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Abstract

AI planningandschedulingprocesseshavebeentraditionally
hardly relatedto eachother. However, real-world problems
requirecapabilitiesof bothprocesses.This paperpresentsa
descriptionof threeapproachesfor tackling theseproblems:
i) temporalplanningapproach;ii) separateapproach;andiii)
integratedapproach. For the last approach,we provide an
ef�cient model,aspartof our ongoingwork, that interleaves
planningandschedulingin a �e xible andgeneralway. We
alsodescribethe key pointsof this approach,which arethe
structureandtheway thetwo processesinteract.

Intr oduction
AI planningcommunityis gettingmoreandmoreinvolved
in solving realistic problemsthat require the useof plan-
ning techniquesto supplyactionselectiontogetherwith fea-
sibleresourceassignments,suchaslogistic problems,crisis
management,manufacturingsystems,groundtraf�c on air-
ports,spaceapplicationsandcontrolof satellites,etc. (Hoff-
mannet al. 2004). Although theseproblemsincludefea-
turesof bothplanning(determiningwhich actionsmustbe
executed)andscheduling(determiningwhenandwhich re-
sourcesmustbe used),planningandschedulingprocesses
have beentraditionallyhardly relatedto eachother. Partic-
ularly accordingto (Boddy, Cesta,& Smith 2004),“it has
beenrecognizedfor sometime that classicalplanningand
schedulingmodelsare at oppositeendsof a spectrum,with
mostinterestingreal-world problemsfalling somewhere in
the middle and requiring characteristicsof both”. How-
ever, dealingwith planningand schedulingin a disunited
way doesnot seemsensible:selectingan action in a plan
is usually conditionedto several temporalconstraints,re-
sourceavailability and criteria to be optimised. Conse-
quently, planning and schedulingcomplementeachother
perfectly, particularlyconsideringthatthey usesimilar tech-
niques(searchin graphs,useof heuristics,managementand
reasoningof constraints,etc.) (Smith& Zimmerman2004;
Smith,Frank,& Jónsson2000).

Recentadvancesin planningresearch(planninggraphs,
local search,heuristic techniques,satis�ability and con-
straintsatisfaction,etc.) allow to dealwith a more realis-
tic planningmodel that handlestime, resourcesandmulti-
optimisationcriteria, thus incorporatingmore(scheduling)
capabilitiesto plannersfor solving real-world problems.

However, as the problemsbecomeharderand more com-
plex, the dif�culties to solve thembecomeharderaswell,
andcomplexity in plannersis growing dramatically(Ghal-
lab,Nau,& Traverso2004;Garrido& Onaindia2004).Re-
laxationof numericfeaturesin actions,thusdisjoining the
planning part from the schedulingone by separatingthe
structural(propositional)partof theplanfrom thepartded-
icated to resourceusage(numeric variablesand resource
management),is alsopossible(Garrido,Onaindia,& Her-
nandez2005; Halsey 2004). The main idea is to make a
cleardistinctionbetweensketchingthestructureof theplan
(reasoningonconditions,effects,orderingsandcausallinks)
andful�lling thenumericconstraints(reasoningontimeand
numericvariablesthatusuallyinvolveresourceusage).Nev-
ertheless,thereis an importantdrawbackin classof prob-
lemswith a strongdependency on the numericconditions
(Garrido, Onaindia,& Hernandez2005). In theseprob-
lems,actionsto supportthenumericconditionscanonly be
appliedin very particularcases,i.e. the numericfeatures
arean intrinsic part of the original problemanddo change
thestructureof theplan(thereexistsa complex interaction
of numericfeaturesthat cannotbe abstractedduring plan
generation).Let us imaginea rovers1 applicationscenario,
whereroverscanonly be rechargedat pointswith sun(ac-
tions to recharge are very limited), and trying to separate
thenavigationandcommunicationpart from managingen-
ergy levels and recharging is nearly impossible. This is a
clearexampleof a plan that needsto take into considera-
tion the numericfeaturesas they modify its structure;i.e.
theplangenerationis highly in�uencedby thenumericcon-
straintsandmakingacleardistinctionbetweenplanningand
schedulingturnsunlikely.

This paperpresentsan evolution of differentapproaches
for tackling planningand schedulingproblems. First, we
start with a temporalplanning approachthat follows the
sameideasof moststate-of-the-artplannersthat have par-
ticipatedin last internationalplanningcompetitions. Sec-
ond, we continuewith a more modernapproachthat tries
to simplify theoriginal problemto make it easierand,con-
sequently, more affordable by meansof a relaxation of

1See http://ipc.icaps-conference.org , Interna-
tionalPlanningCompetitions(IPC–2002andIPC–2004),for more
informationaboutthisandotherproblemsanddomains



numeric variableson actions(separationof planning and
scheduling). Finally, we describesomeideasto perform
(whatwe understandas)anef�cient integrationof planning
andscheduling,asamodelthatcombinestechniquesof both
planningandschedulingin andynamicinterleavedway. In
this paper, we analysethe main featuresof eachapproach,
andpresenttheadvantagesanddisadvantages,basedon our
own experienceandcurrentwork.

