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Abstract

Exogenousevents appearin mary practical planning and
schedulingoroblemsbut until recentlyonly thelattermethod-
ology hasexplicitly dealtwith them.While exogenousvents
are commonlyviewed asinstantaneousactionsoccurringat
speci ¢ time points and interactingwith actions,they can
sometimesbe seenas enforcing earliest starting time and
latest nishing time constraintson actions. Suchconstraints
arecommonin schedulingsuggestinghatexploiting related
techniques$rom theschedulinggommunitymightbeeffective
in aplanningcontet. In this paperwe look at heuristictech-
niquesfrom both the planningandschedulingelds thatare
relevant to this problem,and considercombinedapproaches
thatmay be moreeffective whenplanningin the presencef
thetype of constraintsmposedby exogenousvents.

Intr oduction

An exogenousventcanbede ned asa happeninghatoc-
curs at a speci ¢ point along a conceptualtime-line and
changesheworld stateby alteringthe valueof oneor more
statevariables. In the context of automatedplanning, ex-
ogenougventsmayaffecttheplanningprocesdy eitheren-
ablingorinterferingwith theexecutionof certaindomainac-
tions. In this sensethey imposeadditionaltime constraints
on actionexecution.

Exampleof exogenousventsandtheir potentialinterac-
tionswith actionsin aplanare:

Electricity will beavailableat 10 AM. Thus,actionsthat
needelectricitywill only beableto executeafter 10 AM.

The storewill be closedstartingnext month. Purchase
actionsrequiringthe storecannotbe executedhereafter

Exogenouseventscanalso occurin counteractingpairs
and make up time windows. Someexamplesof time win-
dowsare:

A satellite can communicatewith an earth stationonly
betweerB-10AM or 9-11PM.

At acertainwaypointX onMars,it' s sunny(thusallowing
theRoverto rechageits batteryat thatlocation)between
10-11AM.

ThebusoperatebetweemPASU anddowntown Phoenixin
theperiodbetweerb AM and11PM.
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Automatedplanningdealsexplicitly with causalandin-
terferencerelationsbetweenactions,so a naturalinterpre-
tation of exogenouseventsis asinstantaneousactionsthat
interactwith actionsin the plan. Fromthe schedulingpoint
of view, a subclasof exogenousavents(especiallyin the
caseof time-windavs) canbe seenasproviding the earliest
startingtime (est) andlatest nishing time (Ift) constraints
to activities in the plan. The estandlft constraintarefun-
damentalto scheduling,suggestinghat effective handling
of exogenouseventsin temporalplanningproblemsmight
bene t by combiningtechnique$rom boththeplanningand
schedulingcommunities.

A critical componentin the performanceof ary given
planneris often the quality of the heuristic(s)guiding its
search.Marny of thetop-performingplannerssuchasHSP
(Bonet& Geffner 1997), FF (Hoffmann & Nebel 2001),
AltAlt (Nguyenet. al. 2001), Sapa(Do & Kambhampati
2003)useheuristicestimationbasedon propagatingeach-
ability informationeitherdirectly or via the planninggraph
structure(Blum & Furst1997),thenfollow up with a sec-
ondphasehatextractsa "relaxedplan” from the graph. By
ignoring negative interactionsbetweenactions,the relaxed
plan idea quickly producesapproximate(but not provably
correct)plansfor achieving candidateyoalsets.In thispaper
we discusshow the interactionsbetweenexogenousavents
and other actionsin the plan affect this two-phaseheuris-
tic framewvork. Given the two different views of exoge-
nousevents(instantaneouactionsvs. est/Ift constraintsive
alsodiscusshow effective heuristictechniquesn schedul-
ing suchasslack-baseqSmith & Cheng1993)or texture-
basedBecket. al. 1997)canbeusedto improve thequality
of the relaxed plan basedheuristicextractedfrom the plan-
ning graph.Thus,this paperexamineshow schedulingech-
niguescan be adaptedto improve planningheuristicsand
performancen the presencef exogenousvents.

The remainderof this paperis organizedasfollows: We
startwith a view of exogenousaventsasinstantaneousc-
tions that shouldbe includedin ary planandhow they af-
fect the currentplanningsearchframework, especiallythe
heuristicestimationprocess.We thenlook at differentap-
proache®f usingschedulingechniqueso improverelaxed-
plan basedheuristicsguiding the planners. We end with a
sectionon futurework andour conclusions.



