combinationsof two counteractinginstantaneous
eventsthathappenat differenttime pointst1 andt2 consti-
tute a time window. They may occurrepetitively, asin the
caseof thevisibility timewindowsfor satellitecommunica-
tion andbusschedules.

Normally, exogenouseventsaffect statevariableswhose
valuescannotbechangedby actionsin thedomains.For ex-
ample,theagent(planner)is not likely to beableto change
the satellite's communicationtime windows, which is de-
cidedby thegeometricpositionalignmentbetweenthesatel-
lite andthecommunicationcenter. Similarly, theplanneris
not likely to beableto changethetime whenticketsareon
saleor thetimescheduleof thebus.This typeof exogenous
eventshasbeendiscussedin theHSTSplanning/scheduling
system(Muscettolaet. al. 1992)andwasreferedto asnon-
controllablestatevariables. However, throughoutthis pa-
per, wemakenoassumptionconcerningtheplannersability
to changethestatevariablesaffectedby exogenousevents.
Nevertheless,if theproblemonly involvesexogenousevents
that do not affect statevariableschangedby otheractions,
thenfewerconstraints(actioninteractions)areinvolved.
Example: We will take herethe sampleproblemprovided
by the organizersof the IPC4 in which we needto move
passengersbetweendifferent cities (ZenoTravel domain)
and have airplanesthat can �y at two different speeds.
Actions in thedomainare: board(person;air plane;city ),
debark(person;plane;city ), f ly(plane;city 1; city 2),
zoom(plane;city 1; city 2) (�y faster), and
ref uel(plane;city ; f level1; f level2).

Exogenousevents(or timed-initial facts)arerepresented
asfollows:
e1: (at25 (open-stationcity0))
e2: (at75 (not (open-stationcity0)))
e3: (at275.02(open-stationcity1))
e4: (at375.03(not (open-stationcity1)))
e5: (at475.05(open-stationcity2))
e6: (at575.06(not (open-stationcity2)))

These exogenousevents impact the ref uel actions,
whicharedescribedasfollows:

(:durative-actionrefuel

:parameters( ?a- aircraft?c- city ?l ?l1 - �e vel)
:duration(= ?duration50)
:condition

(and(atstart(fuel-level ?a?l)) (at start(next ?l ?l1))
(overall (at?a?c))(over all (open-station?c)))

:effect
(and(atend(not (fuel-level ?a?l)))
(at end(fuel-level ?a?l1)))))

The descriptionshows that exogenousevents are rep-
resentedas instantaneousactions that change the val-
ues of predicates (openstation city X ). Positive
events (e1; e3; e5) appear to satisfy a precondition of
ref uel(air craf t; city X ) and negative events (e2; e4; e6)
deleteapreconditionandpreventit from executing.

From a different point of view, pairs of the exogenous
events can be seenas de�ning the est � l f t time win-
dows familiar in scheduling. Thus, in this case,we can
discard the precondition(overall (open � station ?c))
from the descriptionof the ref uel() action along with
theexogenouseventsandreplacethemwith temporalcon-
straintssuchas: est(r ef uel(air craf t; city 0)) = te1 and
l f t(r ef uel(air craf t; city 0)) = te2 . Fromthisperspective,
thepossibilityof usingtechniquesfrom theschedulingcom-
munity, wherethoseconstraintsareverycommon,becomes
moreapparent.

Heuristic Estimation with ExogenousEvents
Most of thecurrentautomatedplanners�nd a valid planby
incrementallyselectingandaddingactionsto a partialplan
which is initially empty(containsnoactions).Syntactically,
exogenouseventsarelike instantaneousactionsthatchange
thevaluesof statevariables.However, unlike otheractions
in the problem,the plannerhasno choiceover whetheror
not to selectanexogenousevent.Thereareat leasttwo fea-
sible approachesto handlingsuchevents: (i) Compile the
exogenouseventsdown to normalactionsin a mannerthat
forcesthe plannerto chooseall exogenouseventsrelated
to actionsneededto reachthe problemgoals; (ii) Reason
explicitly aboutexogenouseventsandextendthenotion of
initial stateor initial plan to includethem. With respectto
the �rst approach,Fox & Long (2003)presentpolynomial
transformationsto compiledown exogenouseventsinto nor-
malactionsin PDDL2.1.An extensionof theLPGPplanner
(Cresswell& Coddington2003)implementedthisapproach.

