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Abstract

Hardly any ervironmentis astaticdomainin which

an agentis the only onewho is changingstatesof

the world. Thus, mary eventsoccurthat are not
a direct consequencef an agents actions. Be-

sideseventsthat occurin full independencef an
agent,thereareeventsthatcanbein uenced indi-

rectly, e.g.,by askingotheragentso performspe-
ci ¢ tasks. Evenin the absenceof other agents,
anactionby anagentcanleadto a comple effect
chain.Explicitly reasoningboutsuchindirectcon-
sequencesf actionsis indispensablén nearlyall

real-world domains.

Action planning systemsto drive an intelligent
agenthowever, do notincorporateconceptgo han-
dle suchworld dynamics.An actionusuallyhasa
de nite effect— withouta possibilityof furtherin-
directconsequencesomeplanningsystemsllow
for theoccurrencef externalevents,but donoten-
ablerelationsto anagents actions.

In this paper we proposea solutionto this short-
comingof planningsystemsby integratinga kind
of enhancedrule-basedsystem. Using this ap-
proachaplanningsystencanreasoraboutindirect
consequenceandexploit theseexternalmechanics
in orderto achieveits goals.Theenhancement@re
demonstratedrom the perspeciie of a constraint-
basedplanningsystembasedn local search.

1 Intr oduction

Producingbehaior commanddor anautonomousgentcan
be achieved by a large variety of methods. Pre-codedbe-
havior scriptsare one of the most appliedand extreme al-
ternatves, providing highly domain-adequatguidance but
quickly becomenfeasiblein slightly morecomplex erviron-
ments.Whenmoresophisticatedl techniquesreto beap-
plied, the questionshifts to the issuewhich featuresetcan
efciently be handled. For example,BDI logics [11] pro-
vide avery expressve frameawork, but involve unmanageable
compleity. Approache®f actionplanning,which sene asa
basisin thefollowing, provide a middle ground. They focus
onassembling/schedulingetworksof basicactionprimitives

insteadof allowing for arbitraryreasoningproblemsthereby
makingit possibleto apply highly specializedechnologyto
speedup thesolvingprocess.

The basicplanningproblemis given by a partial descrip-
tion of anagents currentworld, a partial descriptionof the
goalworld, anda setof action/operatotypesthatmapa par
tial world descriptionto anothermpartial world description.A
solutionis a sequencef action instancegransformingthe
currentworld descriptionto the goal world descriptionand
is calleda plan.! The problemcan be enrichedby includ-
ing furtheraspectslik e temporalor uncertaintyissuespr by
desiringthe optimizationof certainproperties.

Action planning systems,however, still lack mary fea-
turesthat would be neededor appropriatelyguiding an au-
tonomousagent. One of them— agent-aternalchangesf
the world/ervironment— is dealt with in this paper We
shouldmentionthat we do not target a distributed planning
domain;every agentis fully autonomousndinteractswith
his ervironmentonly to maximizehis personagoalachiese-
ment.

Action planningsystemsrevery agent-centrid.e., hardly
ever involve ary other mechanisms/agentacting in the
world. In very rare cases,external eventsand transitions
amongthemareconsiderede.g.,in [1]). Theseevents how-
ever, cannotbe in uenced by the agents actions. In most
casessucheventsare usedto modelthe incompleteknowl-
edgeof an agent. Examplesof contingeng plannersii.e.,
planningsystemghatconstructoranchingplansto dealwith
the uncertainevent outcomes,are Warrens WARPLAN-C
[10], CNLP by Peotand Smith [8], Plinth by Goldmanand
Boddy[5] andCassandray PryorandCollins [9]. Thereare
probabilistic extensionsas well, including Drummondand
Bresinas syntheticprojection[4] andthe BURIDAN proba-
bilistic planningby Kushmerick,Hanksand Weld [6] with
its contingentextensionby Drapey Hanks and Weld [3].
Recently much researchin this areahasfocusedon plan-
ning basedon Markov decisionprocessegsee[2] for an
overview). But again,theseapproacheslo not involve the
in uence of theagentandhardly ever modelworld mechan-
icsthatproducetheseevents.

!Note thatthis de nition of the term planningis differentfrom
thatexpectedby peoplein theoperationgesearcHOR) community
(e.g.,scheduling.



