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Abstract

Hardlyany environmentis astaticdomainin which
an agentis theonly onewho is changingstatesof
the world. Thus, many eventsoccur that are not
a direct consequenceof an agent's actions. Be-
sideseventsthat occur in full independenceof an
agent,thereareeventsthatcanbe in�uenced indi-
rectly, e.g.,by askingotheragentsto performspe-
ci�c tasks. Even in the absenceof other agents,
anactionby anagentcanleadto a complex effect
chain.Explicitly reasoningaboutsuchindirectcon-
sequencesof actionsis indispensablein nearlyall
real-world domains.
Action planning systemsto drive an intelligent
agent,however, donotincorporateconceptsto han-
dle suchworld dynamics.An actionusuallyhasa
de�nite effect— withoutapossibilityof furtherin-
directconsequences.Someplanningsystemsallow
for theoccurrenceof externalevents,but donoten-
ablerelationsto anagent'sactions.
In this paper, we proposea solutionto this short-
comingof planningsystemsby integratinga kind
of enhancedrule-basedsystem. Using this ap-
proach,aplanningsystemcanreasonaboutindirect
consequencesandexploit theseexternalmechanics
in orderto achieveits goals.Theenhancementsare
demonstratedfrom theperspective of a constraint-
basedplanningsystembasedon local search.

1 Intr oduction
Producingbehavior commandsfor anautonomousagentcan
be achieved by a large variety of methods. Pre-codedbe-
havior scriptsare one of the most appliedand extremeal-
ternatives,providing highly domain-adequateguidance,but
quickly becomeinfeasiblein slightly morecomplex environ-
ments.WhenmoresophisticatedAI techniquesareto beap-
plied, the questionshifts to the issuewhich featuresetcan
ef�ciently be handled. For example,BDI logics [11] pro-
videaveryexpressiveframework, but involveunmanageable
complexity. Approachesof actionplanning,whichserveasa
basisin the following, provide a middleground.They focus
onassembling/schedulingnetworksof basicactionprimitives

insteadof allowing for arbitraryreasoningproblems,thereby
makingit possibleto applyhighly specializedtechnologyto
speedup thesolvingprocess.

The basicplanningproblemis given by a partial descrip-
tion of an agent's currentworld, a partial descriptionof the
goalworld, anda setof action/operatortypesthatmapa par-
tial world descriptionto anotherpartialworld description.A
solution is a sequenceof action instancestransformingthe
currentworld descriptionto the goal world descriptionand
is called a plan.1 The problemcan be enrichedby includ-
ing furtheraspects,like temporalor uncertaintyissues,or by
desiringtheoptimizationof certainproperties.

Action planning systems,however, still lack many fea-
turesthat would be neededfor appropriatelyguiding an au-
tonomousagent. Oneof them— agent-externalchangesof
the world/environment— is dealt with in this paper. We
shouldmentionthat we do not target a distributedplanning
domain;every agentis fully autonomousandinteractswith
his environmentonly to maximizehis personalgoalachieve-
ment.

Action planningsystemsareveryagent-centric,i.e.,hardly
ever involve any other mechanisms/agentsacting in the
world. In very rare cases,external eventsand transitions
amongthemareconsidered(e.g.,in [1]). Theseevents,how-
ever, cannotbe in�uenced by the agent's actions. In most
cases,sucheventsareusedto modelthe incompleteknowl-
edgeof an agent. Examplesof contingency planners,i.e.,
planningsystemsthatconstructbranchingplansto dealwith
the uncertainevent outcomes,are Warren's WARPLAN-C
[10], CNLP by PeotandSmith [8], Plinth by Goldmanand
Boddy[5] andCassandraby PryorandCollins [9]. Thereare
probabilisticextensionsas well, including Drummondand
Bresina's syntheticprojection[4] and the BURIDAN proba-
bilistic planningby Kushmerick,HanksandWeld [6] with
its contingentextensionby Draper, Hanks and Weld [3].
Recently, much researchin this areahas focusedon plan-
ning basedon Markov decisionprocesses(see [2] for an
overview). But again,theseapproachesdo not involve the
in�uence of theagent,andhardlyevermodelworld mechan-
ics thatproducetheseevents.