RepresentingExogenousEvents

In generalan exogenousevent might changethe valueof a
statevariableor a functionvalue (e.g. room temperature),
or it might maintainsomestatevariableor function value
during someperiod (e.g. fuel level shouldbe kept higher
than5 during([ty; t2]). In this paperwe only concentrat®n
exogenougventsthatchangehe valueof certainstatevari-
ablesfrom trueto falseor vice versa.In the PDDL2.2lan-
guagefor expressingemporalplanningdomaingto beused
in this year's InternationalPlanningCompetition (IPC4)),
an exogenousventis referredto astimedinitial fact Ex-
amplesof PDDL2.2exogenousventsyntaxinclude: (at 10
(open-statiorcity0)) and (at 20 (not (open-statiorcity0))).
At an abstractlevel, an exogenousaventis representecs
atuplee = fp;o;tg in which p is the predicateaffected
by e, 0 = += is an operationon p, andt is the time
point at which e occurs. If 0 = +, thenp changesvalue
from f alseto true; if o = , thenp changedrom tr ue
to f alse. Combination®f two counteractingnstantaneous
eventsthathappenat differenttime pointst; andt, consti-
tute atimewindow They may occurrepetitvely, asin the
caseof thevisibility time windows for satellitecommunica-
tion andbusschedules.

Normally, exogenousventsaffect statevariableswhose
valuescannotbe changedy actionsin thedomains.For ex-
ampletheagent(planner)is notlikely to be ableto change
the satellites communicationtime windows, which is de-
cidedby thegeometrigoositionalignmentetweerthesatel-
lite andthe communicatiorcenter Similarly, the planneris
notlikely to be ableto changethetime whenticketsareon
saleor thetime scheduleof the bus. This type of exogenous
eventshasbeendiscussedn the HSTSplanning/scheduling
system(Muscettolaet. al. 1992)andwasreferedto asnon-
controllablestatevariables. However, throughoutthis pa-
per, we make no assumptiorconcerninghe plannersability
to changethe statevariablesaffectedby exogenousevents.
Neverthelessif the problemonly involvesexogenougvents
that do not affect statevariableschangecdby otheractions,
thenfewer constraint§actioninteractions)reinvolved.
Example: We will take herethe sampleproblemprovided
by the organizersof the IPC4 in which we needto move
passengerdetweendifferent cities (ZenoTravel domain)
and have airplanesthat can y at two different speeds.
Actionsin the domainare: 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 levell; f level2).

Exogenousvents(or timed-initial facts)arerepresented
asfollows:

e;: (at25 (open-statiortity0))

e,: (at75 (not (open-statioreity0)))

e3: (at275.02(open-statiortity1))

e4: (at375.03(not (open-statiortity1)))
es: (at475.05(open-statiortity2))

es: (at575.06(not (open-statiortity?2)))

These exogenous events impact the refuel actions,
which aredescribedasfollows:

(:durative-actionrefuel

:parameter$ ?a- aircraft?c- city ?1 ?11- evel)
:duration(= ?durations0)
:condition
(and(atstart(fuel-level ?a?l)) (at start(next ?I ?11))
(overall (at?a?c))(over all (open-station?c)))
-effect
(and(atend(not (fuel-level ?a?l1)))
(atend(fuel-level ?a?11)))))

The descriptionshavs that exogenousevents are rep-
resentedas instantaneousactions that change the val-
ues of predicates (openstation city X). Positve
events (e;;e3;€e5) appearto satisfy a precondition of
ref uel(air craf t; city X ) and negative events (e;; €4; €5)
deletea preconditionandpreventit from executing.

From a different point of view, pairs of the exogenous
events can be seenas de ning the est Ift time win-
dows familiar in scheduling. Thus, in this case,we can
discard the precondition(overall (open station ?c))
from the descriptionof the refuel() action along with
the exogenousaventsandreplacethemwith temporalcon-
straintssuchas: est(ref uel(air craf t; city 0)) = te, and
If t(ref uel(air craf t; city 0)) = te,. Fromthisperspeciie,
thepossibilityof usingtechniquedrom theschedulingzom-
munity, wherethoseconstraintarevery common becomes
moreapparent.