Planningin a multi-agentworld requiresmore than han-
dling external events. The agentneedsto know aboutthe
mechanicsat work — externaltransitions—, sothathe can
in uence andpotentially exploit thesemechanismsFor ex-
ample,anagentcouldorderanotheragento follow him. This
actiondoesnot have a directpost-conditiorthatthe follower
will alwaysbe atthe samepositionasthe agentbut 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 stopataredtrafc light. It is impossibleto
solve sucha scenariowith a corventional planning system
becauseucha systemcannotreasoraboutthe externaltran-
sitionsandtheimpactof thecommando follow. In theory it
wouldbepossibleto incorporateall possiblexternalchanges
asaby-productof temporallyvery ne-grainedactionsof the
agent— this, however, involvesan unmanageableombina-
torial explosionfor ary realisticapplication.

Thedifferentiatiorbetweeractionsandexternaltransitions
may look strangeto personsfrom the planningcommunity
at rst, but the key pointis thatthe world's behaior canbe
modeledasa setof ongoingtransitions/rulesnsteadof nal,
staticconsequences.

Externaltransitionscanbe handledby introducinga kind
of rule-basedsystem.However, it is not sufcient to re all
applicablerulesuntil a x pointis reached.The agentwants
to exploit externaltransitionsg.g.,to have anotheragentper
forming ataskfor him, andmustbe ableto chainbackwards
throughtheserulesto determinenow the changesanbeini-
tiated. Reasoningaboutsuchrulesis in principle similar to
reasoningaboutthe agents own actions;however, thereare
somemportantdifferencesThefollowing sectionintroduces
ourunderlyingplanningmodel,whichwill beusedin thefol-
lowing to demonstrat¢hetechniquestealization.

2 The Planning Model

Describingthe completemodelandthe underlyingconcepts
of the EXCALIBUR agents planningmodel[7] would go be-

yondthelimits of this paper Only thebasicelementarethus

describedn this section,andthefollowing sectionswill pro-

vide simpli ed intuitive descriptionsas well as somemore

in-depthinformationfor thosethatarefamiliar with the sys-

tem.

2.1 Problem Speci cation and Solution

Planningis speci edin anextendedconstraint-programming
framework. Basic elementsare variables and constaints
Constraintslimit the possiblevaluesthat the variablescan
take. Becauseof our local-searchapproachyariableshave
concretevaluesat ary time during the searchprocess.Cost
functionsare speci ed for eachconstrainttype, returninga
value that representghe constraints currentinconsisteng
with respecto the connectedariables.For example,a sim-
ple Sumconstrainwith two variablesa andbto beaddedand
ans variablefor thesumcouldspecifyits costsasSurgysis =
ja+ b sj. If thesumof all constraints'costsreachesero,
the variables'valueassignmentsepresent valid solutionto
theproblem.

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

heuristicfor the Sumconstraintcould randomlychooseone
of therelatedvariablesandchangats valuesuchthatthecon-
straintis ful lled. Another heuristic might resohe the in-
consisteng by distributing the necessarghangesuchthatall
variablesarechangedy the same(minimal) amount.A con-
straintmustmake the choiceasto which heuristicto applyon
its own. In eachimprovementiterationof local searchone
of theconstraintghathascostshigherthanzerois selectedo
performanimprovement.

2.2 Model Elements

Figure 1 shavs an example constraintgraphinvolving the
constraintghatareof interestin thefollowing. Theconstraint
graphrepresentavery simpleplan— involving only oneac-
tion to move from location A to B. Objectconstaintsarea
structuralfeatureto group graphelementsj.e., they do not
restrictvariables'valuesanddo nothave a costfunction.
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Figurel: An exampleconstraintgraphfor planning.

An ACTION (e.g.,moving from A to B) consistsof a set
of differentpreconditionghatmustbe satis ed (e.g.,thatthe
agentis at location A), operationsthat must be performed
(e.g., the actuallow-level commandgo executethe move-
ment) and resultingstatechangege.g.,the agents location
beingchangedo B). Theseelementsarerepresentetby ob-
ject constraints,i.e., there are PRECONDITION TASKs for
preconditiorntests, ACTION TAsSKs for operationand STATE
Tasksfor statechangesTherearethreebasictypesof regu-
lar constraints:

An ACTION RESOURCE CONSTRAINT (ARC) checksf
thereis enoughcapacityto carryoutthe operationsi.e.,
thattheconnectedasksdonotoverlap(e.g. thatthefeet
do notmoveto multiple locationsatonce).