1Note that this de�nition of the term planningis differentfrom
thatexpectedby peoplein theoperationsresearch(OR) community
(e.g.,scheduling).



Planningin a multi-agentworld requiresmore thanhan-
dling external events. The agentneedsto know about the
mechanicsat work — external transitions—, so thathecan
in�uence andpotentiallyexploit thesemechanisms.For ex-
ample,anagentcouldorderanotheragentto follow him. This
actiondoesnot have a directpost-conditionthatthefollower
will alwaysbeat thesamepositionastheagentbut only that
the follower will try to do so. The agentneedsto take care
that the follower doesnot lose track of him, e.g.,whenthe
follower hasto stopat a red traf�c light. It is impossibleto
solve sucha scenariowith a conventionalplanningsystem
becausesucha systemcannotreasonabouttheexternaltran-
sitionsandtheimpactof thecommandto follow. In theory, it
wouldbepossibleto incorporateall possibleexternalchanges
asaby-productof temporallyvery �ne-grainedactionsof the
agent— this, however, involvesanunmanageablecombina-
torial explosionfor any realisticapplication.

Thedifferentiationbetweenactionsandexternaltransitions
may look strangeto personsfrom the planningcommunity
at �rst, but thekey point is that theworld's behavior canbe
modeledasa setof ongoingtransitions/rulesinsteadof �nal,
staticconsequences.

Externaltransitionscanbe handledby introducinga kind
of rule-basedsystem.However, it is not suf�cient to �re all
applicablerulesuntil a �x point is reached.Theagentwants
to exploit externaltransitions,e.g.,to haveanotheragentper-
forming a taskfor him, andmustbeableto chainbackwards
throughtheserulesto determinehow thechangescanbeini-
tiated. Reasoningaboutsuchrules is in principle similar to
reasoningaboutthe agent's own actions;however, thereare
someimportantdifferences.Thefollowingsectionintroduces
ourunderlyingplanningmodel,whichwill beusedin thefol-
lowing to demonstratethetechniques'realization.

2 The Planning Model
Describingthecompletemodelandtheunderlyingconcepts
of theEXCALIBUR agent's planningmodel[7] would go be-
yondthelimits of thispaper. Only thebasicelementsarethus
describedin this section,andthefollowing sectionswill pro-
vide simpli�ed intuitive descriptionsas well as somemore
in-depthinformationfor thosethatarefamiliar with thesys-
tem.

2.1 ProblemSpeci�cation and Solution
Planningis speci�ed in anextendedconstraint-programming
framework. Basic elementsare variablesand constraints.
Constraintslimit the possiblevaluesthat the variablescan
take. Becauseof our local-searchapproach,variableshave
concretevaluesat any time during the searchprocess.Cost
functionsarespeci�ed for eachconstrainttype, returninga
value that representsthe constraint's current inconsistency
with respectto theconnectedvariables.For example,a sim-
pleSumconstraintwith two variablesa andbto beaddedand
ans variablefor thesumcouldspecifyits costsasSumcosts =
ja + b� sj. If thesumof all constraints'costsreacheszero,
thevariables'valueassignmentsrepresenta valid solutionto
theproblem.

For the generationof a solution,a constrainthasa num-
berof heuristicsto improve its costfunction. For example,a

heuristicfor the Sumconstraintcould randomlychooseone
of therelatedvariablesandchangeits valuesuchthatthecon-
straint is ful�lled. Another heuristicmight resolve the in-
consistency by distributing thenecessarychangesuchthatall
variablesarechangedby thesame(minimal)amount.A con-
straintmustmakethechoiceasto whichheuristicto applyon
its own. In eachimprovementiterationof local search,one
of theconstraintsthathascostshigherthanzerois selectedto
performanimprovement.