Alternatively, the secondapproachentailsextendingthe
capabilityof a planningsystemto reasondirectly with ex-
ogenousevents,andwearguethatthisis themorepromising
of thetwo. Heretheplanneris provideda non-emptyinitial
plan containing�x ed-timeactionsrepresentingthe exoge-
nousevents. We have extendedthe initial state/planrepre-
sentationin the forward temporalplannerSapato include
exogenouseventsandtheplanneris ableto solvethesample
exampleproblemdiscussedabove in roughly10secondson
aPentiumIV machine.Nevertheless,withoutany modi�ca-
tion to its heuristicestimation,theplannersearchesthrough
morethan22000nodesbeforesucceeding.It is evidentthat
solving largerproblemswill quickly becomeinfeasibleun-
lessthequalityof theheuristicestimatesguidingtheplanner
canbeimprovedto accountfor exogenousevents.We con-
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(b) With exogenous event: Action A = refuel(city0,l0,l1) can only execute within time windows 
and the action refuel(city0,l1,l2), refuel(city0,l2,l3) do not appear in the graph 

Refuel(city0,l2,l3)

time windows

Figure1: Temporalplanninggraphwith/without exogenous
events

siderherethe effectsof exogenouseventson the heuristic
approachof extractinganeffectiverelaxedplanfrom there-
laxedplanninggraph.

The framework consistsof 2 steps: (i) building the (re-
laxed)planninggraph;and(ii) usingit to extracttherelaxed
plan. When extractinga relaxed plan, we ignore interfer-
encerelationsbetweenactionsthat arisefrom negative in-
teractions(i.e. oneactiondeletestheprecondition,or effect
of another)or from two actionscompetingfor thesamere-
source.We will �rst look at theproblemof how to build the
planning-graphin the presenceof exogenousevents, then
considerwhereschedulingtechniquescanhelp to improve
the quality of heuristicsgeneratedvia relaxed-planextrac-
tion.

Building the Planning Graph with Exogenous
Events
Both theclassicalplanninggraph(Blum & Furst1997)and
thetemporalplanninggraph(Smith& Weld 1999)arebuilt
by addingall actionsand factsat their optimistically esti-
matedearliestpossibleexecutiontimes. Startingfrom the
initial stateandgoing forward in time, thegraphalternates
betweenpossibleexecutableactionsandpossibleachieved
facts,andrepresentstheestimatedearliesttimeat whichwe
canachieveeachgoalaswell asthecausalrelationsbetween
actionsandfact at eachtime point. The estimationcanbe
improvedif wealsopropagatemutualexclusionrelationsbe-
tweenactionswhenbuilding theplanninggraph.In addition
to normalactions,we canalsohave noop(or persistent)ac-
tionsthatcarryforwardafactfrom its earliestachievedtime
to in�nity .

One key featurein this type of approachis that when
a given action/fact appearsin the planninggraphat a cer-
tain level or time point, thenit canpersistthroughall later
levels/time-points1. Distance-basedheuristicssuchas the

1This enablesanef�cient bi-level implementationof theplan-
ning graphstructurewhereineachaction/fact is only associated

At(city2)
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(a) No exo-event: monotonic function
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Timet = 0 t = 25 t = 75

(b) With exo-event: non-monotonic function

Figure2: Costfunctionswith/withoutexogenousevents

relaxed plan heuristic dependheavily on determiningthe
level/time-pointsat which goals�rst appearnon-mutex or
alternately, the set of relaxed actions that optimistically
achievegoalsat theearliesttime or with lowestcost.When
exogenousevents are introduced, this determinationbe-
comesmuchmorecomplicated.Factsappearingin theplan-
ning graphmay later be deletedby exogenousevents,and
thusactionssupportedby thosefactswill no longerbeexe-
cutable.

Exogenouseventsbehave like actionsin thatthey change
thevaluesof predicates,but unlikenormalactionsthey must
automaticallybeincludedin any plan. In termsof astandard
planninggraphsemantics,if separateactionsestablishfactf
and f at timepoint t, weassumethatit maystill bepossible
to achievef at t becausetheremayexist aplanthatdoesnot
includetheactiondeletingf . (Thisfollowsfrom thefactthat
eachlevel of theplanninggraphis a disjunctive representa-
tionsof all facts/actionspossibleat that level.) However, if
thereis anexogenousevente thatdeletesf at t, thenf can-
not be achieved at time point t, regardless.The effectsof
exogenouseventsoverwriteeffectsof all otheractions,and
accountingfor suchnegativeeventsgreatlycomplicatesthe
dif�culty of incorporatingsucheventsin a (relaxed) plan-
ninggraph.Givenarelaxedplanextractedfrom suchaplan-
ninggraph,thereis no informednesslossincurreddueto the
fact that we've ignorednegative effects from (relaxed) ac-
tionsthat donotappearin the(relaxed)plan. However, the
negativeeffectsassociatedwith any exogenous'actions' that
areignoredin building a relaxed planninggraphmay seri-
ouslydegradeheuristicinformednesssincethey areguaran-
teedto exist in the�nal plan.