A STATE RESOURCE CONSTRAINT (SRC)checksf the
connectedPRECONDITION TASKS are satis ed by the
statesthatarededucedrom the temporalprojectionof
theconnectedSTATE TASKS (e.g.,thatthe” @\” precon-
dition of the actionto movefrom A to B is met).



A TAsk CONSTRAINT (TC) representsctionrequire-
mentsby specifyinga relation betweena set of PRE-

CONDITION TASKS, ACTION TAsSKs and/or STATE

TAsSKs (connectedvia the ACTION object constraint).
The constraintis satis ed if the tasksrepresenthe ac-
tion type given by the action-typevariable,i.e., if the
correcttasksareinvolvedandif thetasksful Il certain
restrictionge.g.,thatthe PRECONDITION TASK andthe
AcTION TAsk of themovemenfctionbegin atthesame
time).

2.3 Graph Structure
To solve planningproblemsit is not sufcient to changevari-

ables'values. The constraintgraphitself mustbe changed.

For example,it mustbepossibleo add/remeeactions.Thus,
the constraints'heuristicscan also executegraphmodi ca-
tions,e.g.,to addthe structuredor anextra statetask.

So-calledstructual constaints ensurethat graphmodi -
cationsof the heuristicsdo not producean invalid structure
of the constraintgraph. Figure 2 shows one of the structural
constraintdor the planningdomain.
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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).
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Figure2: An exampleof a structuralconstraint.

Similar to regular constraints structuralconstraintshave
costfunctionsto expresstheir satisactionand heuristicsfor
improvementterations.

3 External Transitions

As describedabore, eachaction of an agentexplicitly lists
its effectson the world (in our approachby way of STATE
TASKS). The problemis that there are often mary indi-
rectconsequencedAll possibleindirectconsequencesf an

action could of coursebe integratedin an action by condi-
tional effects, but the combinatorialexplosioninvolvedren-
dersthis approachinfeasible. Imagineenumeratingll pos-
sible externalconsequencesn future situationsof anaction
to say“Yes” insteadof only modelingthe direct effect that
the agents consentis expressed. Indeed,the basicidea of
planningtechniquess notto pre-codeall possiblesituations.

Changesof the world that are beyond the agents direct
controlarecalledexternaltransitionsis the following. In re-
spectto incorporatingtheminto the planningprocessgexter-
naltransitionscanin generabemodeledsimilarto theregular
actionsof an agent. Neverthelessthereare someimportant
differences:

Occurence: External transitions occur beyond the
agents control,i.e., they de nitely occur andthe agent
hasno choiceof addingthemto theplanor not(they can
only bein uencedindirectly).

Temporal placement: An externaltransitionoccursex-
actly atthetime whenall of its preconditionstartto be
satis ed. The planningsystemcannotshift it to some
pointin time whenthe preconditionsresatis ed.

4 An Example Problem

Ouragent— Little RedRidingHood— wantsto leave grand-
mothers house.In addition,shewantsthe wolf to stayout-
sidethehousesothathe cannoteathergrandmother:

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

Sheis currentlyin the living roomwith her grandmother
while thewolf is somavhereoutside:

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 Hood needso walk to the en-
tranceroom, unlock the door, andwalk outside. Shecannot
lock the door from outsidebut cantell her grandmotheto
lock thedoorbehindher:

action walk to_entrance:

pre: own.location(t) = living_room

eff:  own.location(t+10) = entrance_room
action  unlock door:

entrance_room
locked
= unlocked

pre: own.location(t)
door.passage(t)
eff.  door.passage(t+1)

action  walk_outside:
pre: own.location(t)
door.passage(t)
eff.  own.location(t+1)

entrance_room
unlocked
= 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,there are addi-
tional external transitions. The grandmothewill do asre-
guestedandthe wolf will getin if the dooris unlocked for
morethanasecond:

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

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

5 Firing External Transitions

During the regular planning processthe 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
temporalannotationsuntil a x pointis reached.External
transitionscan be realizedby the regular structuresof Ac-
TIONS/PRECONDITION TASKS/STATE TASKS (no ACTION

TASK S of course),allowing for additionalvaluesfor action-
typevariables.