A planning/schedulingproblem fr om a
planning perspective

Nowadays,many usualactivities involve theexecutionof a
sequenceof actions,which mustsatisfyseveral constraints
(both temporaland on resourceavailability), in order to
achieve somegoals,while trying to optimisea metric func-
tion de�ned on the problem. This kind of problemrepre-
sentsa planningandschedulingproblem,which is hardly
separableinto two disjunctive parts. Hence, we de�ne
a planning and schedulingproblem as the tuple Pps =
hI ; G; A ; R; C; Mi , whereeachelementmeans:

I = Initial state,with all theinformationthatis trueat
thebeginningof theproblem.

G = Goals,with all the factsthatmustbeachievedat
theendof theproblem.

A = Actions, de�ned on the problemdomainthat al-
low to achieveGfrom I .

R = Resources,availableto executetheactionsin the
plan.

C = Temporalconstraints,with additionalconstraints
theplanmustsatisfy.

M = Metric function, asa multi-criteria function that
needsto beoptimised.

To the authors'knowledgethereis not a well accepted
languageto modelreal problemsof planningandschedul-
ing. However, from a planningperspective thereexists a
widely acceptedlanguageto de�ne planningdomainswhich
is called PDDL (McDermott 1998). PDDL was designed
as a common framework to de�ne planning problems
and test progressin planningtechniques.PDDL hasnow
evolutionedto PDDL2.1andPDDL2.2(Fox & Long 2003;
Edelkamp& Hoffmann 2004), but none of them allows
to explicitly de�ne resourcesR or temporal constraints
C. On the one hand, resourcesare arti�cially modelled
as other objects in the problem, and are implicit in the
de�nition (conditionsand effects) of eachaction. On the
other hand, temporal constraintsto representhard con-
straintsamongactions,�nite persistenceof action effects,
deadlinesfor goals, etc. are not consideredand dif�cult
to be includedin the problem. Fortunately, in addition to
the initial stateI and goalsG , now in PDDL2.2 we can
easily model: i) actionswith duration (:duration (=
?duration (boarding-time ?a)) ); ii) actions
with local conditionsand effects ((at start (at ?p
?c)) , (over all (at ?a ?c)) ); iii) actions with
numeric features, conditions ((>= (fuel ?a) ( *
(distance ?c1 ?c2) (slow-burn ?a))) ) and

effects ((assign (fuel ?a) (capacity ?a)) );
iv) multi-criteria problem metrics to optimise (:metric
minimize (+ ( * 0.5 (total-time)) ( *
0.02 (total-fuel-used))) ); and v) timed initial
literals that express deterministic unconditional exoge-
nous events and allow to representa kind of temporal
constraintsin the form of time windows (:init (at 9
(shop-open)) (at 20 (not (shop-open))) ).

Although there still exists a lack of capabilitiesin the
planningdomainde�nition languagesto describeschedul-
ing featuressuchasresources,deadlinesandcomplex tem-
poralconstraints,improvementsin theexpressivity of PDDL
havedonerealisticplanningandschedulingproblemscome
within reach(Hoffmann et al. 2004). Therefore,most
featuresof real-world planning/schedulingproblemscanbe
currently modelledby PDDL2.x, at leastfrom a planning
pointof view.

Temporal planning (and scheduling)approach

When dealing with planning and schedulingproblems,a
straightforward approachis to pushbeyond classicalplan-
ning assumptionsto incorporateschedulingconstraints(du-
ration on actions,numericfeaturesandmulti-criteria met-
rics). Althoughthis makestheplanningsolvingprocessex-
tremelymorecomplex, progressin planningtechniqueshave
reacheda greatsuccessassomeplannerssuchasSGPlan
(Chen,Hsu,& Wah2004),LPG-TD (Gerevini et al. 2004)
or Mips (Edelkamp2002) demonstratedin last planning
competitions(Fox & Long2003;Edelkampet al. 2004).

Basically, thestructureof a temporalplanneris depicted
in Fig. 1. Startingfrom the domainand problemde�ni-
tion (for mostmodernplannersthis is de�ned in PDDL2.x),
the temporalplannerextendsclassicalplanningtechniques
to reasonontime,mainlyonactionduration,(start,invariant
andend)conditionsandtimedinitial literals. In orderto �nd
a plan,differenttypesof techniqueshavebeendevelopedto
improve search;planning/actiongraphs,estimationsbased
on relaxed plans,resolutionof global constraints,goal or-
dering,searchspacereduction,etc. areusuallyusedto help
in actionselection.As canbe thought,many of thesetech-
niquesareaction-basedheuristics,but morepowerful tem-
poralplannerscalculatesomecostfor actionsto be ableto
optimisetheplanaccordingto a multi-criteriametric. This
way, the �nal plan, which is executableaccordingto the
problemconstraints,providesa goodvaluefor theproblem
metric (thoughonly a few plannerscanguaranteeoptimal-
ity).