Figure1 illustratesoneportionof theplanninggraphwith
andwithout exogenousevents. Without exogenousevents,
actionsand factsare representedby their earliestpossible
achievementtime. With exogenousevents, the times at
whichactionsandfactsappearin theplanninggrapharerep-
resentedasdisconnectedintervals,dependingon theactual
causalrelationsbetweenactionsin theplanandtheexoge-
nousevents.

In addition to time, we canestimatethe cost to achieve

with theearliestlevel/time-pointatwhich it �rst appears.



thegoalsby propagatingthe (reachability)costof achieve-
mentwhile building the planninggraph(Do & Kambham-
pati 2003). Reasoningover cost in planning is similarly
complicatedby the introductionof exogenousevents. As-
sumethat the costof executingactionzoom(city 1; city 2)
doublesthe costof actionf ly(city 1; city 2) andtakeshalf
the time to �nish. Figure2 shows thecostfunction of one
fact at(city 2) assumingthat the aircraft is at city 1 in the
initial state.Whenexogenouseventsarepresentactionsand
facts introducedin the planning-graphcan be deactivated
later, so the cost functionsfor someactionsand factswill
no longer have the propertyof monotonicallydecreasing.
Actions and factsmay disappearfrom the planninggraph
or their achievementcostscan be resetafter somecertain
durations(this problemhasalso beendiscussedin (Smith
2003)).

In Figure 2, we show only the simple caseof the fact
open station (city 0) which is directly affectedby exoge-
nousevents. A slightly morecomplicatedexamplewould
bea givenexogenouseventdisablesactionA, which is the
current(estimated)bestsupporterfor a fact f . Thus, the
bestactionthatcansupportf is changedfrom A to thenext
bestactionA0 andthusthecostto achieve f increases.As
a result, the cost function of f is no longermonotonically
decreasing.In general,costfunctionscanincreaseandde-
creasein a complicatedmannerdependingon the interac-
tionsbetweenactionsandexogenousevents.We will show
laterthat it becomesharderto reasonaboutactionselection
whenextractingarelaxedplanbasedonthecostfunctionsif
they arenotmonotonicallydecreasing.

After constructingcostfunctionsby propagatingthecost
informationwhenbuilding theplanninggraph,they canbe
usedto extracttherelaxedplanduringthe�nal heuristicesti-
mation.Therelaxedplanis extractedby �rst pickingagoal,
thenby lookingat thecostfunctionof thegoal,we canpick
the mostpromisingactionto achieve that goal. For exam-
ple,if thegoalis at(city 2) thenthecostfunctionin Figure2
showsthatthelowestcostactionto achieveit at timet � 50
is f ly(city 1; city 2) but if t < 50 then the most promis-
ing one is zoom(city 1; city 2). Whenan action is picked,
its preconditionsareaddedto the goal list. Thus,if action
zoom(city 1; city 2) is picked to supportgoal at(city 2) at
time t, then its preconditionat(city 1) is addedas a new
goalat time t � Dur (zoom(city 1; city 2). Goingbackward
andignoring (relaxing)any interferencesbetweenactions),
therelaxedplanextractionroutineis guaranteedto �nish in
linear time without backtracking. The resultingactionset
alongwith its causalstructurecanbeusedasanestimateof
therealsetof actions(ie. theplan)thatachievesthegoals.

As mentionedabove, without exogenouseventsthe cost
functionsmonotonicallydecrease,andthusto supportagoal
g at time tg, we only needto choosethe (lowestcost)ac-
tion A supportingg at tg becauseA givesa lower costand
allows more time to achieve its preconditions. With non-
monotoniccostfunctionsengenderedby thepresenceof ex-
ogenousevents,the lowestcostthatwe canachieve g at tg
maynotbethelowestoverallcost.Therecanbeatimepoint
t < tg at which C(g; t) < C(g; tg) becausean exogenous
eventresetthecostof g aftert. If wechoosethelowestcost
actionA0 thatsupportsg at t, thecost-functionindicatesthat

it canbebettercost-wisechoice.However, becausewehave
lesstime to achieve the preconditionof A0 thanA it may
not be the bestchoicewhenwe take the interferencerela-
tion into accountandhaveto ordermutualexclusiveactions
(dueto logical or resourcecontentionconstraints)oneafter
another.