Heuristic Estimation with ExogenousEvents

Most of the currentautomateglannersnd avalid planby
incrementallyselectingandaddingactionsto a partial plan
whichis initially empty(containsno actions).Syntactically
exogenousventsarelik e instantaneouactionsthatchange
thevaluesof statevariables.However, unlike otheractions
in the problem,the plannerhasno choiceover whetheror
notto selectanexogenousvent. Thereareat leasttwo fea-
sible approacheso handlingsuchevents: (i) Compilethe
exogenousventsdown to normalactionsin a mannerthat
forcesthe plannerto chooseall exogenouseventsrelated
to actionsneededto reachthe problemgoals; (i) Reason
explicitly aboutexogenousventsandextendthe notion of
initial stateor initial planto includethem. With respecto
the rst approachfox & Long (2003) presentpolynomial
transformationso compiledown exogenougventsinto nor-
malactionsin PDDL2.1. An extensionof theLPGPplanner
(Cresswelk Coddingtor2003)implementedhisapproach.
Alternatively, the secondapproachentailsextendingthe
capability of a planningsystemto reasondirectly with ex-
ogenougvents,andwe arguethatthisis themorepromising
of thetwo. Herethe planneris provideda non-emptyinitial
plan containing x ed-timeactionsrepresentinghe exoge-
nousevents. We have extendedthe initial state/plarrepre-
sentationin the forward temporalplanner Sapato include
exogenougventsandtheplanneris ableto solve thesample
exampleproblemdiscussedbore in roughly 10 second®n
aPentiumlV machine Neverthelesswithoutarny modi ca-
tion to its heuristicestimation the plannersearcheshrough
morethan22000nodesbeforesucceedinglt is evidentthat
solvinglargerproblemswill quickly becomeinfeasibleun-
lessthequality of the heuristicestimateguidingtheplanner
canbeimprovedto accountfor exogenousvents. We con-
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Figurel: Temporalplanninggraphwith/without exogenous
events

sider herethe effects of exogenouseventson the heuristic
approactlof extractinganeffective relaxed planfrom there-
laxedplanninggraph.

The framework consistsof 2 steps: (i) building the (re-
laxed) planninggraph;and(ii) usingit to extracttherelaxed
plan. When extracting a relaxed plan, we ignore interfer
encerelationsbetweenactionsthat arisefrom negative in-
teractiongi.e. oneactiondeleteghe preconditionor effect
of another)or from two actionscompetingfor the samere-
source We will rst look attheproblemof how to build the
planning-graphin the presenceof exogenousevents, then
considerwhereschedulingtechniquesanhelp to improve
the quality of heuristicsgeneratediia relaxed-planextrac-
tion.

Building the Planning Graph with Exogenous
Events

Both the classicalplanninggraph(Blum & Furst1997)and
thetemporalplanninggraph(Smith & Weld 1999)arebuilt
by addingall actionsand factsat their optimistically esti-
matedearliestpossibleexecutiontimes. Startingfrom the
initial stateandgoingforwardin time, the graphalternates
betweenpossibleexecutableactionsand possibleachieved
facts,andrepresentshe estimatecdearliesttime at which we
canachieveeachgoalaswell asthecausalelationshetween
actionsandfact at eachtime point. The estimationcanbe
improvedif wealsopropagatenutualexclusionrelationsbe-
tweenactionswhenbuilding the planninggraph.In addition
to normalactions,we canalsohave noop(or persistentpac-
tionsthatcarryforwardafactfrom its earliestachievzedtime
toin nity .

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

1This enablesanef cient bi-level implementatiorof the plan-
ning graph structurewherein eachaction/fct is only associated

Cost

25 Atgity2)

t=0 t=25 t=50 Time

(a)Noexo-eventmonotonidunction
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(b)With exo-event: nonmonotoric function

Figure2: Costfunctionswith/without exogenousvents

relaxed plan heuristicdependheavily on determiningthe
level/time-pointsat which goals rst appeamon-mute or
alternately the set of relaxed actions that optimistically
achieve goalsatthe earliesttime or with lowestcost. When
exogenousevents are introduced, this determinationbe-
comesmuchmorecomplicated Factsappearingn theplan-
ning graphmay later be deletedby exogenousevents,and
thusactionssupportediy thosefactswill nolongerbe exe-
cutable.

