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Abstract

This paperdiscussesthe speci�cs of planningin multiagentenvironments.
It presentsthe formal framework MAPL (“maple”) for describingmultiagent
planningdomains. MAPL allows to describeboth qualitative andquantitative
temporalrelationsamongevents,thussubsumingthe temporalmodelsof both
PDDL 2.1 andPOP. Otherfeaturesaredifferentlevels of control over actions,
modelingof agents'ignoranceof facts,andplansynchronizationwith commu-
nicativeactions.For globalplanningin multiagentdomains,thepaperdescribes
a novel forward-searchalgorithmproducingMAPL's partially orderedtempo-
ral plans. Finally, the paperdescribesa generaldistributedalgorithmscheme
for solving MAPL problemswith several coordinatingplanners.The different
contributionsintendto provide a simple,yet expressive standardfor describing
multiagentplanningdomainsandalgorithmsthatin thefuturemightallow cross-
evaluationof MultiagentPlanningalgorithmsonstandardizedbenchmarks.
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1 Intr oduction and RelatedWork

In this paper, we discussthe speci�c propertiesof planningin Multiagent Systems
(MAS). With thetermMultiagentPlanning(MAP), we will denoteany kind of plan-
ning thathappensin multiagentenvironments,meaningon theonehandthattheplan-
ningprocesscanbedistributedamongseveralplanningagents,but alsothatindividual
planscan(andpossiblymust)take into accountconcurrentactionsby severalexecut-
ing agents.Wedoneitherassumecooperativity norcompetitionamongagents,nordo
we imposeany relationamongplanningandexecutingagents:in thegeneralcase,�

plannersplan for � executingagents.In the speci�c, yet commoncaseof � agents,
eachhaving bothplanningandexecutingcapabilitieswespeakof autonomousagents.
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Figure1: A multiagentplanningproblem

As a motivating example,Fig. 1 shows a simple MAP problemas it might ap-
pearin theRoboCupRescuechallenge[Kitano et al., 1999]. Two autonomousagents,
police force P and�re brigadeF, areworking in a city devastatedby an earthquake.
While F's goal is to extinguishall burninghouses,it P hasboththecapabilityandthe
goalto cleartheblockedroads.P's positionbeingLoc0 we will assumehim unaware
of tehfact thatR12andR13areblocked. Theagents'actionshave speci�c durations
thatmaybeexactlyknown only atexecutiontime,sometimesbecauseof speci�c exe-
cutionparametersof theagents,sometimesbecauseof intrinsicunpredictabilityof the
environment:while, for example,moving throughthetown maytake between2 and4
minutesanddependonly on themapdistanceandspeedof theagent,extinguishinga
�re maytake1 to 4 hoursdependingonconditionsunknown to theagents.Soanagent
hassomedegreeof controlaboutthedurationof a moveaction,while thedurationof
extinguishcanonly beguessed.

Even in this trivial example,we canmake somegeneralobservationsaboutplan-
ning in MAS thatwill motivatetheconceptsintroducedin therestof thepaper.

(1) Agentsmaybeunaware of partsof theworld state(P doesnot know whether
R13 is blocked). (2) Concurrent acting is centralto MAP (P canmove to Loc1 and
startclearingR13 while F is extinguishingH1, althoughboth agentsusingthesame
roadat thesametime maybe prohibitedto avoid collisions). Modelingconcurrency
necessitates(2a)adescriptionof whicheventsmayoccurconcurrentlyandwhichnot,
(2b) metric time for realisticdescriptionsof actiondurationsandtheir relations,but
(2c) synchronizingon actionsof unknown (at leastto someagent)durationdemands
qualitativeuseof time(e.g.“after PhasclearedR13”). A speci�c usageof qualitative
time is (3) synchronizationoncommunicativeacts, asin “F movesto Loc3afterPhas
informedhim thatR13is clear”.
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In theirplans,agentsmusttake otheragentsactionsinto account:F may“exploit”
P's clearingof R13in his own plan,but mustalsoassurethathedoesnot try to usea
roadthat is alsousedby P at thesametime. Especially, (4) cannotcontrol occurence
or durationof otheragents'actions.

While many recentplanningformalismsallow somedegreeof concurrency, all fail
in providing featuresfor eitherquantitative (2b)or qualitative (2c)temporalreasoning.
PDDL 2.1,for example,supportsmetrictimebut theplansemanticsenforcesplanners
to assignexact time stampsanddurationsto all events[Fox andLong, 2002] which
might be impossiblein dynamicmultiagentsystems. In contrast,the concurrency
modelof Boutilier andBrafman[2001] augmentspartialorderplanswith concurrency,
thusallowing �e xible, synchronizedexecution,but cannotdescribe,for example,that
many sequentialmoveactions(maximumduration4) couldexecutedin parallelwith
oneextinguishaction(minimumduration60). Noneof theplanningmodelsknown to
usfeaturesproperty(3), implicit plansynchronizationwith communicative acts.

Differentdegreesof control aboutactionsin a plan whereextensively studiedin
[Vidal andFargier, 1999;Morris et al., 2001]. However, to our knowlegdethemod-
elsdevelopeddescribeonly single-agentsettings(+ a nondeterministicenvironment.)
This paperis a �rst stepto extendingthecontrollability framework to multiagentdo-
mains,andto integrateit into a formalplanninglanguage.

To addresstherepresentationproblems(1)–(4)we introducetheMultiagentPlan-
ning LanguageMAPL (“maple”). Fig. 2 shows part of a MAPL descriptionfor the
Rescuedomain.

Insteadof propositionalstaterepresentationsMAPL allowsnon-booleanstatevari-
ables(cf. also[Geffner, 2000]). To modelignorance(1) eachstatevariablemayhave
thespecialvalueunknown, therebyavoiding representationof belief statesassetsof
possiblestates.A numberof otheradvantagescomeswith the introductionof state
variables;especially, for feature(2a),anintuitive de�nition of mutualexclusivity (i.e.
the impossibility to executesomeactionsconcurrently, cf. [Blum andFurst,1997])
canbegiventhatdescribesmutexesasread-writelockson statevariables.According
to this perspective, distributedplanningcanthenbeseenasdetectionor, evenbetter,
preventionof possibleread-writelocksbefore execution.

(:state-variables
(pos ?a - agent) - location
(connection ?p1 ?p2 - place) - road
(clear ?r - road) - boolean)

(:durative-action Move
:parameters (?a - agent ?dst - place)
:duration (:= ?duration (interval 2 4))
:control (start: ?a) (end: ?a)
:condition

(at start (clear (connection (pos ?a) ?dst)))
:effect (and

(at start (:= (pos ?a) (connection (pos ?a) ?dst)))
(at end (:= (pos ?a) ?dst))))

Figure2: Excerptfrom aMAPL domaindescription

MAPL's temporalmodelallows to combine(2b) quantitative and(2c) qualitative
temporalinformationin plans,thussubsumingboththepurelymetrictemporalmodel
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of PDDL 2.1 [Fox andLong, 2002] andthepurelyqualitative modelof Partial Order
Planning[Weld, 1994]. At its coreMAPL representsa multiagentplan asa Simple
TemporalNetwork [Dechteret al., 1991] in which eachdurative actionis modeledby
startandendevents,possiblyextendedby invariantconditions.In theSTN, bothac-
tion durationsandqualitative orderingrelationsaretreatedasconstraintsrepresented
by closed,semi-openor openintervals. In sodoing,not only canimpreciselyknown
actiondurationsbe representedas intervals of the form ���������	�	
 , but qualitative con-
straintslike “after” canbedescribedby (semi-)openintervalslike �
������� .