2.2 Model Elements
Figure 1 shows an exampleconstraintgraph involving the
constraintsthatareof interestin thefollowing. Theconstraint
graphrepresentsaverysimpleplan— involving only oneac-
tion to move from locationA to B. Objectconstraintsarea
structuralfeatureto groupgraphelements,i.e., they do not
restrictvariables'valuesanddonothavea costfunction.
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Figure1: An exampleconstraintgraphfor planning.

An ACTION (e.g.,moving from A to B) consistsof a set
of differentpreconditionsthatmustbesatis�ed(e.g.,thatthe
agentis at location A), operationsthat must be performed
(e.g., the actual low-level commandsto executethe move-
ment)andresultingstatechanges(e.g., the agent's location
beingchangedto B). Theseelementsarerepresentedby ob-
ject constraints,i.e., there are PRECONDITION TASKs for
preconditiontests,ACTION TASKs for operationsandSTATE
TASKs for statechanges.Therearethreebasictypesof regu-
lar constraints:

� An ACTION RESOURCE CONSTRAINT (ARC) checksif
thereis enoughcapacityto carryout theoperations,i.e.,
thattheconnectedtasksdonotoverlap(e.g.,thatthefeet
donotmoveto multiple locationsat once).

� A STATE RESOURCE CONSTRAINT (SRC)checksif the
connectedPRECONDITION TASKs are satis�ed by the
statesthatarededucedfrom the temporalprojectionof
theconnectedSTATE TASKs(e.g.,thatthe“@A” precon-
dition of theactionto movefrom A to B is met).



� A TASK CONSTRAINT (TC) representsactionrequire-
mentsby specifyinga relation betweena set of PRE-
CONDITION TASKs, ACTION TASKs and/or STATE
TASKs (connectedvia the ACTION object constraint).
The constraintis satis�ed if the tasksrepresentthe ac-
tion type given by the action-typevariable, i.e., if the
correcttasksareinvolvedandif the tasksful�ll certain
restrictions(e.g.,thatthePRECONDITION TASK andthe
ACTION TASK of themovementactionbeginatthesame
time).

2.3 Graph Structure
To solveplanningproblems,it is notsuf�cient to changevari-
ables' values. The constraintgraphitself mustbe changed.
Forexample,it mustbepossibleto add/removeactions.Thus,
the constraints'heuristicscan alsoexecutegraphmodi�ca-
tions,e.g.,to addthestructuresfor anextrastatetask.

So-calledstructural constraintsensurethat graphmodi�-
cationsof the heuristicsdo not producean invalid structure
of theconstraintgraph.Figure2 shows oneof thestructural
constraintsfor theplanningdomain.
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An example of a structural constraint. The constraint applies at any
part of the graph where the left side matches, and is fulfilled if the right 
side matches then as well (the dark area of the right side describes a 
“negative” match, i.e., exactly one task constraint is required to be
connected to the state task).

A partial view of a structurally inconsistent constraint graph. The
structural constraint above matches the state task but does not find a 
connected task constraint.

Figure2: An exampleof astructuralconstraint.

Similar to regular constraints,structuralconstraintshave
costfunctionsto expresstheir satisfactionandheuristicsfor
improvementiterations.

3 External Transitions
As describedabove, eachactionof an agentexplicitly lists
its effectson the world (in our approach,by way of STATE
TASKS). The problem is that there are often many indi-
rectconsequences.All possibleindirectconsequencesof an

actioncould of coursebe integratedin an actionby condi-
tional effects,but the combinatorialexplosioninvolvedren-
dersthis approachinfeasible. Imagineenumeratingall pos-
sibleexternalconsequenceson futuresituationsof anaction
to say “Yes” insteadof only modelingthe direct effect that
the agent's consentis expressed.Indeed,the basicidea of
planningtechniquesis not to pre-codeall possiblesituations.