Exogenougventsbehave like actionsin thatthey change
thevaluesof predicateshut unlike normalactionsthey must
automaticallybeincludedin any plan. In termsof astandard
planninggraphsemanticsif separatactionsestablistfactf
andf attimepointt, we assumehatit maystill bepossible
toachievef att becaus¢heremayexist aplanthatdoesnot
includetheactiondeletingf . (Thisfollowsfrom thefactthat
eachlevel of the planninggraphis a disjunctive representa-
tions of all facts/actiongpossibleat thatlevel.) However, if
thereis anexogenousvente thatdeletes att, thenf can-
not be achiesed at time point t, regardless. The effects of
exogenousventsoverwrite effectsof all otheractions,and
accountingor suchnegative eventsgreatlycomplicateghe
dif culty of incorporatingsucheventsin a (relaxed) plan-
ning graph.Givenarelaxedplanextractedfrom suchaplan-
ning graph thereis noinformednes$ossincurreddueto the
fact that we've ignorednegative effects from (relaxed) ac-
tionsthatdo notappearin the (relaxed)plan. However, the
negative effectsassociatedvith any exogenousactions' that
areignoredin building a relaxed planninggraphmay seri-
ouslydegradeheuristicinformednessincethey areguaran-
teedto existin the nal plan.

Figurelillustratesoneportionof theplanninggraphwith
andwithout exogenousevents. Without exogenousvents,
actionsand factsare representedby their earliestpossible
achizementtime. With exogenousevents, the times at
whichactionsandfactsappeain the planninggrapharerep-
resentedasdisconnectedhtervals, dependingon the actual
causalrelationsbetweenactionsin the plan andthe exoge-
nousevents.

In additionto time, we can estimatethe costto achieve

with the earliestievel/time-pointatwhichit rst appears.



the goalsby propagatinghe (reachability)costof achieve-
mentwhile building the planninggraph(Do & Kambham-
pati 2003). Reasoningover costin planningis similarly
complicatedby the introductionof exogenousevents. As-

sumethat the costof executingactionzoom(city 1; city 2)

doublesthe costof actionf ly(city 1; city 2) andtakes half
thetime to nish. Figure2 shows the costfunction of one
fact at(city 2) assumingthat the aircraftis at city 1 in the
initial state.Whenexogenousventsarepresentctionsand
factsintroducedin the planning-graphcan be deactvated
later, so the costfunctionsfor someactionsand factswill

no longer have the property of monotonicallydecreasing.

Actions and factsmay disappearfrom the planninggraph
or their achi’ementcostscan be resetafter somecertain
durations(this problemhasalso beendiscussedn (Smith
2003)).

In Figure 2, we shav only the simple caseof the fact
openstation (city 0) which is directly affectedby exoge-
nousevents. A slightly more complicatedexamplewould
be a givenexogenouseventdisablesaction A, which is the
current(estimated)oestsupporterfor a factf. Thus,the
bestactionthatcansupportf is changedrom A to thenext
bestactionA® andthusthe costto achieve f increasesAs
a result,the costfunction of f is no longer monotonically
decreasingln general,costfunctionscanincreaseandde-
creasein a complicatedmannerdependingon the interac-
tions betweeractionsandexogenousvents. We will shov
laterthatit becomedarderto reasoraboutactionselection
whenextractingarelaxedplanbasednthe costfunctionsif
they arenotmonotonicallydecreasing.

After constructingcostfunctionsby propagatinghe cost
informationwhenbuilding the planninggraph,they canbe
usedto extracttherelaxedplanduringthe nal heuristicesti-
mation. Therelaxedplanis extractedby rst pickingagoal,
thenby looking at the costfunctionof the goal,we canpick
the mostpromisingactionto achieve that goal. For exam-
ple,if thegoalis at(city 2) thenthecostfunctionin Figure2
shavsthatthelowestcostactionto achieveit attimet 50
is f ly(city 1; city 2) but if t < 50 thenthe most promis-
ing oneis zoom(city 1; city 2). Whenan actionis picked,
its preconditionsare addedto the goallist. Thus,if action
zoom(city 1; city 2) is picked to supportgoal at(city 2) at
time t, thenits preconditionat(city 1) is addedas a new
goalattimet Dur(zoom(city 1; city 2). Goingbackward
andignoring (relaxing)ary interferencedetweeractions),
therelaxedplanextractionroutineis guaranteedo nish in
linear time without backtracking. The resultingaction set
alongwith its causaktructurecanbe usedasan estimateof
therealsetof actions(ie. the plan) thatachiezesthe goals.