This approachis currentlyoneof the mostwidely used;
most plannersthat participated,and were awardedas top
performers,in lastplanningcompetitionsworkedunderthis
approach.The main reasonfor this lies in the naturalex-
tensionof planningalgorithmsto supportnew capabilities.
Basically, themainadvantagesof thisapproacharetwofold:

� The solving processturns into a homogeneousplanning
andschedulingsystem,andthereis little distinctionbe-
tweenaction selectionand orderingand resourceusage
decisions.Thus,theschedulingprocessdoesnot needto



0.001: (calibrate rover0 cam0 obj wp0) [5]
0.001: (recharge rover0 wp0) [7.09091]
0.001: (sample_rock rover0 rover0st wp0) [8]
5.006: (take_img rover0 wp0 obj1 cam0 low_res) [7]
8.009: (drop rover0 rover0st) [1]
9.01: (sample_soil rover0 rover0st wp0) [10]
...
;; Plan makespan: 47
;; Plan cost: 75.9
;; Number of actions: 9

Final plan (execution)

Temporal Planner

Classical planner +
Temporal extensions (reasoning) +
Numeric multi-criteria optimisation

Action -based heuristics
Relaxed plans

Action selection
Optimisation criteria

(define (domain Rover)
...
(:durative-action navigate
:duration (= ?duration 5)
...
(:durative-action recharge
:duration (= ?duration (/ (- 80 (energy ?x)) (recharge-rate ?x)))
...
(:durative-action sample_rock
:duration (= ?duration 8)
...

PDDL2.x domain (define (problem roverprob4213)
(:domain Rover)
...
(:init (visible wp0 wp1) (visible wp2 wp1)

...
(:goal (and (communicated_soil_data wp0)

...
(:metric minimize (+ (* 1 (total-time)) (* 0.01 ((energy rover0))))

PDDL2.x problem

Figure1: Outlineof thetemporalplanningapproach.

be very expressive or ef�cient; schedulingis just an in-
trinsiccomponentof a broaderplanningprocess.

� Theresultingplanis executableanddoesnotneedapost-
processingstageto check inconsistencieson resource
availability and/ortemporalconstraints.Intuitively, this
meansthat sucha plan is straightlywhat a real problem
requiresasa solution.

On the contrary, this approachpresentssomeimportant
disadvantages:

� Temporalreasoningperformedin the approachis ade-
quatebut slightly limited. Complex temporalconstraints
(suchas disjunctive or metric constraints)on plans,ac-
tions and resourcesis quite complex without a speci�c
temporalmanageror scheduler.

� It is dif�cult to determinewhenthesystemis planningor
scheduling(Garrido& Barber2001).Sincethesystemis
a tight combinationof planningandscheduling,it makes
it muchmoredif�cult (or impossible)to �nd heuristiccri-
teriato improveplanningandschedulingseparately.

� The extension of planning algorithms to deal with
schedulingfeaturesmakesthesealgorithmsextraordinar-
ily complex. Althoughcurrentlysomeplannerscancope
with thiscomplexity, it is obviousthattheperformanceof
plannerscannot�t with suchanincreasein thecomplex-
ity of the problems. This imposesa hard limit in plan-
ning scalabilityandjeopardisesthe futureof planningin
its applicationto real-world problems.This is shown in
Fig. 2, which comparestheruntimesof LPG-TD.quality
(Gerevini et al. 2004)andSGPlan (Chen,Hsu,& Wah
2004)whensolvingSTRIPSvs.somenumericproblems.
As canbe seen,the runtimesaresigni�cantly different.
This helps demonstratehow the complexity of dealing
with schedulingfeaturesincreasesthecomplexity of the
plannersandtheirruntimesin severalordersof magnitude
in somecases,andevenmakesthemunsolvablein others.
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(c) LPG-TD - satellite (d) SGPlan - satellite

Figure 2: Comparisonof two awardedtemporalplanners
(LPG-TD.quality and SGPlan) solving STRIPSvs. nu-
mericproblemsin rovers andsatellite domains.All
testswerecensoredafter300s.