Anothercentralconceptof MAPL is theuseof communicationasaction(3). This
meansthatspeechactscanbedirectlyput into aplanandaretreatedlikeotheractions.
Suchcommunicative actionsserve asreferenceeventsfor plansynchronization.This
kind of synchronizationis implicit in the sensethat no distinction is madebetween
qualitativeor quantitative temporalconstraintsfor orderinganagent'sown actionsand
constraintsusedfor inter-agentcoordination.

This treatmentof communication(or, moregenerally, informationgathering)is
bene�cial in many ways. It allows agentsto refer to facts(especiallythoseachieved
by others)thechangeof which they do not in�uence or witnessthemselves. We can
eventreatanagent'sperceptionsas“speechactsby theenvironment”.Anotherbene�t,
as explainedlater, is that speechactsallow agentsto reveal only the minimum of
informationabouttheir plansneededfor coordination,thuskeepingasmuchprivacy
abouttheir knowledge,goals,andplansaspossible.

A plan is only fully speci�ed with (4) a control functiondescribingwhich agent
(or theenvironment)controlstheoccurenceof eachevent. With this functionwe can
describe,e.g.,thataspeci�c agentis allowedto addandremoveanactionfrom hisplan
(controlof thestartevent),but hasno in�uence on it its duration(endeventcontrolled
by theenvironment).Duringplanning,having controlof aneventor notfundamentally
changesits possibleuseandevaluation.For example,beingableor unableto control
the durationof an actionwill leadthe plannerto a fundamentallydifferentheuristic
evaluationof its use.

For a plan to be executable,it mustbe both temporallyandlogically consistent.
Theformercriterionis reducibleto consistency of theunderlyingSTN.Thelatter, log-
ical consistency, canbede�nedsimilarly to POPastheplanhaving noopenconditions
andnounsafelinks, with theadditionalcriterionthattheplanmustensurethatnomu-
tex eventsmayoccurconcurrently. Foraplanto solveacertainagent'sproblemit must
achieve hisgoalsandalsobeconsistentwith thecontrolfunction,i.e. only constraints
involving eventscontrolledby the respective agentmusthave beentightenedby the
planner.

How is planningin MAS carriedout? It is obvious that the easiestway is to
�nd a planalone:assumedthatF knows aboutP's capabilities,F can�nd a plan that
solveshisproblems.Evenif F doesnotknow aboutP'sconcreteactions,thisplanwill
providecluesaboutwherehelpis neededandthustriggerscooperation.Weseethat(5)
thecapabilityfor single-agentsynthesisof multiagentplansis a basicrequirementfor
MAP. Wehavedevelopedaplan-spaceforward-searchalgorithmthatcanbeusedwith
any standardforwardbranchingschemeandarbitraryplanmetrics.Thispaperpresents
two suchmetrics,thewell-known makespanandthenew minMaxMakespan,thelatter
of which extendsthe formerby assigningmaximalpossibledurationto uncontrolled
durative actions. As MAPL extendsboth PDDL2.1 and Partial OrderPlanningthe
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forward-branchingschemecanbe usednot only to generatevalid MAPL plans,but
alsofor PDDL andPOplans.

Heuristic forward planningin the style of FF [Hoffmann andNebel, 2001] can
be extendedto �nd MAPL plans. The currentsimple algorithm is sound,but not
complete,i.e. thereis a setof clearly distinguishedMAPL problemsit cannotsolve
yet. Weareworkingon asound,yetmorecomplex versionof thealgorithm.

Whenseveral agentsareplanningandactingindividually in a commonenviron-
ment,they will probablyrun into oneof the following problems:(6) They won't be
ableto �nd individual planssolving their problemsor (7) the plansfound will con-
�ict atexecutiontime. MAP Literaturehasmostlytreatedonly problem(7), implicitly
assumingthatplanscanbefoundandthatthereforeseparatingplanningfrom coordi-
nationis possible([Toninoetal., 2002], [EphratiandRosenschein,1994]). Distributed
hierarchicalplanning([Durfee,1988;DurfeeandMontgomery, 1991]) is aspecialcase
thereofwherethesetof possiblesolutionsis alreadyimplicitly givenin anabstraction
hierarchythat is re�ned in a distributedmanner. While in our opinion coordination
during theplanningphaseis indispensablefor dealingwith problem(6), it is at least
advantageousfor copingwith problem(7), i.e. whenindividually valid plansarecon-
�icting (e.g.whentwo ambulanceteamsplanto rescuethesamerefugee).

We have thereforedevelopeda generaldistributed planningalgorithmthat uses
single-agentplanningto synthesizepartial plansand to trigger cooperationandco-
ordinationefforts asearlyaspossible.Thealgorithmis integratesasynchronousdis-
tributedsearchtechniquesusedin DistributedConstraintSatisfactionresarch[Yokoo
andHirayama,2000] with modernheuristic-searchbasedPlanningtechniques[Hoff-
mannandNebel,2001]. Our MAP algorithmis reactive in thesensethatnew events
(like communicationor exogenousevents)canbe integratedinto the currentsearch
stateeasilysothatchangesof knowledgedo not necessarilyenforcereplanning.The
algorithmthusallows distributed,continualplanning[desJardinsetal., 2000].

A key conceptof our distributed planningtechniqeuis the useof a responsibil-
ity functionthat assignsto eachstatevariablean agentmanagingandcontrolling its
changesover time. This agentwill detectread-writecon�icts in theagents'plans.i.e.
possibleexecutioncon�icts, but will alsoprovideinformationwhenanotheragentcan-
notachieve a (sub)goalinvolving thatvariable.In thebasicform of thealgorithm,the
responsibilityis static,but similar to approachesin DistributedCSPresearch[Yokoo
andHirayama,2000] we will relaxthisassumptionin futurework. Theideaof theal-
gorithmis simple:in areachabilityanalysistheplanningagentdetectsgoalsinvolving
statevariableshedoesnotknow about,cannotmanipulateor couldif only someearlier
conditionweresatis�ed. He contactstheresponsibleagentsto receive moreinforma-
tion or delegatea subgoalconcerningthevariable.Theresponsibleagentanswersthe
questionor adoptsa temporarygoalto helptheaskingagent.

In theremainderof thepaper, we will formally describetheMultiagentPlanning
LanguageMAPL asan extensionof PDDL (section2). Section4 describessingle-
agent(or central)searchtechniquesin the spaceof MAPL plans. Section5 show a
distributedplanningalgorithmbasedon theconceptof statevariableresponsibility. In
section6 we concludewith ourvision for thefutureof MultiagentPlanningresearch.

5



2 Multiagent problemsand plans in MAPL

2.1 Beliefsand other statevariables

Onemain featuredistinguishingMAPL from PDDL is the useof non-propositional
statevariables:in MAP we mustdismissthe Closed-World Assumption(CWA) that
everythingnotknown to betrueis false– thetruthvaluemightalsobesimplyunknown
to anagent.Thereareseveralpossibilitiesto representsuchbelief states,for example
setsof possiblestates(possibleworlds)could representall possiblecombinationsof
statesfor unknown facts.Anotherpossibilityis to representeachof thethreepossible
statesof afact(true,false,unknown) by auniquepropositionandto assurethatexactly
of onethesepropositionshold in any givenstate.This is similar to therepresentation
of negationproposedin [GazenandKnoblock, 1997]: explicit negationof a fact is
compiledawayin aplanningdomainby introducingaspecialpropositionrepresenting
thenegatedfactandassuringin theplanningdomainthatonly oneof thetwo factscan
hold in astate.