As mentionedabove, without exogenouseventsthe cost
functionsmonotonicallydecreaseandthusto supporiagoal
g attime tg, we only needto choosethe (lowestcost) ac-
tion A supportingg atty because\ givesalower costand
allows moretime to achieve its preconditions. With non-
monotoniccostfunctionsengenderebly the presencef ex-
ogenousevents,the lowestcostthatwe canachiere g attg
maynotbethelowestoverallcost. Therecanbeatime point
t < ty atwhichC(g;t) < C(g;ty) becausen exogenous
eventresetthe costof g aftert. If we choosethelowestcost
actionA°thatsupportg att, thecost-functiorindicateshat

it canbebettercost-wisechoice.However, becauseve have
lesstime to achieve the preconditionof A° thanA it may
not be the bestchoicewhenwe take the interferencerela-
tion into accountandhave to ordermutualexclusive actions
(dueto logical or resourcecontentionconstraintspneafter
another

The cost-functionscan provide effective guidancein se-
lecting actionsthat lead to a relaxed plan with leastcost.
However, to selectactionsthat are less likely to violate
the temporal constraints(and thus constitutea better re-
laxedplan),we will next considetheuristictechniquegrom
the schedulingcommunitysuchasslack-basedndtexture
basedapproaches.

Exogenouseventsasestand Ift time constraints

As we discussedn the earlierpart of the paper exogenous
eventscanbe seenas providing the time constraintoon ac-
tionsin the plan. We showved that in the sampleproblem
(providedby the IPC4 organizers)all the exogenousvents
thatarein the form of e = (at 10 (open-statiorcity0)) and
e' = (at 20 (not (open-statiorcity0))) canbe discardedand
replacedby the est/Ift constraintson actionsthat have the
predicated® = (open-statiorcity0) aspreconditions.Thus,
for agivenactionA = refuel(planX,cityQ)the precondition
P canbediscardecandtheinteractionsbetweere, e’ andA
canberepresentedsthetime constraintseest(A) = 10and
If t(A) = 20. Thosetypesof constraintarecommonin de-
riving slack-base@ndtexture-basedchedulingheuristics.
Fromthat point of view, we canuseschedulingechniques
to improve the heuristicestimationframenork in planning,
speci cally therelaxed-planextractionroutine.

SchedulingHeuristics for Relaxed-planExtraction

Thekey to therelaxedplanheuristicapproachs to derive a
relaxed planthatis ascloseto a goodquality valid planas
possible.Extractingsucha relaxed-planfrom the planning
graphinvolves(i) nding a goodquality actionsetaccord-
ing to the users objective function (e.qg. if the userwantsa
low-costplan, thenthe actionsselectedn the relaxed plan
shouldbe biasedtowardslower costs);and (i) minimizing
constraintviolations.

With respecto the rst criterion,the previoussectionhas
discussechow to changethe time-sensitie costfunctions
guiding the relaxed-plan extraction in the presenceof
exogenousevents. For the secondcriterion, constraint
violations arisefrom 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 pairwise
interactionsbetweenactionsin the relaxed plan can be
solved by ordering two interacting actions one after the
other However, with the new est and Ift constraints,
someorderingsmay lead to violations of thosetemporal
constraints. To reducethe numberof constraintviolations
while extractingthe relaxed plan, we canguidethe process
via someschedulingheuristictechniques.

Slack-basedHeuristic: LetS = fAj;:::Axg bethe setof
actionsthathave beenselectedsofarin therelaxed-planex-
traction process. Becausehereis no backtrackingin this



processall theactionsin S will beincludedin the nal re-
laxed plan. Supposéhatg is the next goalthatwe needto
supportat time ty. Assumethatthe setof actionsthatcan
supportit is Sg = fAY;AJ;:::AY g (which canbe sorted
accordingo their executioncostestimatedy the costfunc-
tions). We would like to selectgreedily one action from
Sy suchthatif includedin S, it will minimize the chance
of atemporalconstraintviolation in the nal relaxed plan.
Unlike a standardschedulingproblemin which the goalis
to allocateas mary tasksas possiblein the plan, we have
several choicesof actionsin Sy andonly oneof themwill
beincludedin the nal relaxedplan,while all of the others
will be discarded.In the following paragraphwe discuss
the selectioncriterion basedon the slack value. To facili-
tate the discussionfor eachactionA in S or Sy, the ear
liest startingandlatest nishing timesare: esta andlf ta.
Becausethe selectedactionfrom Sy needsto achieve the
goal g at ty, the latest nishing time of actionA 2 Sy is
If ta minflif ta;tg0.