Separateapproachfor planning and
scheduling

As indicatedin previoussection,oneof themaindisadvan-
tagesof a temporalplanningapproachis thelimit thatit im-
posesin planningscalability: thecomplexity of theseplan-
nersin very dif�cult problemsmaybecomeintractable.An
intuitive modi�cation to that approachis to remove part of
thecapabilities(andcomplexity) from theplanningprocess
anduseaspeci�c processto performschedulingtasks,i.e. to
makeuseof aseparateapproachfor planningandscheduling
with two differentprocesses.A historicalapproachfor this
consistsin drawing a line betweenplanningand schedul-
ing, whereplanningprecedesscheduling(Garrido& Barber
2001).First, theplannergeneratesa planby theapplication
of actionsfrom the domain, just consideringcausallinks.
Second,the schedulervalidatesthe problem constraints,
consideringactiondurationsandallocatingresourcesfor the
entireplan.Morerecentworksbasedonthisphilosophyuse
anew kind of relaxationthatseparatesthestructural(propo-
sitional)partof theplanfrom thepartdedicatedto resource
usage(numericvariablesandresourcemanagement)(Gar-
rido, Onaindia,& Hernandez2005;Halsey 2004).

Fundamentally, this approach(seeFig. 3) worksby sepa-
ratingthe initial domainandproblemfeaturesinto two dis-
junctivecomponents.Ontheonehand,planningfeaturesare
managedby aclassicalplannerthatdealswith propositional
actions(noduration,localconditions/effectsor numericfea-
turesare considered)undera STRIPS-basedmodel. This
way, the outputof this processis a sequentialplan that is
propositionallysound(theplanwouldbedirectlyexecutable
in a scenariowithout numeric variablessuch as a pure-
STRIPSplanningproblem)(Garrido,Onaindia,& Hernan-
dez2005).Ontheotherhand,averysimpleschedulingpro-



Sequential plan (STRIPS plan)

(calibrate rover0 cam0 obj wp0)
(take_img rover0 wp0 obj1 cam0 low_res)
(comm_img_data rover0 gen obj1 low_res wp0 wp1)
(sample_rock rover0 rover0st wp0)
(drop rover0 rover0st)
(sample_soil rover0 rover0st wp0)
(comm_rock_data rover0 gen wp0 wp0 wp1)
(comm_soil_data rover0 gen wp0 wp0 wp1)

;; Number of actions: 8

Action -based heuristics
(mainly based on number of

actions)

Relaxation of numeric features
Classical planning
features:
Propositional actions
STRIPS-based
model

Scheduling features:
Numeric variables
Time
Resources
Metric function

0.001: (calibrate rover0 cam0 obj wp0) [5]
0.001: (recharge rover0 wp0) [7.09091]
0.001: (sample_rock rover0 rover0st wp0) [8]
5.006: (take_img rover0 wp0 obj1 cam0 low_res) [7]
8.009: (drop rover0 rover0st) [1]
9.01: (sample_soil rover0 rover0st wp0) [10]
27.028: (comm_rock_data rover0 gen wp0 wp0 wp1) [10]
...
;; Plan makespan: 47
;; Plan cost: 75.9
;; Number of actions: 9

Final plan (execution)

Classical Planner

Atomic actions +
Sequential planning

Scheduling heuristics
(mainly based on cost and

problem metric)

Action parallelisation
Satisfaction of
numeric constraints

Scheduling

(define (domain Rover)
...
(:durative-action navigate
:duration (= ?duration 5)
...
(:durative-action recharge
:duration (= ?duration (/ (- 80 (energy ?x)) (recharge-rate ?x)))
...
(:durative-action sample_rock
:duration (= ?duration 8)
...

PDDL2.x domain (define (problem roverprob4213)
(:domain Rover)
...
(:init (visible wp0 wp1) (visible wp2 wp1)

...
(:goal (and (communicated_soil_data wp0)

...
(:metric minimize (+ (* 1 (total-time)) (* 0.01 ((energy rover0))))

PDDL2.x problem

Figure3: Outline of the separateplanning+schedulingap-
proach.

cessreceivesasaninputthesequentialplanandincorporates
numericfeatures,thussatisfyingthenumericconditionsand
constraintswhile parallelisingthe actionsin the plan. Ob-
viously, eachplanningandschedulingprocessusesspeci�c
heuristicsmainly basedon actionsandproblemmetric, re-
spectively. The �nal result is, consequently, an executable
plan.

Themainadvantageof this approachis thepossibility to
abstractout planningtasksfrom schedulingones,devoting
the planning effort in the ef�cient constructionof a plan
and to usea speci�c schedulerto checkwhetherthe plan
is schedulable.Moreover, if theproblemis propositionally
unsolvable,i.e. therearesomepropositional(sub)goalsthat
cannotbesatis�ed, this approachdoesnot needto perform
any schedulingtask.Thereexist, however, somedrawbacks:

� Lackof cooperationbetweenthetwo processes.Bothpro-
cesseswork independentlywith norelationor knowledge
oneachotherduringits execution.