However, we do not seeany genuinemerit in a propositionalrepresentationof
states;the simplestway to representbeliefs it to allow statevariablesto have more
thanjust thetwo valuestrue andfalse. We will thereforenot only allow ternarystate
variables(with valuestrue, falseandunknown), but n-arystatevariables, meaningthat
a statevariable � mustbe assignedexactly oneof its � possiblevaluesin any given
state. Among others,Geffner[2000] usesthe sameconceptand gives an extended
formaldescriptionandjusti�cation.

For example,in our Rescuedomainthe statevariable(pos F) could have any
of the valuesLoc0 , Loc1 , Loc2 , Loc3 or the new “default” valueunknown that
is a possiblevaluefor eachstatevariable.Our new CWA will thenbethatevery state
variablethevalueof which is notspeci�edin astate(or cannotbededucedotherwise)
is believedto beunknown.

Notethatacompilationapproachsimilarto theoneof [GazenandKnoblock,1997]
is still possible:every n-arystatevariablecanbecompileddown to a setof proposi-
tionsthatmustbeensuredto bemutuallyexclusive. This ensuranceis implicit in the
de�nition of n-ary statevariablesandthusgivesdomaindesignersa naturalway to
describeimportantinvariantsof a domain,for examplethat an objectcanonly be at
onelocationata timeor mayhave only shapeor color.

De�nition 1 A planningdomainis a tuple
���

��� ��� ��� �
	���
�� � where � is a setof
types,� a �nite setof objects,� thesetof statevariables. 	���
�������������� assigns
a typeto each objectand statevariable. ���

�

����� � ��� � with ���

�

����� �

�"!

�$#

�&% ')(+*-,���� �

�

')(+*-,���� �/.��

!�0�1�231547681

. givesthepossiblevaluesfor statevariable � . A
statevariableassignmentis a pair � � �9� �:#;�=<>�?�

�

��� � , alsowritten ���

�

� � .

2.2 Temporal model

Quantitativemodelsof timearenecessaryto describeexacttemporalrelationsbetween
actionsof differing duration.Level 3 of PDDL 2.1 providesa simple,yet expressive
meansto modeldurative actions. However, the time-pointsemanticsfor planspro-
posedin [Fox andLong,2002] is overly restrictive. In forcingplannersto assignexact
time points to every action in a plan it takes away the execution�e xibility offered
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by plansemanticsbasedon actionorder. Sequential,Graphplan-like ordered,or par-
tially orderedplan semanticscaneasilydealwith actiondurationsthat areunknown
(in generalor to a speci�c agent)becausethey offer qualitative notionsof time like
“after” or “before”. MAPL is anapproachto take thebestof bothworldsandcombine
quantitative andqualitative modelsof time. Thekey ideais to give up thetime-point
semanticsfor plansandgo back to orderingconstraintsamongevents,but to make
theseconstraintsmore�e xible thanthoseof total or evenpartial-orderplanning.Pre-
cisely, the temporalcomponentof a MAPL plan correspondsto a SimpleTemporal
Network [Dechteret al., 1991] the constraintsof which are intervals describingthe
temporalrelationamongevents(instantaneousstatechanges).Notethat in lieu of the
termactionweusethemoreneutraleventhereto re�ect thatstatechangesarenotnec-
essarilyactively broughtaboutby an agentbut canalsobeobservationsof “natural”
changesin theenvironment.

De�nition 2 An event1 , is de�nedby two setsof statevariableassignments:its pre-
conditions
�� ��� , � andits effects �

�

� , � . For assignments���

�

� � in thepreconditions
� effects
 of an eventwewill alsowrite ���

� �

� � � ��� �

�

� � 
 .

(:durative-action Move_F_Loc2[Loc1_R12]
:parameters (?a - agent ?dst - place)
:duration (:= ?duration (interval 2 4))
:control (start: ?a) (end: ?a)
:condition (and

(at start (== (pos F) Loc1))
(at start (== (connection Loc1 Loc1) R12))
(at start (clear R12))

:effect (and (at start (:= (pos ?a) R12))
(at end (:= (pos ?a) Loc2))))

Figure3: InstantiatedMoveaction

Relatingeventsby ordering(i.e. temporal)constraintsis centralto partial-order
planning(but is also implicit in classicaltime-stepbasedplanning). To allow for a
quantitative modelof time,we will extendeachconstraintwith aninterval expressing
thepossiblevariationin two events' temporaldistance.

De�nition 3 A temporalconstraint�

�

� , ��� ,�� ����� associatesevents ,���� ,�� with an
interval � over thereal numbers, describingthevaluesallowedfor thetemporal dis-
tancebetweentheoccurrencetimes'���� and '	��
 of theevents: � , ��� , � ��� � is satis�ed iff

'
��

�

'
���

#�� . � canbeopen,closedor semi-open.

Usingintervals,we canexpressthatthedurationof anactionis undeterminedthat
anagentis ignorantof it. Themainadvantageof theinterval constraints,however, is
that we canexpressquantitativerelationsin a quantitative manner:“ ,�� occursafter

1In this paperwe assumeground eventsandactions. Instantiationof actionsschemas(Fig. 3) in-
cludesinstantiationof thestatevariableschemas(like pos(?a) ) aswell. Whena statevariableis used
functionally, i.e. it representsits valuein agivenstate(like (pos ?a) in (connection (pos(?a)
?p)) , instantiationimpliescreationof groundactionsfor every possiblevalue ��������������� . There,� is
replacedby � and ��� �!�"�#� is addedto thepreconditions.
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,�� ” is expressedby the constraint � , � � ,����

���

� ; “ , � occursat the sametime as ,�� ”
by � ,���� ,�� � � ��� � 
 � . To givequalitative descriptionsof concrete,quantitative constraints
we will usetheabbreviation � ,���� ,�� � #	� for theexpression
���� � ,���� ,�� ��� �8#
� �

���

� �

, i.e. , � occurssometimebefore , � . � , ��� ,�� � #�� is de�ned similarly for
sub-intervalsof

�

�

� .
With suchconstraintswe do not needde�nite time pointsany more: all that is

importantto describea plan is the relationsamongtheactionsandevents. As usual
in partial-orderplanning,theinitial statecanberepresentedby aspecialevent ,

� such
thatconstraintswith ,

� canbeseenasabsolutetimes.However, in MAP, theremaybe
adifferentinitial eventfor everyagent.To beableto synchronizeon absolutetimesif
necessary, we can(but neednot) assumea commonclock. It is modeledasa special
event ,���� , thetemporalreferencepoint, alsocalledtheBig Bangeventbecauseit lies
beforeall othereventsandis thusthepointwheretimestarts.All agentsknow , ��� and
thuscandescribeabsolutetimesasconstraintswith ,���� .