To calculatethe slackvalues for eachactionA in Sq, we
rst identify a subsetSp, of actionsin S that mustbe or-
deredwith regardto A. Eachactionin S, eitherlogically
interfereswith A or competesvith A for someresourceln
scheduling feasibleorderingsbetweentwo resourcecom-
petingactionsdependonly on whetherthe slack(i ! )
andslack(j ! i) arepositive or negative. However, in a
temporalplanningproblem,feasibleorderingsbetweertwo
interfering actionsdependon whetheran action deletesa
causallink institutedby the other Therefore,possibleor-
deringsin planning problemsinvolving exogenousevents
dependbn boththecausarelationshipsetweeractionsand
the temporalconstrainton actionstartingtimes. Thus, per
(Smith & Cheng1993),the orderingA; ! A; is possible
if slack(i ! j) 0, while in atemporalplanningprob-
lemA; ! A is possibleif slack(i ! j) 0 and A
doesnot interferewith any causalrelation startedfrom A;
(e.g. Aj deletesp, andthereis a causallink A; ! P Ay).
Usingsuchconditions we caneliminateviolating candidate
actionsfrom Sg.

Now, assumethat for each action A in Sy and A;
in Sp S, the slack value of slack(A ! A;) and
slack(Aj ! A) canbecalculatedf A! AjorA;! Ais
possibleaccordingto thetwo constraintdistedabove, then:

slack(A; Aj) = minfslack(A ! A;);slack(A; ! A)g

1)

We have a choice betweenactionsin the Sy set as
to which is the most suitableto supportthe subgoalg.
Thereforewe de ne anadditionalslackvalue:

slack(A; Sa) = min a,2s, slack(A; Ai) (2)

If A is the next actionto be selectedto supportg and
thus de nitely be includedin the nal relaxed-plan,then
equation(2) can be usedto selectthe most constained
actionwith regardto A andthe slackheuristic.However, A
is only oneof the candidateactionsin Sy supportingg: we
wish to compareall suchactionswith respecto their slack
values. The goal is to selectthe leastconstrainedactions

Partial \ /
Relaxed Plan [ \

Figure3: Relaed-planheuristicexample

amongall thosein Sy. Basedon theslack(A;; Sa,) values
of all actionsA; 2 Sy, we thencanchoosesupportfor g

suchthat it has minimal chanceof leadingto a temporal
constraintviolation later Thuswe canchoosean actionA

suchthat:

slack(A; S) = maxa,2sslack(Ai; S) )

Unlike traditional slack based variable ordering in
schedulingvheretheinterestlies with themostconstrained
pair of actionsbasedon the smallestslack value between
them(mostconstrainedariable rst heuristic),the process
of extractinga relaxed planwith no backtrackingmotivates
selectingthe actionwith highestslackslack(A; S) valueto
minimizethe chanceof aneventualtemporalconstraintvio-
lation. In otherwords,if we considerg asa variable,Sy as
its domainandactionsA 2 Sy asvalues,thenequation(3)
is usedto selectthe leastconstainedvalue In this sense,
themaxequationis usedoverthe top of min equation(2) to
bethevalueorderingfor variableg. Fromthis pointof view,
we canevenusethe overall slackvaluescalculatedn equa-
tion (3) asthe meanto selectmost-constrainedariablesby
selectingg in all theremaininggoalsthatleadto thesmallest
slackvaluecalculatedby (3).

Example: Figure 3 shows one examplethat will illustrate
the procedurediscussedabore. Assumethat the current
relaxed-plancontains3 actionsS = fAj;Az;Aszg and
there are two actions that can support the goal g in
Sy = fA4;Asg. Amongactionsin S, Sa, = fA1;A20
areactionsthat needorderingswith A4 (competingfor the
sameresourcer logicalinterference)andSa, = fA2; Asg
are actionsinteractingwith As. To choosebetweenA,
andAs, we rst computethe slackvaluesbetweenA, and
actionsin Sa, = fAj1;A2g) andslackvaluesbetweenAs

and actionsin Sa, = fA2;AsQ) using equation(1) for
individual pair of actions. Then,we will useequation(2)
to computethe slack value slacka, = slack(A4;Sa,)

andslacka, = slack(As; Sa,). Thosevaluesindicatethe
worse casescenarioif we selectA, or As to addto the
currentrelaxed plan. Then,we selectthe maximumvalue
amongslacka,, andslacka , to choosehebetterof thetwo.