� Lackof globaloptimisationcriteria.Theplannerreturnsa
sequentialplanthat,afterbeingparallelised,mayprovide
a badvaluefor theproblemmetric. Unfortunately, this is
not unusualsincetheheuristicsusedduring planningdo
not take problemmetric information into consideration,
andtheschedulingprocessdoesnothavethecapabilityto
changetheplansubstantially.

� Thesequentialplanmight notbeproperlyparallelisedby
theschedulingprocess.For instance,let ussupposethat
the available energy level for a rover is scarceand no
rechargeactionis available,i.e. anumericconstraintcan-
not be satis�ed. If the plannerreturnsa plan wherethe
rover runsout of energy while navigating (note that the

(sample_rock rover0 rover0st wp0)
(drop rover0 rover0st)
(sample_soil rover0 rover0st wp0)
(comm_soil_data rover0 gen wp0 wp0 wp1)
(comm_rock_data rover0 gen wp0 wp0 wp1)

(a)

0.001: (navigate rover0 wp0 wp3)
5.006: (recharge rover0 wp3)
12.013: (navigate rover0 wp3 wp0)
17.018: (sample_rock rover0 rover0st wp0)
25.026: (drop rover0 rover0st)
26.027: (sample_soil rover0 rover0st wp0)
36.037: (comm_soil_data rover0 gen wp0 wp0 wp1)
46.047: (comm_rock_data rover0 gen wp0 wp0 wp1)

(b)

Figure4: Two resultingplansfor aproblemof theroversdo-
main: (a)pure-STRIPSsequentialplan,and(b) parallelplan
thatsatis�esthenumericconstraints(timeandresources).

plannerdoesnot checkresourceconstraints),the sched-
uler will not beableto make theplanexecutable.Again,
thissituationis notunusual.Many problemshaveastrong
dependency on thenumericfeaturessincethey areanin-
trinsicpartof theproblem(propositionalandnumericpart
are strongly coupled). This meansthat the scheduling
constraintsmustbeveri�ed immediatelyaftereachaction
is planned;theplanhighly dependsonsuchconstraintsas
they canchangeits structure.

The last drawbackis the gravest,so we will illustrate it
with anexampleontheroversapplicationscenario(seeIPC±
2002for moreinformation).Let usassumeaproblemwhere
therearetwo samplesto �nd (rock andsoil ) andcommu-
nicatethembackto a lander. Initially, rover0 hasenough
energy to startto operate,but not enoughto �nish theplan,
andthereis only onewaypoint(wp3) whererechargeis pos-
sible. Fig. 4-ashows thesequentialplanthattheplannerof
this approachreturns.As canbeseen,this plan is proposi-
tionally executable,but sinceno reasoningon resourceshas
beendone,the plan doesnot containany actionthat visits
wp3. Next, theschedulerstartsto paralleliseactionssatis-
fying numericconditions. The problemappearswhen the
roverreachesanenergy level thatpreventsit from executing
any action,even a navigate action to wp3 to recharge.
Sincetheschedulercannotchangethestructureof theplan
(addor deleteactionsaccordingto causallinks), it will fail
to �nd an executableplan, thoughtheexecutableplan (see
Fig. 4-b)is nearlythesameandit containsall the� veactions
presentin thesequentialplan.Thisclearlydemonstratesthat
working with planningand schedulingin a disunitedway
mayfail in many problems,andanintegratedapproachwith
amuchstrongerrelationbetweenbothprocessesto dealwith
abroaderquantityof problemsis necessary.

Integration of planning and scheduling
Designinganintegratedapproachfor planningandschedul-
ing is not an easytask. The solutiondoesnot necessarily
imply anembeddedplanningprocessinto a schedulingone,
or vice versa,aswe will discussin section. An ef�cient



0: (calibrate rover0 cam0 obj wp0)
0: (sample_rock rover0 rover0st wp0)
1: (take_img rover0 wp0 obj1 cam0 low_res)
1: (drop rover0 rover0st)
2: (sample_soil rover0 rover0st wp0)
3: (comm_rock_data rover0 gen wp0 wp0 wp1)
...

Plan / Relaxed plan / Set of activities

Integrated heuristics
common heuristics based on actions

and cost/problem metric

0.001: (calibrate rover0 cam0 obj wp0) [5]
0.001: (recharge rover0 wp0) [7.09091]
0.001: (sample_rock rover0 rover0st wp0) [8]
5.006: (take_img rover0 wp0 obj1 cam0 low_res) [7]
8.009: (drop rover0 rover0st) [1]
9.01: (sample_soil rover0 rover0st wp0) [10]

27.028: (comm_rock_data rover0 gen wp0 wp0 wp1) [10]

37.038: (comm_soil_data rover0 gen wp0 wp0 wp1) [10]

...

;; Plan makespan: 47

;; Plan cost: 75.9

;; Number of actions: 9

Final plan (execution)

(define (domain Rover)

...

(:durative-action navigate

:duration (= ?duration 5)

...