Changesof the world that are beyond the agent's direct
controlarecalledexternaltransitionsis thefollowing. In re-
spectto incorporatingtheminto theplanningprocess,exter-
naltransitionscanin generalbemodeledsimilarto theregular
actionsof an agent. Nevertheless,therearesomeimportant
differences:

� Occurence: External transitions occur beyond the
agent's control, i.e., they de�nitely occur, andtheagent
hasnochoiceof addingthemto theplanor not(they can
only bein�uencedindirectly).

� Temporal placement: An externaltransitionoccursex-
actly at thetime whenall of its preconditionsstartto be
satis�ed. The planningsystemcannotshift it to some
point in timewhenthepreconditionsaresatis�ed.

4 An ExampleProblem
Ouragent— Little RedRidingHood— wantsto leavegrand-
mother's house.In addition,shewantsthewolf to stayout-
sidethehousesothathecannoteathergrandmother:

goal:
own.location(t in [0..horizon]) =

outside
wolf.location([0..horizon]) = outside

Sheis currentlyin the living room with her grandmother,
while thewolf is somewhereoutside:

facts:
own.location(0) = living_room
grandmother.location(0) = living_room
grandmother.goal(0) = idle
wolf.location(0) = outside
door.passage(0) = locked

To getoutside,RedRiding Hoodneedsto walk to theen-
tranceroom,unlock thedoor, andwalk outside.Shecannot
lock the door from outsidebut can tell her grandmotherto
lock thedoorbehindher:

action walk_to_entrance:
pre: own.location(t) = living_room
eff: own.location(t+10) = entrance_room

action unlock_door:
pre: own.location(t) = entrance_room

door.passage(t) = locked
eff: door.passage(t+1) = unlocked

action walk_outside:
pre: own.location(t) = entrance_room

door.passage(t) = unlocked
eff: own.location(t+1) = outside



action request_locking:
pre: own.location(t) = living_room

grandmother.location(t) =
living_room

eff: grandmother.goal(t+2) = lock_door

BesidesRed Riding Hood's own actions,thereare addi-
tional external transitions. The grandmotherwill do as re-
quested,andthe wolf will get in if the door is unlocked for
morethana second:

transition grandmother_walks_to_entrance:
pre: grandmother.goal(t) = lock_door

grandmother.location(t) =
living_room

eff: grandmother.location(t+20) =
entrance_room

transition grandmother_locks_door:
pre: grandmother.goal(t) = lock_door

grandmother.location(t) =
entrance_room

door.passage(t) = unlocked
eff: door.passage(t+1) = locked

transition wolf_enters_house:
pre: wolf.location(t) = outside

door.passage([t,t+1]) = unlocked
eff: wolf.location(t+2) = entrance_room

Figure3 shows an overview of theactionsandtransitions
of this domain.
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Figure 3: Actions and transitionsof the Little Red Riding
Hoodexample.

5 Firing External Transitions
During the regular planningprocess,the world statesneed
to be scannedfor matchingpreconditionsof external tran-
sitions, so that the correspondingeffects can be inserted.
It is similar to applying a rule-basedsystem(extendedby
temporalannotations)until a �x point is reached.External
transitionscanbe realizedby the regular structuresof AC-
TIONs/PRECONDITION TASKS/STATE TASKS (no ACTION

TASKS of course),allowing for additionalvaluesfor action-
typevariables.

The problem for our local-searchapproachis, however,
how the addition(“�ring”) of all applicableexternal transi-
tions can be enforced. To do so, a new constraint— the
TRANSITION CONSTRAINT (TrC) — is introduced. When
a TrC is introducedin the graph,it noti�es all SRCsof the
graphthatthey shouldkeeptheTrC informedaboutall inter-
valsat which stateshold thataretestedby theexternaltran-
sitions' preconditions.If anew SRCis introducedduringthe
solvingprocess,it alsosearchesthegraphfor TrCsandasks
themfor statesto bemonitoredfor them.