The cost-functionscanprovide effective guidancein se-
lecting actionsthat lead to a relaxed plan with leastcost.
However, to selectactions that are less likely to violate
the temporalconstraints(and thus constitutea better re-
laxedplan),we will next considerheuristictechniquesfrom
the schedulingcommunitysuchasslack-basedandtexture
basedapproaches.

Exogenouseventsasestand lft time constraints
As we discussedin theearlierpartof thepaper, exogenous
eventscanbe seenasproviding the time constraintson ac-
tions in the plan. We showed that in the sampleproblem
(providedby theIPC4organizers),all theexogenousevents
thatarein the form of e = (at 10 (open-stationcity0)) and
e' = (at 20 (not (open-stationcity0))) canbediscardedand
replacedby the est/lft constraintson actionsthat have the
predicatesP = (open-stationcity0) aspreconditions.Thus,
for a givenactionA = refuel(planX,city0), theprecondition
P canbediscardedandtheinteractionsbetweene, e0 andA
canberepresentedasthetime constraintsest(A) = 10 and
l f t(A) = 20. Thosetypesof constraintsarecommonin de-
riving slack-basedandtexture-basedschedulingheuristics.
Fromthatpoint of view, we canuseschedulingtechniques
to improve theheuristicestimationframework in planning,
speci�cally therelaxed-planextractionroutine.

SchedulingHeuristics for Relaxed-planExtraction
Thekey to therelaxedplanheuristicapproachis to derivea
relaxedplan that is ascloseto a goodquality valid plan as
possible.Extractingsucha relaxed-planfrom theplanning
graphinvolves(i) �nding a goodquality actionsetaccord-
ing to theuser's objective function(e.g. if theuserwantsa
low-costplan, thenthe actionsselectedin the relaxed plan
shouldbe biasedtowardslower costs);and(ii) minimizing
constraintviolations.

With respectto the�rst criterion,theprevioussectionhas
discussedhow to changethe time-sensitive cost functions
guiding the relaxed-plan extraction in the presenceof
exogenousevents. For the secondcriterion, constraint
violationsarisefrom the relaxed negative effects. Actions
in the relaxed plan may contradicteachother or compete
for the sameresources.Without the estandlft constraints
imposed by the exogenousevents, all of the pair-wise
interactionsbetweenactions in the relaxed plan can be
solved by ordering two interacting actions one after the
other. However, with the new est and lft constraints,
someorderingsmay lead to violations of thosetemporal
constraints.To reducethe numberof constraintviolations
while extractingtherelaxedplan,we canguidetheprocess
via someschedulingheuristictechniques.

Slack-basedHeuristic: Let S = f A1; :::Ak g be thesetof
actionsthathavebeenselectedsofar in therelaxed-planex-
tractionprocess.Becausethereis no backtrackingin this



process,all theactionsin S will beincludedin the�nal re-
laxedplan. Supposethatg is thenext goal thatwe needto
supportat time tg. Assumethat the setof actionsthat can
supportit is Sg = f Ag

1; Ag
2; :::Ag

m g (which can be sorted
accordingto theirexecutioncostestimatedby thecostfunc-
tions). We would like to selectgreedily one action from
Sg suchthat if includedin S, it will minimize the chance
of a temporalconstraintviolation in the �nal relaxed plan.
Unlike a standardschedulingproblemin which the goal is
to allocateasmany tasksaspossiblein the plan, we have
several choicesof actionsin Sg andonly oneof themwill
be includedin the�nal relaxedplan,while all of theothers
will be discarded.In the following paragraph,we discuss
the selectioncriterion basedon the slackvalue. To facili-
tate the discussion,for eachactionA in S or Sg, the ear-
liest startingandlatest�nishing timesare: estA andl f tA .
Becausethe selectedaction from Sg needsto achieve the
goal g at tg, the latest�nishing time of actionA 2 Sg is
l f tA  min f l f tA ; tgg.