De�nition 4 A durative actionis a tuple �

�

� ,���� , � ��� � ,������ � where ,���� , � are events
(called the start and end event), � �

�!�

is an interval representingthe temporal
constraint � ,

�
� ,

�
��� � of the form ,

�
� ,

� , and ,
�"��� is an eventwith �

�

� , �

� #

, called
theinvariantevent. An instantaneousactionis a durativeaction �

�

� , � , � � ��� � 
 � ,$�"��� �

where 
�� ��� ,������ �

�

�

�

� ,������ �

�%#

. For a setof actions& � ' , ')(+*,� denotesthesetof start
andeventsof actionsin & � ' .

It is clearthatwhenonly usinginstantaneousactionsandconstraintsof the form
� ,�� � ,����

���

� betweenthem,we comebackto partial-orderplans. On theotherhand,
when using durative actionswith constraintsof the form � ,

�
� ,

�
� � � � � 
 � , i.e. exact

durationsanddelays,we will createPDDL 2.1 plans. Thus,MAPL subsumesboth
partial-orderandPDDL plans.

Beforedescribingthesemanticsof MAPL planswe will introducetwo morecon-
ceptsdescribingevents: the �rst, control, allowing plannersto distinguishbetween
endogenousand exogenousevents, the second,mutual exclusiveness(or, relatedly,
read-writelocks)describingeventsthatmustnotoccurconcurrently.

2.3 Control

Therearetwo kindsof durative actions:thosein which durationis controlledby the
executingagent(e.g.readingabook)andthosein which theenvironmentsdetermines
theduration(e.g. boiling water). In the former case,theagent(or its corresponding
planner)canchoosethedelayfrom startto endevent, in the lattercasetheendevent
may happenat any time during the interval given by the constraint. For any setof
actions& � '.- of anagent� weassumethereis acontrol function ��- �/'�(+*,� �

!

� �+�

1�0

.

describingwhetherthe agentor the environmentcontrolsthe occurrencetime of an
event. As agentscannormally decideat leastthe start time of an actionwe assume
that �

-
� , �

�

� for startevents,
� .

Its a fundamentalchangeto the semanticsof a plan whetherwe have control of
an event or not. Sophisticatedmodelsof differentkinds of control aredevelopedin
[Vidal andFargier, 1999;Morris et al., 2001]. At present,we have integratedonly a
very muchsimpli�ed versionof this framework, but have focussedon extendingit to
amultiagentsettingandto integrateit with MAPL'sotherfeatures.
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Whenmultipleplannerscommunicateandsharepartsof theirplans,aplannerhas
to storefor eachevent in a plan the executingagentcontrolling the event. As each
plannerwill planfor at leastoneagent,thecontrolconceptis a naturalway to model
whicheventstheplannercanin�uence andhow. Durationsof actionswherebothstart
andendeventsarecontrolledby theplanner(i.e. executingagentsassociatedwith the
planner)canbemanipulatedin thelimits of theconstraininginterval. Actionsin which
only thestarteventis controlledby theplannercanat leastbeaddedor removedfrom
the plan at will. Actions andeventsnot undercontrol of the plannercannotsimply
be removed from the plan; that would be self-deceptionbecauseremoval would not
prevent their occurence.Their occurencemustbetaken into accountduringplanning
andplansshouldbevalid for every possibledurationin the limits of theconstraining
interval.

2.4 Mutex eventsand variable locks

Concurrency is a key notionin MAS. In MultiagentPlanningit appearsat two levels:
asconcurrentactionsin a plan (or distributedover several plansby differentagents)
andasconcurrentplanning. Both levelsarecloselyrelated:concurrency con�icts at
the plan level mustbe detectedandresolved during planning. For the plan level we
de�ne:

De�nition 5 Twoeventsaremutuallyexclusive (mutex) if oneaffectsa statevariable
assignmentthat theotherreliesonor affects,too. ���

' ,�� � ,���� ,�� � ���

��� �����

�

� �:# �

�

� ,	� �
� � � �9��� �:# 
�� ��� ,
�

� � �

�

� ,
�

� ��


��� �����

�

� �:# �

�

� ,�� �
� � � �9�
�

�:# 
�� ��� , � � � �

�

� , �	� �

This de�nition correspondsto mutex conceptsin single-agentPlanning,e.g. in
PDDL 2.1or Graphplan[Blum andFurst,1997]. Froma DistributedSystemspointof
view, however, the mutex de�nition describesa read-writelock on the statevariable

� thatwill preventconcurrentaccessto thesameresource� becausethis mayleadto
indeterminatevaluesof � . Interestingly, thecorrespondencebetweenmutualexclusive
eventsandlocksonstatevariableis morevisiblein aformalismlikeMAPL that,by the
useof non-booleanstatevariables,seemsto beastepcloserto “imperative” distributed
programmingthanthemoredeclarative styleof STRIPSandPDDL in which thestate
variableconceptis hiddenbehindtheClosedWorldAssumptionandADD/DEL effects
insteadof statevariableupdates.

In thenext section,we will usethemutex de�nition to describenon-interference
in concurrentplans. In section5.1 we introducethe relatedconceptof statevariable
responsibilityamongagentsto solve lock/mutex con�icts duringdistributedplanning.

2.5 Plans

De�nition 6 A multiagentplanis a tuple �

�

� & � ' � � ����� where & is a setof agents,
' a setof events,� a setof temporal constraintsover ' , and � �$'�� & is thecontrol
functionassigningto each eventanagentcontrolling its execution.

Wecannow startto describewhenaplanis valid, i.e. executable.Wewill split this
de�nition into two aspects:temporalvalidity, meaningthat thereareno inconsisten-
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ciesamongtemporalconstraintsin theplan,andlogical consistency, meaningthatno
actionsdo logically interfereor aredisabledwhenthey shallbeexecutedin theplan.

To simplify thenext de�nitions we assumetheset � of temporalconstraintsto be
alwayscomplete, i.e. 
 , ��� , �;# ' � ��� � , � � , � ��� ��# � . This is no restrictionbecause
wecanassume� to containthetrivial constraints� , � , � � ��� � 
 � for all events, # ' and

� , � � , � � � � � ��� � � for unrelatedevents, �

�

�

, � .

De�nition 7 A setof temporal constraints � is consistentif ����,�� � ,�� ������� � ,�� � � , ���

,�� � # ��� � , � � ,�� � # ���	�
�
��� � ,�� � , � � # � . A multiagentplan �

�

� & � ' � � ����� is
temporallyconsistentif � is consistent.

Thisis areformulationof theconsistency conditionfor SimpleTemporalNetworks
(STNs)[Dechteret al., 1991] as � ' � � � is in factanSTN. Using theFloyd-Warshall
algorithm[Cormenet al., 1992], consistency of an STN canbe checked in � � �

�

� .
In planning,new eventsandconstraintsarerepeatedlyaddedto a planwhile consis-
tenty mustbe kept. To checkthis, we have developedan incrementalvariantof the
algorithm(omittedfrom thispaper)thatchecksfor consistency violationscausedby a
constraintnewly enteredinto theplan. This algorithmis in � � �

�

� (for every addition
of a constraint).