Using the noti�cations of the SRCs, the TrC internally
monitorsthedevelopmentof theexternaltransitions'precon-
dition statesto seeif andwhenexternal transitionsneedto
�re (seeFigure4). In theexample,eachtransition�res once,
but of course,thetransitionsmaygenerally�re multipletimes
over time.

grandmother.goal = lock_door

grandmother.location = living_room

grandmother.location = entrance_room

door.passage = unlocked

wolf.location = outside

time

transition grandmother_walks_to_entrance fires!

transition grandmother_locks_door fires!

transition wolf_enters_house fires!

Figure4: Keepingtrackof relevantstatesinsidetheTRANSI-
TION CONSTRAINT.

TheTrC canbeconnectedto anACTION objectconstraint,
indicating that the correspondingaction is an external tran-
sition insteadof an actionexecutedby the agent. The TrC
involvescostsif anexternaltransitionneedsto �re, but acor-
respondingACTION is not connected.Similarly, it involves
costsif an ACTION is connectedfor which the �ring condi-
tionsof anexternaltransitionarenot ful�lled (seealsoSec-
tion 6.1). The TRANSITION CONSTRAINT's main improve-
mentheuristicssimplyaddor removeACTIONs.

Figure5 showsthecorrespondinggraphspeci�cationparts
for theTRANSITION CONSTRAINT.

Usually, only oneTrC shouldexist in the graphbecause
they might do redundantwork otherwise.Thestructuralcon-
straint shown in Figure 6 ensuresthat there is exactly one
TRANSITION CONSTRAINT in theconstraintgraphata time.

6 Planning with External Transitions
We want to exploit the functionality of external transitions,
notonlypassively incorporatingtheireffects.Thismeansthat
it mustbepossibleto actively planexternaltransitions.

6.1 Desired External Transitions
An SRC's heuristiccan adda desiredexternal transitionto
changea speci�c statejust like a regular action would be
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added.Thedesiredexternaltransitionwill notbevalid at that
time becauseotherwise,it would have beeninsertedby the
TrC before.Theplanneedsto berepairedsothatthedesired
transitionbecomesa“real” externaltransition.

In caseof a regularaction,theenforcementof thecorrect
temporalplacementof a preconditioncan be pursuedin a
moreisolatedway. For anexternaltransition,thereis anad-
ditional condition: At leastoneof thepreconditionsmustbe
placedat thetimewhenits testedstatehasjustchanged.This
“at leastone” makescheckingandenforcingtheconsistency
of a desiredexternaltransitiona veryglobalissue.However,
becauseof our modularconstraint-programmingapproach,
the informationwhena statechangeoccursis only available
within anSRC's local stateprojection.

Luckily, the introducedTRANSITION CONSTRAINT al-
readyhastheglobalinformationontherelevantstatechanges
availablebecausethe SRCsnotify it aboutthem. Repairing
the �ring-related consistency of desiredexternal transition
shouldthusbea taskfor theTrC (seeFigure7). To guarantee
thataTrC will notethatanACTION representingadesiredex-
ternaltransitionwasadded,anextracost-functioncomponent
is addedto theTASK CONSTRAINT thatrequiresanACTION
with an action-typevariablerepresentingan external transi-
tion to beconnectedto theTrC.

Assigningthe repair of a desiredexternal transitionto a
TrC is accomplishedby addinga cost-functioncomponent
to it that representsthe �ring-related consistency of all con-
nectedexternaltransitions,i.e., theconditionthatat leastone
preconditionis placedatastatechange.For therepairheuris-
tics,however, anew conceptmustbeintroducedin oursolver:
improvementdelegation.