To calculatetheslackvalues,for eachactionA in Sg, we
�rst identify a subsetSA , of actionsin S that mustbe or-
deredwith regardto A. Eachactionin SA eitherlogically
interfereswith A or competeswith A for someresource.In
scheduling,feasibleorderingsbetweentwo resourcecom-
petingactionsdependsonly on whetherthe slack(i ! j )
andslack(j ! i ) arepositive or negative. However, in a
temporalplanningproblem,feasibleorderingsbetweentwo
interfering actionsdependon whetheran action deletesa
causallink institutedby the other. Therefore,possibleor-
deringsin planningproblemsinvolving exogenousevents
dependonboththecausalrelationshipsbetweenactionsand
thetemporalconstraintson actionstartingtimes. Thus,per
(Smith & Cheng1993),the orderingA i ! A j is possible
if slack(i ! j ) � 0, while in a temporalplanningprob-
lem A i ! A j is possibleif slack(i ! j ) � 0 and A j
doesnot interferewith any causalrelationstartedfrom A i
(e.g. A j deletesp, andthereis a causallink A i ! p Ak ).
Usingsuchconditions,wecaneliminateviolatingcandidate
actionsfrom Sg.

Now, assumethat for each action A in Sg and A i
in SA � S, the slack value of slack(A ! A i ) and
slack(A i ! A) canbecalculatedif A ! A i or A i ! A is
possibleaccordingto thetwo constraintslistedabove,then:

slack(A; A i ) = min f slack(A ! A i ); slack(A i ! A)g
(1)

We have a choice betweenactions in the Sg set as
to which is the most suitable to support the subgoalg.
Therefore,wede�ne anadditionalslackvalue:

slack(A; SA ) = min A i 2 SA slack(A; A i ) (2)

If A is the next action to be selectedto supportg and
thus de�nitely be included in the �nal relaxed-plan,then
equation(2) can be used to select the most constrained
actionwith regardto A andtheslackheuristic.However, A
is only oneof thecandidateactionsin Sg supportingg: we
wish to compareall suchactionswith respectto their slack
values. The goal is to selectthe leastconstrainedactions

A1

A2

A3

est lft

SA4

SA5

Partial
Relaxed Plan

Candidate Actions
A4

A5
G

Figure3: Relaxed-planheuristicexample

amongall thosein Sg. Basedon theslack(A i ; SA i ) values
of all actionsA i 2 Sg, we thencanchoosesupportfor g
suchthat it hasminimal chanceof leading to a temporal
constraintviolation later. Thuswe canchoosean actionA
suchthat:

slack(A; S) = maxA i 2 Sslack(A i ; S) (3)

Unlike traditional slack based variable ordering in
schedulingwheretheinterestlies with themostconstrained
pair of actionsbasedon the smallestslack value between
them(mostconstrainedvariable�rst heuristic),theprocess
of extractinga relaxedplanwith no backtrackingmotivates
selectingtheactionwith highestslackslack(A; S) valueto
minimizethechanceof aneventualtemporalconstraintvio-
lation. In otherwords,if we considerg asa variable,Sg as
its domainandactionsA 2 Sg asvalues,thenequation(3)
is usedto selectthe leastconstrainedvalue. In this sense,
themaxequationis usedover thetopof min equation(2) to
bethevalueorderingfor variableg. Fromthispointof view,
we canevenusetheoverall slackvaluescalculatedin equa-
tion (3) asthemeanto selectmost-constrainedvariablesby
selectingg in all theremaininggoalsthatleadto thesmallest
slackvaluecalculatedby (3).
Example: Figure3 shows oneexamplethat will illustrate
the procedurediscussedabove. Assumethat the current
relaxed-plancontains3 actions S = f A1; A2; A3g and
there are two actions that can support the goal g in
Sg = f A4; A5g. Among actionsin S, SA 4 = f A1; A2g
areactionsthatneedorderingswith A4 (competingfor the
sameresourceor logical interference),andSA 5 = f A2; A3g
are actions interactingwith A5. To choosebetweenA4
andA5, we �rst computetheslackvaluesbetweenA4 and
actionsin SA 4 = f A1; A2g) andslackvaluesbetweenA5
and actionsin SA 5 = f A2; A3g) using equation(1) for
individual pair of actions. Then,we will useequation(2)
to computethe slack value slackA 4 = slack(A4; SA 4 )
andslackA 5 = slack(A5; SA 5 ). Thosevaluesindicatethe
worsecasescenarioif we selectA4 or A5 to add to the
currentrelaxed plan. Then,we selectthe maximumvalue
amongslackA 4 andslackA 5 to choosethebetterof thetwo.