De�nition 8 A multiagent plan �

�

� & � ' � � ����� is logically valid if the following
conditionshold:

1. No mutex events,
�

� ,
� �

# ' canoccursimultaneously:


 ,�� � ,�� �
# ' �

���

' , � � , � � , � � � � � ,���� , � � �:# � 
 � ,�� ��� ,�� �:# �

For any assignment���
� �

� � in the preconditionof any event , #	' there is a safe
achieving event ,�� # ' :

2. � ,
�

�&, �:# ��� ��� �

�

� �)# �

�

� , � (achieving event)

3. 
 , � � # ' 
 �����

�

��� �:# �

�

� , � � � �����

�

�

� � � , � ���&, � �:# � 
 � , �&,�� � �:# � (safety)

Conditions2 and3 de�ne plansasvalid if thereareno openconditionsandno
unsafelinks, anapproachwell-known from partialorderplanning[NguyenandKamb-
hampati,2001; Weld, 1994]. Condition 1 (similarly usedin GraphPlan[Blum and
Furst, 1997]) describesthreatscausedby con�icting effects that do not necessarily
causeunsafelinks. This happensespeciallywheneventsviolateinvariantsof durative
actions.

De�nition 9 A planningproblemfor an agent � is a tuple ��
 ���
-

�

� & � ' ���
-

� ,

�

� ,�� �

where & � ' is a setof actions,��- is thecontrol functionfor & � ' , and ,

�

� ,
� arespecial

eventsdescribingtheinitial andgoalconditions.

We will now de�ne whena plansolvesa problem.We do not needto andcannot
usehappeningsequenceslike PDDL 2.1becauseof MAPL'splansbeingpartially or-
dered.Insteadwe will reducethequestionto acheckfor temporalandlogicalvalidity
of anew planthatis obtainedasacombiniationof theproblemwith thesolutionplan.
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De�nition 10 A multiagent plan �

�

� & � ' � � ����� is valid if it is both temporally
consistentand logically valid. A plan � is a solution to a problem ��
 ����-

�

� & ��' ��� -�� ,

�

� , � � of agent � if thefollowingconditionsaresatis�ed

1. � is consistentwith ��- : � - � , �

�

� � � � , �

�

� and

 � , � � ,�� ��� � ,������ � # & � ' �

� � � ,��	�

�

� � 
 � , ��� , � ��� � � # �)� � � � � 
 �

� � � ,��	�

�

, � � � 
 � ,�� � , � ���	� � #�� ���	�

�

� 


2. 
 � ,�� � ,�� ��� � ,������ � # & � ' �

, �;#%' � � , � #�'�� ,��"��� #�' � �

� , � �&,������ �:# � � � ,������ �&, �	�:# �

3. for � �

�

� �

�

�����

!

� ,

�

� , �

� �

��� � , � , � �

�!�

� .

� �

�

� & � ' �

!

,

�

� , � . � � � ����� is valid.

In wordstheseconditionscanbedescribedasfollows:
(1) the plansusesactionscontrolledby the agentin the way they are speci�ed

in the problem: theagentcontrollingan event is thesamein theproblemandin the
plan;only actionsin whichtheplannercancontrolstartandendeventcanbetightened
duringplanning(completecontrol).

(2) durative actionsandtheir invariantsareusedasexpected:for eachactionap-
pearingin a plan,its start,end,andinvarianteventmustall appearin theplanaswell
asconstraintsdescribingtheir appearancein the naturalorder: , ��� ,������ � ,�� . Note
thatno “pseudo”time pointsmustbeassociatedwith invariantsbut that it suf�ces to
have constraintsforcing themto holdanytime betweenthestartandendevents.

(3) executingtheplanin theinitial statereachesthegoals.Thoughlookingsimple,
this last condition is the most important: when initial andgoal eventsareaddedto
theplanwith constraintsdescribingthat the initial event (goalevent)happensbefore
(after) all othersin the plan, thentemporalandlogical validity of the resultingplan
signi�es thattheplansolvestheproblem.

Notethatthesolutionplanis not requiredto containonly actionsfrom & ��' : aplan
cansolve anagent's problemevenif it containsnotasingleactionof thatagent!

3 Communicativeactions

For MAP it is most importantthat agentscan coordinateand exchangeknowledge
aboutthe domainandtheir plans. This canbe donewith communicativeevents(i.e.
speechacts). The following approachto communicationtreatsspeechactsjust like
otheractions:they havepreconditionsandeffects,andoncethey have beenaddedto a
planthey canbereferencedin qualitative andquantitative constraints.

At presentwe proposeonly onesimplecommunicative act, TELL, which is used
to communicatevaluesof statevariablesfrom one agentto anotherone. As state
variablescannotbeparametersof MAPL actions,weuseparameterizedspeechactsof
theform TELL � . TELL � is de�ned asaninstantaneousactionTELL � � & ��� � � � where&

is thespeaker, � thelistener, and � thevalueof statevariable� thatis communicated.
Theconditionsandeffectsof aspeechactaredifferentfor speakerandlistener. For

example,we want to ensurethat thespeaker believesin thestatevariableassignment
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sheis going to communicateby making this assignmenta precondition. However,
for the listenerwho cannotcontrol the speechact thereis no apparentprecondition:
the communicative event just occurs! To emphasizethesedifferent viewpoints and
semantics,we will useTELL � to denotethe speechact in the speaker's plan, while
writing TOLD � in thelistener's plan.Thefull de�nitions thereforeare:


�� ��� TELL � � & ��� � � � �

� !

���

� �

� ��.

�

�

� TELL � � & ��� � � � �

� #


�� ��� TOLD � � & ��� � � � �

� #

�

�

� TOLD � � & ��� � � � �

� !

���

� �

� ��.

After addingnew informationinto thecurrentplanwith TOLD agentscanusethe
new informationlike any effect of otherevents:aspreconditionsof new actionsand
astemporalreferencein constraints.

Having communicationexplicitly anchoredin theplanin thatmannerbringssev-
eral advantages.First and foremost,“being told something”is oneof the simplest
meansfor modeling“observations” of world changesnot broughtaboutby an agent
himself. This way, we do not needcomplex semanticsfor informationgatheringor
conditionalplanexecution,but maydescribelearningnew knowledgeastheeffect of
aknowledgegatheringaction.

For thespeakingagent,thecommunicative actrepresentsacommitmentto inform
theotherof aspeci�c factduringexecution.It is notenough,for example,thatapolice
agentpromisesto cleara roadduring planning, but thatalsothe �re agentsomehow
hasto be informedduring executionthat this promisehasbeenrealized. Anchoring
thespeechact in the plan thusis a “physical” representationof the link betweenthe
commitmentmadeduringplanningandits ful�llment duringexecution.

Duringdistributedplanningthismeans,ontheotherhand,thatplanssynchronized
by speechactsalso commit the agentsto coordinatechangesto their plans. If, for
example,the police agentdecidesat somepoint during planningthat he mustrevise
hisdecisionto clearR13,theTELL eventwill remindhim to inform the�re brigadeof
thischange.Thespeechactcanthusrepresenta distributedbacktrackingpoint.

In thissection,we have describedthesemanticsof MAPL domains,problemsand
plans. In the following sectionswe will seehow suchplanscanbesynthesizedby a
singleagent(section4) or by multipleagents(section5).

4 Singleagentsearch for multiagent plans

In thefollowing we look at abasiccapabilityof agents:to planalone(if possible).To
thatendwe developa forwardsearchalgorithmonpartiallyorderedtemporalplans.

A minimalconditionfor aplanto satisfyasetof goalsis thateverygoalis achieved
at somepoint in theplanandis not removedagainafter thatpoint. Insteadof testing
goal satisfaction,we will usethis conditionto describeif actionscanbe addedto a
plan“at theend”.
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For a given plan �

�

� & � ' � � ��� � we will use the following abbreviation:
�������

�

0

��� � ��� �

0

�

4

� � ��� � � �9� �:# �

�

� , � �


 , � #�'
	

!