(:durative-action recharge

:duration (= ?duration (/ (- 80 (energy ?x)) (recharge-rate ?x)))

...

(:durative-action sample_rock

:duration (= ?duration 8)

...

PDDL2.x domain (define (problem roverprob4213)

(:domain Rover)

...

(:init (visible wp0 wp1) (visible wp2 wp1)

...

(:goal (and (communicated_soil_data wp0)

...

(:metric minimize (+ (* 1 (total-time)) (* 0.01 ((energy rover0))))

PDDL2.x problem

Planner

Any kind of STRIPS

plan (provided by a

classical planner) or

set of activities

(provided by a user)

Integrated module

update

(add/delete)

valid: {yes,no}

conflicting acts.

Planning process

Replanner (plan

execution and reparation)

Scheduling process

Validation of (temporal +

resource) constraints

validate

now!

Action

Network
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Figure5: Outlineof theintegratedplanningandscheduling
approach.

integratedmodel needsto be generaland �e xible, where
bothplanningandschedulingprocessesplay a similar role,
andwherethekey pointsarethede�nition of thenext two
items:i) structureof theintegratedapproach,andii) theway
in which planningandschedulingprocessescooperateand
communicateto work underanintegratedway.

Structure of the integrated approach

Fig. 5 showsthestructureof our integratedapproach.Obvi-
ously, the integratedmodulerequiresthedomainandprob-
lem de�nition as an input. Moreover, a plan (either pro-
vided by theuserasa setof activities or by a plannerasa
STRIPSparallelor sequentialplan),is usedasanadditional
input,which is latermotivated.Theintegratedmodulecon-
tainsan actionnetwork (AN) converterthat transformsthe
inputplaninto anetwork thatrepresentstheplanwith its ac-
tions,causallinks and(temporal+resource)constraints.The
planningprocessupdatesthe action network to make ac-
tions propositionallyexecutable;i.e. it mainly works asa
replanner, repairing(addingor deleting)actionsin thenet-
work whenthey cannotbeexecuted.Theschedulingprocess
mainly works as a validatorof constraintsand checksthe
feasibility of the actionnetwork andits constraints.How-
ever, the scheduler's task is not only to validatethe action
network, but alsoto inform the planningprocessaboutthe
con�icting actionsandthe resourcesinvolved in suchcon-
�icts. This way, the schedulerhelpsthe plannerrepair the
plan by meansof integratedheuristicsthat allow both pro-
cessesto take commonagreementdecisions.Finally, anex-
ecutableplan is extractedfrom the actionnetwork that has
beengeneratedby usingplanningandschedulingcriteria.

Whende�ning thestructure,therearetwo elementsthat
are essentialto establishthe foundationsof the integrated

module: the former concernsthe input of the integrated
module, whereasthe latter concernshow the action net-
work representstheplan,actionsandtheir constraints.The
input of themoduleneedsto includethedomainandprob-
lem de�nition. At this point, the integratedmodulecould
startfrom anemptyplan,i.e. generatingaplanfrom scratch.
However, this doesnot seemto be sensiblebecauseof the
high complexity that it entails. Nowadays,therearemany
state-of-the-artplannersthat generateplansin an ef�cient
way (Fox & Long 2003; Edelkampet al. 2004). There-
fore, it seemsmuch worthier startingfrom an initial plan
asthebasis(like in theseparateapproachfor planningand
scheduling,but now with the two processesworking to-
getherin an interleaved way). The underlying idea is to
usea classicalplanner, assimple(in termsof expressivity
andcalculus)andef�cient aspossible. This will allow us
to usea pure-STRIPSplan providedby any planner. Note
that this doesnot limit theapproach:a relaxedplanthat ig-
noresthe deleteeffectsof actions(Bonet& Geffner 2001;
Hoffmann& Nebel2001)canalsobeusedasaninput, and
evena plangeneratedby hand,makingtheconversioninto
an action network even simpler in both cases. Also note
thatthisplandoesnotneedto bepropositionallyexecutable
sincethereplannercanrepairunsupportedconditions.This
increasestheopportunitiesto useef�cient plannersasapre-
viousstepto theintegratedmodule.