The problemfor our local-searchapproachis, however,
how the addition (“ ring”) of all applicableexternaltransi-
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 shouldkeepthe TrC informedaboutall inter-
vals at which stateshold thataretestedby the externaltran-
sitions' preconditionslf anew SRCis introducedduringthe
solving processit alsosearcheshe graphfor TrCsandasks
themfor statego be monitoredfor them.

Using the noti cations of the SRCs,the TrC internally
monitorsthe developmenbf the externaltransitions'precon-
dition statesto seeif andwhenexternaltransitionsneedto

re (seeFigured). In theexample,eachtransition res once,
but of coursethetransitionanaygenerallyre multipletimes
overtime.

transition wolf_enters_house fires!

transition grandmother_walks_to_entrance fires!
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Figure4: Keepingtrackof relevantstatednsidethe TRANSI-
TION CONSTRAINT.

TheTrC canbeconnectedo an ACTION objectconstraint,
indicating that the correspondingactionis an externaltran-
sition insteadof an action executedby the agent. The TrC
involvescostsif anexternaltransitionneedgo re, butacor
respondingACTION is not connected.Similarly, it involves
costsif an ACTION is connectedor which the ring condi-
tions of an externaltransitionarenot ful lled (seealsoSec-
tion 6.1). The TRANSITION CONSTRAINT'S mainimprove-
mentheuristicssimply addor remove ACTIONS.

Figure5 shavsthecorrespondingraphspeci cationparts
for the TRANSITION CONSTRAINT.

Usually, only one TrC shouldexist in the graphbecause
they might do redundantvork otherwise. The structuralcon-
straintshowvn in Figure 6 ensureshat thereis exactly one
TRANSITION CONSTRAINT in theconstraingraphatatime.

6 Planning with External Transitions

We want to exploit the functionality of externaltransitions,
notonly passvely incorporatingheir effects. Thismeanghat
it mustbe possibleto actively planexternaltransitions.

6.1 Desired External Transitions

An SRCSs heuristiccan add a desiredexternaltransitionto
changea speci c statejust like a regular action would be
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Figure 5. Graph de nition of the TRANSITION CON-
STRAINT.

I Transition Constraint l

I Transition Constraint l

Figure6: ThestructuralconstraintSexactly onet rc -

added.Thedesiredexternaltransitionwill notbevalid atthat
time becausetherwise,it would have beeninsertedby the
TrC before. The planneedgo berepairedsothatthedesired
transitionbecomes “real” externaltransition.

In caseof aregularaction,the enforcemenbf the correct
temporalplacementof a preconditioncan be pursuedin a
moreisolatedway. For anexternaltransition,thereis anad-
ditional condition: At leastoneof the preconditionsmustbe
placedatthetime whenits testedstatehasjust changedThis
“at leastone” makescheckingandenforcingthe consisteng
of adesiredexternaltransitiona very globalissue.However,
becauseof our modular constraint-programmingpproach,
theinformationwhena statechangeoccursis only available
within an SRC’s local stateprojection.

Luckily, the introduced TRANSITION CONSTRAINT al-
readyhastheglobalinformationontherelevantstatechanges
available becausehe SRCsnotify it aboutthem. Repairing
the ring-related consisteng of desiredexternal transition
shouldthusbeataskfor the TrC (seeFigure?). To guarantee
thataTrC will notethatan ACTION representingdesired:x-
ternaltransitionwasaddedanextra cost-functionrcomponent
is addedo the TAsk CONSTRAINT thatrequiresan ACTION
with an action-typevariablerepresentingan externaltransi-
tion to beconnectedo the TrC.