,7.�
 � � �9��� �:# �

�

� ,�� � �����

�

�

� � � ,����&, �:# �

De�nition 11 Thefrontier �
� of a plan �

�

� & � ' � � ����� is thesetof achievedstate
variableassignments

� �

� !

� � �9� ��% ��, # '
�

�������

�

0

����� ��� �

0

�

4

� � .

Corollary 1 For each assignment� � �9� �&#���� in a valid plan � there is a unique
achiever ,��

��� ���

with �������

�

0

����� ��� �

� ���

� �

0

�

4

� � .

De�nition 12 The set of enabledactionsfor a given plan � and a set of possible
actions& � ' is

�

1

�����

����� � (+*,�

�"!

� , � � , � ��� � ,��"��� �:#�& � '>% 
�� ��� , ��� �!�"� .

Enabledactionscan be addedto the plan “at the frontier”, i.e. after all events
achieving their preconditions. But there is potential for con�ict: even if no event
changesanassignmentaftertheachiever, eventslaterin theplanmight “read” thatas-
signment,i.e. it appearsin theirpreconditionsalthoughnotin theireffects.If thenewly
addedactionchangestheassignmentit threatensthe“reader”events.E.g. actionsex-
tinguishandmovecanbothbeenabledin planfrontier �#�%$ �'&)(�&�' �*� �

�,+

� � � � , but
bothcanonly beappliedby �rst applyextinguishandthenaddmoveafter thereader
eventextinguish. By doingso,we automaticallyprevent theplan from becomingin-
valid asextinguishandmovearemutex.

Algorithm 1 apply(a,P)
-/. 0213-3465�7�8�9)7�:;7�<�=?>A@

B

.C021

B

4!5ADE7�8�9F7�:�9FGAH�9IDJ7�8�9)7�<�=?>K9FLNM#HO9�DE7�<�=?>P9)7�:�9)LNM#HO@

for all assignments
D Q;9 RJHTSVU;W)XADE7Y8�H

do
W)X[ZK\?X]W[^/0_1`5�7/Sa-cb�D Q�9 REH
SdU;WFXPDE7�H[@

if
DeW)X[Z?\KX�W[^f1hg?H

or
DJikj DEQd0213R�.�HPS/XJlmDE7�8OH]4nXJloDE7�:OHpH

then
// thereare noreadersof

D Q�9 REH

or q is a readeritself
B

.C021

B

.A465PDE7Kr

>�s t2u

9)7�8�9FLvM�HO@

else
B

.C021

B

.A4aw

:FxAy{z'|O}Oz*y*~

5ADJ7K9F7
8

9)LNM#H[@

return •

.;1€DE•‚9)-/.'9

B

.J9Fƒ]H

Algorithm 1 entersanenabledaction � into a planat theearliestpossibleposition
that causesno safetyor mutex threats. Openconditionscannotbe producedeither2

becausethe old plan was valid and the new action was enabled,i.e. preconditions
satis�ed.Withoutproof,we canthereforestate:

Theorem 2 If � is a valid plan and � # & � ' is enabledin � , i.e. � # �

1

�����

�]�N„�…†� (+*,�

thenapply(a,P)returnsa valid plan.

2We assume‡Aˆe‰ �‹Š]Œ��k•!‡Pˆ{‰��‹Š�Ž��†•o‰�• �‹Š�Ž	� and ‡Pˆ{‰ �‹Š�‘“’�”��k•6‡Pˆ{‰ �‹Š�Ž��†•o‰�• �‹Š�Ž	� . Any otherchoice
would make thesemanticsof durative actionsproblematic,e.g. non-terminatingdurative actionswould
bepossible.
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Wecannow describesingle-agentalgorithmsthatsearchfor (multi-agent)plansin
thespaceof plans(like POPalgorithms):for every state(=plan),enabledgivesus a
setof possibletransitions(=actions)andapplydescribesthe transitionfunctionfrom
onestateto asuccessorstate.Thatmeanswecanuseany state-spacesearchtechnique
to �nd valid plans.Fig.4 showsaplanfor theRescueexamplefoundby thisalgorithm
with acentralplannercontrollingall (executing)agents.

e_init

<

<

<[2,4]
[30,180]

e:clear(P,R13)

s:move(F,L3)

e_goal

s:clear(P,R13)

s:ext(F,H1)

e:ext(F,H1)

s:ext(F,H3)

s:ext(F,H3)

[60,240]

e:move(P,L1)

s:move(P,L1)
<

< [60,240] [2,4]
<

e:move(F,L3)

<

Figure4: A centrallysynthesizedmultiagentplan

The simplestmethod,BreadthFirst Search,producesplanswith minimal num-
berof actions.For concurrenttemporalplansthis is unintuitive becauseconcurrency
andactiondurationis ignored. A bettercriterion for plan quality is makespan(min-
imal durationof the execution)of a plan. The calculationof a plan's makespanis a
sideproductof theconsistency checkwith the Floyd-Warshallalgorithm: makespan
correspondsto the lengthof the longestpathin the plan assumingminimal possible
durationfor durative actions.An evenmorereasonablequality metricsfor MAP is to
assumemaximaldurationfor uncontrolled actions.We will call this metricsmin-max
makespananddenotewith ��� �

0

� �

�

� theminimal (maximal)durationof acontrolled
(uncontrolled)action.

Qualitymetricsareusedin asearchmethodby sortingthesearchqueueaccording
to themetrics.This correspondsto &

�

searchwith heuristicfunction � . However, we
neednot do without heuristics.Goal distancecanbe estimatedin variousways; the
following methodis basedon theFF[HoffmannandNebel,2001] heuristic.

To relaxa planningproblemwe assumethatassignmentsto statevariablesmade
anywherein aplanremaintruethroughouttheplan.Algorithm r-apply(a,P)is derived
from apply(a,P)by simplynot checkingfor “readers”andaddingthenew actionafter
all its preconditionsareachieved, i.e. by adding � ,;�

��� ���

� ,
�

�

���

� to � for all ��� � � ��#


�� ��� , � � . But Corollary 1 doesnot hold for relaxed plans: when mutex eventsare
allowedthereis notnecessarilyauniqueachiever � ,

�

��� ���

for anassignment.To besure
to �nd therelaxed planswith minimal (min-max)makespanwe mustmake surethat
the earliest achiever is usedwhen constraintswith the preconditionachievers of a
new actionareaddedto theplan. This canbe accomplishedby building the relaxed
planwith a simplealgorithmthatusesUniform-CostSearch(UCS)whenaddingnew
relaxedactionsat therelaxedfrontier.
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4.1 Using relaxedplans to trigger coordination

The“state” a relaxedplan �

�

�

is built on is thefrontier of a non-relaxed(partial)plan
� . This way, therelaxedplancanbeusedto provide a heuristicevaluationof � . The
min-maxmakespanof the relaxed plan including its non-relaxed pre�x canthenbe
usedasanadmissibleheuristicfor thegoaldistanceof plan � . However, theheuristic
is notvery informative (thereasonbeingthatunnecessaryactionsin aplancanusually
beexecutedconcurrentlywith necessaryonesandthuswill notincreasethemakespan).
We are currently experimentingwith variantsof this heuristic in combinationwith
differentforwardsearchalgorithmsbasedon thetechniquespresentedin thissection.