Texture-basedHeuristics: Besidestheslack-basedheuris-
tic anotherpopularheuristicin schedulingsuchas texture
measurement(Fox et. al. 1989;Beck et. al. 1997)based



heuristic can also be usedto guide the action extraction
process. This approachmay be particularly effective in a
planningprobleminvolving multi-capacityresources.Such
problemsentail reasoningbeyond the causalrelationsand
interferencerelationsassociatedwith pairsof actions.

Individualandaggregatedresourcedemandcurvescanbe
built for all actionsin the partial relaxedplan at any stage.
Then,for eachactionA in the Sg that canpotentiallysup-
port subgoalg, we canbuild the individual demandcurve
for A and seehow the aggregateddemandcurve changes
when A is includedin the action set S of actionsalready
selected.Basedon theaggregatedcurvesfor all individual
actionsin Sg, we canusevariationsof texture-basedheuris-
tics discussedby Becket. al. (1997)to �nd theactionthat
is leastlikely to leadto resourcecontentionfailure.Oneex-
amplecould be to selectan action in Sg suchthat if it is
includedin S thenresultingaggregateddemandcurve has
thesmallestmaximumheightincrease.Thehopeis thatthis
will minimizethechancesof eventuallyexceedingresource
capacity. We will usethesameexampleshown in Figure3,
to illustratebrie�y how it canbedone.
Example: Adoptingthesameassumptions, A4 andA5 are
two candidateactionsthat we needto chooseonefrom to
supporta goalg; S = f A1; A2; A3g areactionsalreadyse-
lectedin the relaxed-plan. SA 4 = f A1; A2g is the setof
actionsthat usea resourceR4 which is also usedby A4,
andsimilarly, SA 5 = f A2; A3g containactionssharingre-
sourceR5 with A5. Notethatunlike theslack-basedheuris-
tic whereweonly consideronesetof actionsthathaveto be
orderedwith regardto a candidateaction,therecanbemul-
tiple setsof actionsfor eachcandidateactionin thetexture-
measurementapproach.For example,if A5 usesboth re-
sourcesR5 andR4 thenwe needto considerbothSA 4 and
SA 5 whenwe calculatetheeffect of A5 on theresourcede-
mandcurvesof therelaxedplan.

Now assumethatA4 only usesresourceR4 andA5 only
usesR5. We �rst build the aggregateddemandcurvesfor
R4 usingactionsin S4 (within their est/lft constraints)and
for R5 using actionsin S5. After building the individual
demandcurve of R4 for A4 andof R5 for A5, we will in-
corporatethem into the overall aggregateddemandcurves
of R4 (i.e. the aggregatedcurve of R4 for f A1; A2; A4g)
andR5 (aggregateddemandcurve for f A2; A3; A5g). We
thencandecidewhichof theactionsA4 or A5 hasthelesser
effect (increasesthe maximumheightof the demandcurve
the least)andselectthatoneto supportg. If a givencandi-
dateactionA usesmultiple resources,thenwe cantake the
maximumeffect heightincrementfor thoseresourcesin the
presenceof A as its texture-effect measurement.We then
takeactionwith theminimumvalueamongall thecandidate
actionsasthenext oneto beincludedin therelaxedplan.

Conclusionand Future Work
Exogenouseventsare a natural componentof real world
planningproblemsandhave beenintroducedinto the stan-
dardplanninglanguagePDDL2.2 for the ICAPS planning
competitionthis year. In this paper, we have examinedex-
ogenouseventsfrom bothplanningandschedulingpointsof
view. From the planningside,exogenouseventsappearas
instantaneousactionsthatchangethestatedescriptionof the

world andthusinteractwith otheractionsin theplan. From
theschedulingpoint of view, we canconsideran important
classof exogenouseventsasimposingearlieststartingtime
andlatest �nishing time to otheractionsin the plan. Such
constraintsareseldomconsideredin the planning�eld but
arequitecommonfrom theschedulingperspective.

Looking at theproblemfrom bothplanningandschedul-
ing sides,we discussedapproachesfor combiningheuristic
techniquesfrom both�elds to solvetemporalplanningprob-
lemsinvolving exogenousevents,especiallyin caseswhere
actionsalsocompetefor resources.

Ourfuturework involves�rst, identifyingclassesof prob-
lemsmostsuitablefor thetechniquesdiscussedin thispaper,
andthenimplementingthe approachesandtestingon a set
of planningproblemsinvolving exogenousevents.
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