The actionnetwork (seeFig. 6) follows the philosophy
of temporalconstraintnetworks (TCN (Dechter, Meiri, &
Pearl1991))to representactionsandconstraints.Nodesrep-
resenttimepointswhereactionsstart/end(.on/.off, respec-
tively). Therearethreetypesof edges,all of themlabelled
with aninterval, thatrepresent:i) usageof a resource(time
is consideredasotherresources)betweenthe .on/.off time-
points of the sameaction; ii) causallinks betweentime-
pointsof actions;andiii) temporalconstraintsbetweentime-
points. For instance,in Fig. 6, action (calibrate
rover0 cam0 obj wp0) increasestime in 5 units (ac-
tion duration) and decreasesenergy of rover0 in 2 units
(notethat thesevaluescanbe alsode�ned by an interval).
Action (calibrate rover0 cam0 obj wp0).off
hasa causallink with (take img rover0 wp0 obj1
cam0 low res).on becausethe �rst actiongeneratesa
propositionat endthat the secondactionneedsover all its
execution. This de�nition of causallinks betweentime-
pointsis an ef�cient way to representcausallinks between
local effectsand conditions. Finally, temporalconstraints
allow to de�ne additional constraintsand deadlinesbe-
tweenthe executionof actionsand the beginning of time:
(sample soil rover0 rover0st wp0) must �n-
ishbeforetime50.

Planning and schedulingprocessesworking
together
An interestingandcompellingquestionfor anef�cient inte-
grationof planningandschedulinglies in theway in which
theseprocessesareinterleaved. Herewe outlinea tentative
working schemeasanattemptof creatinga highly-coupled
integrationapproach.Both processesare constantlyinter-
leavedduringtheprocessof creatingaplanthatsatis�esthe
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Figure6: Exampleof anactionnetwork. Solid anddashed
linesrepresentusage(increase/decrease)of resourcesin ac-
tions (time andenergy of rover0, respectively); thick lines
representcausallinks; anddottedlines representtemporal
constraints.T0 identi�es thebeginningof time.

temporalandresourceconstraints.Thekey point of this ap-
proach,as indicatedpreviously, is that the schedulerdoes
not merely work as a validator but as a helpful sourceof
informationto helptheplanningprocess.Following, wede-
scribetheway bothprocesseswork together, alongwith its
�o w chartdiagram(seeFig. 7). First, the planningtasks
(propositionalpartof theplan)are:

1. Check propositional executability. The planningpro-
cessselectsa setof currentactionsfrom the actionnet-
work. Next, it checkswhetherthe actionsare proposi-
tionally executable.

2. Repair process. This is the main task of the planning
process,consistingin repairinga portion of the plan to
make it executable.Therearetwo identi�able subtasks:

(a) Repair action preconditions. The reparationprocess
may imply to repair a single action condition (�a w-
repair) or a set of conditions. During the reparation
processall actionsin theactionnetwork areconsidered
andall necessaryactionsto satisfytheunsupportedpre-
conditionsareinserted.

(b) Remove actions from the action network. Another
task within the planningmoduleis to remove one or
several actionsfrom the network. This is a relevant
activity since the current plan might not satisfy the
time/resourceconstraintsand the solution necessarily
goesthroughthe deletionof someactionsin the net-
work. Obviously, the recommendationon which ac-
tions should be removed is given by the scheduling
process. In this case,a portion of the plan could be
removed andthe planningprocesswill have to repair
theplanto make it executableagain.

Second,thetwo maintaskstheschedulerundertakesare:

1. Check time/resourceconstraints+ temporal action al-
location. This taskconsistsin checkingthe satisfaction

Output: final plan

Check propositional
executability of actions in AN

current acts.
in AN prop.
executable?

Repair process:

1. Repair action conditions
2. Remove actions from AN

No

Yes

Planning
Process

Input

Check time/resource
constraints

+
Temporal action allocation

is AN valid
(consistent)?

No

Find conflicting actions and
inform the planning

about them

Yes

Scheduling
Process

are goals
satisfied?

Yes

No

Figure7: Flow chartdiagramfor the tasksduringplanning
andschedulinginteraction.

of all time andresourceconstraintsin theproblem. The
schedulingprocesscarriesoutthistaskto �nd outwhether
thereexist over-constrainedresourceson thecurrentpor-
tion of theplanunderwork while satisfyingthetemporal
constraints.Whenthereis no preciseinformationon the
temporalallocationof aparticularactionand,aslongasit
ispossible,theschedulerappliesaleast-commitmenttem-
poral scheduling.However, at somepoint (whencheck-
ing time/resourceconstraints)it maybecomenecessaryto
supplyamoreprecisetemporalallocationfor anactionin
order to checkthe exact resourceconsumption.For ex-
ample,if it is known thatactiona is placedafterb, then
the schedulerwill keepa temporalconstraint[0; 1 ] be-
tweena andb. At the time of checkingconstraints,the
schedulermusthavemorepreciseinformationabouthow
long b is after a in order to detectthe exact time point
or interval wherethe problemrunsout of a resource.In
other words, it is necessaryto know the planningstate
over which theactionis goingto beexecutedin orderto
checktheconstraintsatisfaction.

2. Find con�icting actionsand inform the planning pro-
cessabout them. This is the mostcomplex taskof the
scheduler. If the schedulerdetectsthat someresource
constraintsare violated, it will calculate(heuristic ap-
plication) the most likely actionsinvolved in the over-
constrainedresources(no-goods),suchasthe mostcon-
sumableactionsor theminimal actionsetinvolvedin the
resourcecon�ict. This information will be provided to
the planningprocessalongwith somerecommendations
for eachaction.