For thepurposeof this paperwe candisregardtheexactheuristicfunctionfor re-
laxedplansanduseonly onebasicinformationit provides:therelaxed(un-)solvability
of aproblem.LikeFF, ourrelaxedplanningalgorithmterminatesif eithernomorenew
actionsareapplicablein � or if thegoalsareachievedat therelaxedfrontier which is
de�ned �

�

�

��!

��� � � � % � , #)' � ��� � � ��# �

�

� , � . . It is clearthat if a relaxedplancannot
be found thenthe non-relaxed problemis alsounsolvable. In single-agentplanning
(e.g. [Blum andFurst,1997], FF[HoffmannandNebel,2001]), this propertyis used
to prove a problemunsolvableandterminatesearch.In MAP, we will interpretit asa
triggerfor cooperationwith otheragents!

While our algorithmis proven soundby theorem2, it is, in this simpleform, not
complete,i.e. for someMAPL problemsthe algorithmdoesnot �nd a solutional-
thoughone exists. The solutionsmissedcanbe characterizedand found by an ex-
tendedalgorithmthatwearecurrentlydeveloping.Discussionof this issuewill beleft
to anotherpaper.

5 Multiagent planning

In a multiagentenvironment,non-coordinatingagentswill probablyrun into oneof
thefollowing problems:(1) they won't know how to solve their planningproblemor
(2) they will �nd a planbut run into executioncon�icts (mutex or safetythreats)with
otheragents'plans. In a competitive environmentthis might be acceptableor even
intended;in all othercasesit is not. For therestof thepaperwewill thereforeassume
agentswilling to coordinateatleastasmuchasto produceasetof con�ict-free plansto
make planexecutionpredictable.This doesnot meanthatonecommon,con�ict-free
planmustbebuilt. Themethodproposedis intendedto minimizesynchronizationof
bothplannersandplans.

5.1 Responsibility for statevariables

We will tackletheproblemof unsolvability andtheproblemof con�icting planswith
thesameconcept:responsibilityfor statevariables.Theagentresponsiblefor a state
variableis theonewho is askedwhenanothercannotreacha goalinvolving thatvari-
able. And the responsibleagentwill decidewho is allowed to manipulatea variable
whenactionsplannedby two agentsuseavariablein acon�ict-producingway.

Currently, MAPL andour algorithmicframework areonly at thebeginningof de-
velopment.For now, wethereforemakestrongsimplifying assumptionsaboutrespon-
sibility:
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(1) Responsibilityfor statevariablesis describedby a function � ��� 
 � ��� & .
(2) Thefunction � ����
 is �x edduringtheplanningprocess.(3) Theagent� ��� 
 ��� � and
only hemustknow controlledactionsthatmanipulate� . (4) Theagentresponsiblefor
astatevariable� knows theinitial valueof � .

In futurework, theseassumptionswill berelaxedasfollows: (1) We will allow a
setof responsibleagentsnegotiatingaboutchangesto thevariable.(2) We will allow
dynamicchangeof theresponsibleagentto betterre�ect whoreallyis “using” thestate
variableduring thecourseof theplanningprocess.(3) (4) will both not be enforced
any more,but beaneffectof dynamicchangeof theresponsibleagent.

5.2 Accesshistories

Theresponsibleagentrecordsthechangesto “his” statevariablein anaccesshistory.
Thushe cangive agentsaccessingthe variableinformationsaboutthe changesand
they cancreateplansconsistentwith theaccesshistory.

De�nition 13 An accesshistory
�

�

�

� & � ' � � � ����� � � is a plan where all precondi-
tionsandeffects , � # '�� useonlyassignmentsof onestatevariable � .

�

� is an accesshistoryfor a plan � iff there is a bijectivemapping� from ' � to
theset

!

, #%' % ��� � ��� � � �:# 
�� � � , � � �

�

� , � . such that for all ,�� � ,
�

�

# ' :
��� � � �># 
�� ��� ,�� ��� ��� � � � # 
�� � �

�

� ,�� � � �

��� � � �>#=�

�

� ,
�

��� ��� � � � #=�

�

�

�

� ,
�

� � �

� ,���� ,
�

�

��� � #�� � � �

�

� ,�� ���

�

� ,
�

�

����� � #�� �

� � � ,�� �

�

� �

�

� ,�� � �

By
�

�����	��

��� �

�

�����������

 we denotethe sub-planof

�

� that containsonly events ,

where �

�

� , �

�

� #

� 
�� ��� , �

�

� #


 .

5.3 Synchronizing on referenceevents

An agentusinga fact in his plan neednot know how, why or by whom it hasbeen
achieved. In temporallyuncertaindomainsthe agentmust even plan not knowing
whenexactly thefactwill becometrue.To enableplanningunderthesedifferentkinds
of ignorance,wewill allow agentsto usedifferentkindsof (possiblyvirtual) reference
eventsin their plans. As thesameeventmay appearin plansof differentagentsthis
providesimplicit synchronizationamongthoseplans.Ontheotherhand,thecausalor
temporalrelationshipsof thereferenceeventscanbekeptprivateandwill bedifferent
in thedifferentagents'plans.

A basicreferenceeventthatwe will only brie�y mentionhereis ,���� , thetemporal
referencepoint lying beforeall otherevents.All agentsknow ,���� andthuscandescribe
absolutetimesasconstraintswith ,���� .

For MAP it is mostimportantthatagentscancoordinateandexchangeknowledge
aboutthedomainandtheirplans.Thiscanbeachievedwith communicativeevents, i.e.
speechacts.For now, we proposeonly thesimplecommunicative actTELL �Y� � (cf. 3).

Having addedthenew informationto thecurrentplanasaneffect of TOLD agents
can usethis knowledgein the usualways: as preconditionsof new actionsand as
temporalreferencein constraints.It is thelatterusethatwill especiallyhelpful in the
following algorithm:theTOLD eventprovidesautomaticsynchronizationwith another
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agentsplan.E.g. �g. 5 shows how the�re brigadesynchronizeson thepoliceclearing
a roadwithout knowing whenor how this is done.Only theminimumof information
necessaryfor coordinatedactionis communicated.This is importantbothfor privacy
reasonsandto keepindividual knowledgebasesconvenientlysmall.

e_init

<

<

s:move(F,L3)

e_goal

s:ext(F,H1)

e:ext(F,H1)

s:ext(F,H3)

s:ext(F,H3)

[60,240]

< [60,240] [2,4]
<

e:move(F,L3)

<

told(P):blocked(R13)=clear

Figure5: F'splan(includingacommunicative actionby P)

5.4 Distrib uted planning

Thebasicdistributedplanningalgorithmfor MAPL is shown in alg.2 and3. Alg. 2
shows thereactionsof aplanningagentto variousmessagesandhisbehavior whenno
messagesarereceived.Alg. 3 describesthebehavior of anagentresponsiblefor avari-
able,thoughof courseanagentmayhave bothroles(or evenresponsibilityfor more
thanonevariable). To simplify presentation,the algorithmsaredescribedusingthe
nondeterministicchooseoperatorthatalsode�nesbacktrackpoints.Thesearebegin-
ning pointsfor futureresearch:how canthenondeterministicchoicesbeheuristically
guided?