Therepairof the�ring-related consistency canbedonein
multiple ways. Thesimplestoneis a shift of a precondition

grandmother.goal = lock_door

grandmother.location = living_room

grandmother.location = entrance_room

door.passage = unlocked

wolf.location = outside

time

desired transition: grandmother_locks_door

Figure7: A desiredbut not yet consistentexternaltransition.

task,whichcouldbedoneby theTrC itself. But thereareoth-
erspossiblerepairsthatrequiretheknowledgeof anSRC.For
example,insteadof moving the preconditionitself, its pre-
cedingstatechangecouldbemoved— whichmeansmoving
thestatetasksthat realizethestatechange.Becauseof this,
a TrC candelegatethe improvementto oneof theprecondi-
tions' SRCs,which in turnhavespecializedheuristicsto deal
with this request.

Thedelegationof animprovementis notneededin general,
but the more sophisticatedknowledgeavailable at another
constraintmay speedup the solving processenormously.
Note that theseef�ciency gainshave a downside: The ini-
tiating constraintrequiresthe existenceof the constraintto
which theimprovementis to bedelegated.Thisopposescon-
straintprogramming'sconceptof anarbitrarycompositionof
the modularproblemcomponents(i.e., constraintsandvari-
ables). A heuristic that wantsto delegatean improvement
shouldthustestthe existenceof the otherconstraintbefore,
andprovideanalternative repairif theotherconstraintis not
partof theconstraintgraph.In addition,aconstraintneedsto
keeptrack which improvementshave beendelegatedduring
aniterationin orderto preventdelegationcycles.

6.2 Manipulating Existing External Transitions

Besidesenforcingdesiredexternaltransitions,existingexter-
naltransitionswill oftenbechallengedbecauseanSRCwants
to undoor move therelatedeffect. For example,in theplan-
ningsituationof Figure4, theSRCresponsiblefor projecting
thewolf 's locationandhaving to ensurethegoalthatthewolf
is outside,will try to remove the statetaskof the transition
wolf enters house . If this transitionis a consistentone
insteadof a desired,this removal might however be useless
becausetheTrC will mostlikely re-establishthetransition.

Again, the delegationconceptcan be applied. The SRC
will handthe improvementover to the TrC, which hasthe
necessaryoverview to initiate appropriatechanges.In many
cases,the TrC will again delegate the improvementto an
SRC,e.g.,to invalidatethepreconditionthat thedoor is un-
locked for a longer time. Nevertheless,in�nite calling cy-
clescannotoccurbecausethe delegationswill alwaysmove
strictly backwardwith respectto thetemporalprojection(the
currenttimebeinga �nal stop).



7 Conclusion
Theability to handleexternaltransitionswasbasedonakind
of underlyingrule-basedsystem,whose�ring transitionsde-
scribethe world's dynamics. The planningsystemusesthe
knowledgeof thesetransitionsto planfor actionsthatchange
theworld in anindirectway, e.g.,by makinganotheragentto
executeaservice.

Usingamodularsearchframework,suchasconstraintpro-
gramming,implies many challenges,mostly relatedto the
global natureof the �ring conditionsof externaltransitions.
In ourapproach,wehavethusintroducedaspeci�c constraint
thatcentrallycollectsthenecessaryinformation.Realizinga
plan-improvementstepis thenofteninterplaybetweenthelo-
cal constraintsandthecentralone,leadingto theconceptof
improvementdelegation.

Theability to handleandexploit externaltransitionsis an
importantstepin pushingthefunctionalityof actionplanning
to a level at which it canbe useful for guiding autonomous
agentsin dynamicenvironmentsand multi-agentdomains.
Many openquestionsstill remainandwill be tackledin our
futurework. For example,�ring all possibletransitionsmay
notbecomputationallyfeasiblein environmentsthataremore
complex. Trade-offsbetweentheamountof knowledgeabout
theenvironmentandthetimeto computeit mustbeexplored,
andit is importantto developpriority schemeswhichknowl-
edgeto extract.

More informationon the underlyingEXCALIBUR project
anda sampleimplementationare available on the project's
website:
http://www.ai-center.com/projects/excal ibur/
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