Notethatin ourapproach,resourcesaredirectlyallocated
by the planningprocessunderthe recommendationsof the
schedulingprocess.Hence,if the replannerinsertsan ac-
tion to transporta packagefrom city1 to city2 with
truck1 andtheschedulingprocesslaterdiscoversthefuel
consumptionexceedstheavailableamount,it mightsuggest
to remove suchan actionbecauseof its high consumption.



Therefore,oncetheactionis removedtheplanningprocess
will have to �nd a differentalternative to have thepackage
at city2 , which might involveusinga differenttruck. The
samecanbe appliedto allocatecontinuousresources.The
schedulingprocessmight suggestnot deletingthedrive ac-
tion but just indicatingthat thereis a problemwith thefuel
resourcein suchanaction.In thiscase,thereplannerwill opt
to applya �a w-repairroutineto provide supportto the nu-
mericalpreconditionof theaction.In conclusion,resources
areallocatedby the planningprocessbecausethey are in-
variantlyattachedto theexecutionof actions.However, the
decisionaboutwhichresourceto useor whentosupplymore
of a resourcewill be suggestedby the schedulingprocess.
An openpoint hereis the improvementin the information
�o w betweentheschedulerandtheplanner;i.e. thesched-
ulercouldinform theplannerabouttheactionsthatcouldbe
removedfrom theplanor advicetheplannerto helpit make
futureactionchoices,suchaswarningtheplannerto avoid
actionswith over-subscriptedresources.

Conclusionsthrough relatedwork
The separationof planningandschedulingprocesseswhen
solving real-world problemshas shown important draw-
backsthat are dif�cult to be solved without a combined
approachof planning and scheduling. In this line of re-
search,we can �nd two different perspectives. From a
planning point of view, a planner is extendedto handle
time and resources(temporal planning approach)(Ghal-
lab, Nau, & Traverso 2004; Chen, Hsu, & Wah 2004;
Gerevini et al. 2004; Edelkamp2002). From a schedul-
ing point of view, a scheduleris extendedto coursesome
dynamicaction selection(planningcapabilitiesembedded
within scheduling)(Smith& Zimmerman2004).In thefor-
mer, an indistinguishablemixtureof planningandschedul-
ing is achieved,whereactionandresourceallocationdeci-
sionsareconsideredwhile planning. This mixture of pro-
cessesmayincreasethecomplexity of theoverallapproach,
makingproblemswith astrongschedulingcomponentprac-
tically intractable. In the latter, planningis an adjunctto
scheduling,i.e. schedulingborrows someof the conven-
tionsandobjectivesof planning.This approachrequiresas
inputdemandsspeci�c top-levelgoals,asetof activitiesand
probablytheorderin whichtheseactivitiesmustbeapplied.
Therefore,the planningcomponentis alreadygiven to the
problem.Hence,themaindrawbackof this approachis that
planningis only consideredasa subtaskof the scheduling
process,usedto �nd theresourcesetupactivities. Moreover,
theargumentfor leveragingstrengthsof bothschedulingand
planningprocessesremainscompelling.

In thelastdecade,thewayin whichplanningandschedul-
ing must be combinedhasbeenaddressedas an interest-
ing questionanda hot topic of research(Muscettola1994;
Chienet al. 2000;Srivastava, Kambhampati,& Do 2001;
Rodŕ�guez2003). Although someattemptshave beensuc-
cessful in the domainsthey were designedfor, such as
HSTS (Muscettola1994) or Aspen (Chien et al. 2000),
thissuccesscannotbeeasilydemonstratedin otherdomains,
i.e. they were designedfor particularproblemsand con-
sequentlythey cannotbe consideredas generalintegrated

modelsof planningand scheduling. On the contrary, the
integratedapproachpresentedin thispapertriesto beagen-
eral, �e xible model that dynamically interleaves planning
and schedulingprocesses(both playing a similar role) to
tackle planningproblemswith a strongand weak compo-
nentof resource/timemanagement.Ourapproachcombines
bothprocesseswhile bene�tsfrom theirknowledgeby sepa-
rate,suchasuseof STRIPSor relaxedplans,planexecution
andreparation,de�nition of timepoints,resourceallocation,
temporalconstraintmanagement,etc. Further, it alsoincor-
poratesthe useof commonintegratedheuristics,reasoning
on an actionnetwork, anda clever interactionof the plan-
ning andschedulingprocesses,wherethe main issuesare:
i) the structureof the integratedapproach(andits input as
any kind of plan), and ii) the way in which planningand
schedulingprocessesinteract(cooperationandcommunica-
tion, wherebothprocesseshelpeachother).
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