Assigningthe repair of a desiredexternaltransitionto a
TrC is accomplishedy addinga cost-functioncomponent
to it thatrepresentshe ring-related consisteng of all con-
nectedexternaltransitionsj.e., the conditionthatatleastone
preconditionis placedata statechange For therepairheuris-
tics,however, anew concepimustbeintroducedn oursolver:
improvementeleation

Therepairof the ring-related consisteng canbe donein
multiple ways. The simplestoneis a shift of a precondition

desired transition: grandmother_locks_door

grandmother.goal = lock_door

]
]
- .
grandmother.location = living_room N
)
grandmother.location = entrance_room [lj
door.passage = unlocked El

wolf.location = outside

time >

Figure7: A desiredbut notyet consistenexternaltransition.

task,whichcouldbedoneby theTrCitself. Butthereareoth-

erspossiblerepairsthatrequiretheknowledgeof anSRC.For

example,insteadof moving the preconditionitself, its pre-
cedingstatechangecould be moved— which meansnaving

the statetasksthatrealizethe statechange.Becauseof this,

a TrC candelggatethe improvementto oneof the precondi-
tions' SRCswhichin turn have specializecheuristicso deal
with thisrequest.

Thedeleggationof animprovemenis notneededn general,
but the more sophisticatecknowledge available at another
constraintmay speedup the solving processenormously
Note that theseef ciency gainshave a downside: The ini-
tiating constraintrequiresthe existenceof the constraintto
whichtheimprovements to bedeleggated.This opposegon-
straintprogrammings concepf anarbitrarycompositionof
the modularproblemcomponentgi.e., constraintsand vari-
ables). A heuristicthat wantsto deleggatean improvement
shouldthustestthe existenceof the otherconstraintbefore,
andprovide analternatve repairif the otherconstraintis not
partof theconstraingraph.In addition,a constrainineedgo
keeptrack which improvementshave beendelegatedduring
aniterationin orderto preventdelegationcycles.

6.2 Manipulating Existing External Transitions

Besidesnforcingdesiredexternaltransitions gxisting exter-
naltransitionswill oftenbechallengedecaus@anSRCwants
to undoor move therelatedeffect. For example,in the plan-
ning situationof Figure4, the SRCresponsibldor projecting
thewolf'slocationandhaving to ensurghegoalthatthewolf
is outside,will try to remove the statetask of the transition
wolf _enters _house . If thistransitionis a consistenbne
insteadof a desired this removal might however be useless
becauseghe TrC will mostlikely re-establislthetransition.

Again, the deleggation conceptcan be applied. The SRC
will handthe improvementover to the TrC, which hasthe
necessaryverviaw to initiate appropriatechangesIn mary
cases,the TrC will again delggate the improvementto an
SRC,e.g.,to invalidatethe preconditionthatthe door is un-
locked for a longertime. Neverthelessjn nite calling cy-
clescannotoccurbecausehe delegationswill alwaysmove
strictly backwardwith respecto thetemporalprojection(the
currenttime beinga nal stop).



7 Conclusion

Theability to handleexternaltransitionsvasbasedn akind

of underlyingrule-basedystemwhose ring transitionsde-

scribethe world's dynamics. The planningsystemusesthe

knowledgeof thesetransitiongo planfor actionsthatchange
theworld in anindirectway, e.g.,by makinganothermgento

executeaservice.

Usingamodularsearchramework, suchasconstrainpro-
gramming,implies mary challengesmostly relatedto the
global natureof the ring conditionsof externaltransitions.
In ourapproachye havethusintroducedaspeci c constraint
thatcentrallycollectsthe necessarynformation. Realizinga
plan-improrementstepis thenofteninterplaybetweerthelo-
cal constraintandthe centralone,leadingto the conceptof
improvementdelegation.

The ability to handleandexploit externaltransitionsis an
importantstepin pushingthefunctionality of actionplanning
to a level at which it canbe usefulfor guiding autonomous
agentsin dynamic ervironmentsand multi-agentdomains.
Many openquestionsstill remainandwill betackledin our
futurework. For example, ring all possibletransitionsmay
notbecomputationallffeasiblein ervironmentgshataremore
comple. Trade-ofs betweertheamountof knowledgeabout
theervironmentandthetime to computet mustbeexplored,
andit is importantto developpriority schemesvhich knowl-
edgeto extract.

More information on the underlyingEXCALIBUR project
and a sampleimplementationare available on the project's
website:

http://www.ai-center.com/projects/excal ibur/
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