Texture-basedHeuristics: Besideghe slack-basedheuris-
tic anotherpopularheuristicin schedulingsuchas texture
measuremenffox et. al. 1989;Becket. al. 1997)based



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

Individualandaggreyatedresourcalemandcturvescanbe

built for all actionsin the partial relaxed plan at ary stage.
Then,for eachactionA in the Sy that canpotentially sup-
port subgoalg, we canbuild the individual demandcurve
for A and seehow the aggregateddemandcurve changes
whenA is includedin the actionsetS of actionsalready
selected.Basedon the aggreyatedcurvesfor all individual
actionsin Sy, we canusevariationsof texture-basedheuris-
tics discussedy Becket. al. (1997)to nd the actionthat
is leastlikely to leadto resourcecontentionfailure. Oneex-
amplecould be to selectan actionin Sy suchthatif it is
includedin S thenresultingaggregateddemandcurve has
thesmallesmaximumheightincrease The hopeis thatthis
will minimizethe chance®f eventuallyexceedingresource
capacity We will usethe sameexampleshownn in Figure3,
toillustratebrie y how it canbedone.
Example: Adoptingthe sameassumptions A4 andAs are
two candidateactionsthat we needto chooseone from to
supportagoalg; S = fA1;A,; Asg areactionsalreadyse-
lectedin the relaxed-plan. Sa, = fAj;A2g is the setof
actionsthat usea resourceR4 which is also usedby Ay,
andsimilarly, Sp, = fAz; Azg containactionssharingre-
sourceRs with As. Notethatunlike the slack-basedheuris-
tic wherewe only consideronesetof actionsthathave to be
orderedwith regardto a candidateaction,therecanbe mul-
tiple setsof actionsfor eachcandidateactionin thetexture-
measuremenapproach. For example,if As usesboth re-
sourcesRs andR4 thenwe needto considerboth S, and
Sa, whenwe calculatethe effect of As ontheresourcele-
mandcurvesof therelaxedplan.

Now assumehat A4 only usesresourceR, andAs only
usesRs. We rst build the aggregateddemandcurvesfor
R4 usingactionsin S, (within their est/Ift constraints)and
for Rs using actionsin Ss. After building the individual
demandcurve of R4 for A4 andof Rsg for As, we will in-
corporatetheminto the overall aggregateddemandcurves
of R4 (i.e. the aggreyatedcurve of R4 for fA1; Az; AsQ)
and Rs (aggregateddemandcurve for f A,; Az; Asg). We
thencandecidewhich of theactionsA 4 or As hasthelesser
effect (increaseshe maximumheightof the demandcurve
theleast)andselectthatoneto supportg. If agivencandi-
dateactionA usesmultiple resourcesthenwe cantake the
maximumeffect heightincrementfor thoseresourcesn the
presenceof A asits texture-efect measurementWe then
take actionwith theminimumvalueamongall the candidate
actionsasthenext oneto beincludedin therelaxedplan.

Conclusionand Futur e Work

Exogenouseventsare a natural componentof real world
planningproblemsandhave beenintroducedinto the stan-
dard planninglanguagePDDL2.2 for the ICAPS planning
competitionthis year In this paper we have examinedex-
ogenousventsfrom bothplanningandschedulingpointsof
view. Fromthe planningside, exogenouseventsappearas
instantaneouactionsthatchangehestatedescriptiorof the

world andthusinteractwith otheractionsin the plan. From
the schedulingpoint of view, we canconsideranimportant
classof exogenousventsasimposingearlieststartingtime
andlatest nishing time to otheractionsin the plan. Such
constraintsare seldomconsideredn the planning eld but
arequitecommonfrom theschedulingoerspectie.

Looking at the problemfrom both planningandschedul-
ing sides,we discusse@pproache$or combiningheuristic
techniquedrom both elds to solve temporabplanningprob-
lemsinvolving exogenousvents,especiallyin caseswvhere
actionsalsocompeteor resources.

Ourfuturework involves rst, identifying classe®f prob-
lemsmostsuitablefor thetechniquesliscussedh this paper
andthenimplementingthe approachesndtestingon a set
of planningproblemsnvolving exogenousvents.
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