Theideaof thealgorithmis simple:by building arelaxedplan,theplanningagent
detectsgoalsinvolving statevariableshedoesnot know about,cannotmanipulateor
couldif only someearlierconditionweresatis�ed.Hecontactstheresponsibleagents
to receivemoreinformationor delegateasubgoalconcerningthevariable.Therespon-
sibleagentanswersthequestionor adoptsa temporarygoal to helptheaskingagent.
For this simpli�ed versionof thealgorithm,we assumethattheresponsibleagentcan
alwayshelp. In general,this is of coursenot true,andwhentheresponsibleagentfails
to helpasynchronousbacktracking[Yokoo andHirayama,2000] is triggered;but this
is outof thescopeof thispaper.

Therearethreepossibilitiesfor termination:eitheranagentcanbacktracknomore,
or an agentnot responsiblefor a variablehasfound a plan, or a responsibleagent
getsinformationthatall otheragentshave terminatedor found a plan so that he can
terminate,too, without “shirking” his responsibilityto inform otheragentsabouthis
variable.
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Algorithm 2 MA Planning(agent� , currentpartialPlan � )
Received nomessage:

•��

021

relaxedplanuponcurrentplanfrontier
���

���

Z	��

�EX���Z	����Xn1`5PD‹Q;9)RYHPS"U;WFX�DE7�� H]b�D‹Q;9)RYH�� S��

�

�

@

if ���

Z���
��EX���Z	����X�� 1hg

then
choose

D‹Q;9)RYH
S

���

Z	��

�EX���Z�����X

investigate(
Q�9FR

)
elseif foundPlan • then

if
jPQ

accessedin • for which ���

>�� ��y �"!�z is unknown then
sendask(v)to

W)X�^'UkDEQPH

elseif ���

>�� ��y �"! z

is consistentwith •$#

Q

accessedin • then
sendtell( �

>

) to
W)X�^'UNDEQPH

output •

terminate (if not responsiblefor a statevariable)

Received tell( ���

>�� ��y �"! z ) fr om agent%

1€W)X�^'UNDEQPH

:
choose

DEQ�9FRYH

for which
j�7/S

���

>�� ��y �"! z�&

D‹Q;9)RYHPS/XJlmDE7�H

apply(P,TOLD
>�s t

)

Received unachievable(v,o) fr om agent%

1 W)XO^'UkD‹Q�H

:
backtrack

Procedure investigate(v,o):
if

D‹Q 1n1

���
'(�*)(+��

H S,�

�

� then
sendask(v)to

W)XO^'U D‹Q�H

elseif
ikj

q

S
•fƒ.-

&

DEQ�9FRYHTSmXElnDJ7
8

H]4nXJl DE7
:

H

then
sendaskFor(v,o) to

W)XO^'U D‹Q�H

else
choose

D‹QP.'9FR�. H/� S0�

�

� by regressionon
D‹Q;9)RYH

investigate(
QP. 9)R�.

)
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Algorithm 3 MA planning(agent
 responsiblefor � )
Initialize � �

>

with
-#>‚021 5�7

�

�

9)7

>

�

@

and
B

> 0_1€5ADJ7

�

�

9)7

>

�

9)LNM#H[@

Received nomessage:
for all

D‹Q;9)RP9

q

HTSoZ�^

'

X[\

do
if

j�7nS

� �

>�� ��y �"! z�&

D‹Q;9)RYH�SnXJlmDE7�H

then
Z�^

'

XF\ 021 Z�^

'

X[\��#5ADEQ�9FRP9

q

H[@

U;W)XPDJ7�� H 0_1 U;W)XPDJ7�� H��#5ADEQ�9FRYH[@

sendtell( � �

>�� ��y � !�z

) to q

if all agents(including % ) have founda planor terminatedthen
terminate

Received ask(v)fr om agentq :
sendtell( � �

>�� ��y �"! z ) to q

Received askFor(v,o) fr om agentq :
if

j�7nS

� �

>�� ��y �"!�z(&

DEQ�9FRYHPS/XElmDJ7�H

then
sendtell( ���

>�� ��y �"! z ) to q

elseif
D‹Q;9)RYHTS,�

�

� then
Z�^

'

X[\ 0_1�Z�^

'

XF\n4!5PD‹Q;9)RP9

q

HO@

U W)XPDE7
�

H 021 U W)XPDE7
�

HC465ADEQ�9FRYH[@

else
sendunachievable(v,o) to q

Received tell( ���

>

) fr om agentq :
�nd themapping� from �	�

>�� ��y �"! z

to � �

>�� ��y � !�z

forall
ƒ

�

S

B�

�

�

do
B�
��

�

021

B�
��

�

4!5

�

DEƒ

�

HO@

6 Conclusionand futur e work

We have presenteda new representationfor MAP domainsandsolutionsalongwith
basicsingle-andmulti-agentplanningalgorithms.Thealgorithmshave beenimple-
mentedin Java; agentsare modeledas threadscommunicatingvia pipes. The im-
plementationis preliminary, in particular, we arestill in developmentof a parserto
automaticallyreadin problems.At themoment,only hand-codedtoy problems(like
theRescueexample)aresolvedby theplanners.

A lot of exciting work is possiblenow: wearealreadyexperimentingwith different
heuristicsandsearchmethodson all levelsof thealgorithms.Dynamicresponsibility
hierarchieswill improve �e xibility andperformanceof thealgorithm(comparablyto
dynamicagenthierarchiesin AsynchronousWeak-CommitmentSearch[Yokoo and
Hirayama,2000]). We will alsodevelop a setof benchmarkproblemsandapply the
distributedalgorithmin a realisticapplication(RobocupRescue).

MAP hasbeena topic of interestin AI for quitesometime. However, not much
work hasbeenpublished,neitherin the �eld of Multiagent Systems(MAS) nor in
Planning;furthermore,what hasbeenpublishedis mostly stand-alonework that has
notledto asteadydevelopmentin MAP research.In ourview, thisis dueto anunfavor-
ableseparationof the(single-agent)planningphaseandthe(multi-agent)coordination
andexecutionphasethathasleadAI Planningresearchersto concentrateexclusively
on theformerwhile MAS researchersalmostasexclusively dealwith the latter. This
separationis only possiblewith strongassumptionsthatnarrow thegeneralityof the
proposedapproaches,for exampletheassumptionthat actualplanningof eachagent
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can eitherbe easily donebeforecoordinatingin a “classical” way or is easedby a
given hierarchicaltaskdecomposition.It seemsobvious to us that sucha separation
is arti�cial: planningandcoordinationshouldbe interleaved to enableagentsbothto
�nd plansat all andto detectprobableexecutioncon�icts of their (partial) plansas
earlyaspossible.

With PDDL 2.1,theAI planningcommunityhasonly recentlyfully acknowledged
theneedfor sophisticatedmodelsof concurrency (earlierexceptionsincludemostno-
tablyworkby M. Ghallab[GhallabandLaruelle,1994]). MAPL is anattemptto extend
thatrepresentationin a way thatallows �e xible executionafter andeasycoordination
during theplanningprocess.Thesingle-andmulti-agentalgorithmswe proposeare
only �rst stepsandhopefullynot theonly possiblewaysto synthesizeMAPL plans.
We hopethatour representationwill allow to convenientlydescribelargely differing
MAP domainsfor which researcherscan proposeand cross-evaluatevery different
algorithmicapproaches,thuspromotingthe�eld of MultiagentPlanning.
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