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Abstract

This paperdiscusseshe speci cs of planningin multiagentervironments.
It presentghe formal framevork MAPL (“maple”) for describingmultiagent
planningdomains. MAPL allows to describeboth qualitative and quantitatve
temporalrelationsamongevents,thus subsuminghe temporalmodelsof both
PDDL 2.1 and POPR Otherfeaturesaredifferentlevels of control over actions,
modelingof agents'ignoranceof facts,andplan synchronizatiorwith commu-
nicative actions.For global planningin multiagentdomainsthe paperdescribes
a novel forward-searchalgorithm producingMAPL's partially orderedtempo-
ral plans. Finally, the paperdescribesa generaldistributed algorithm scheme
for solving MAPL problemswith several coordinatingplanners. The different
contritutionsintendto provide a simple,yet expressie standardor describing
multiagentplanningdomainsandalgorithmsthatin thefuturemightallow cross-
evaluationof MultiagentPlanningalgorithmson standardizetbenchmarks.



1 Intr oduction and RelatedWork

In this papey we discussthe speci ¢ propertiesof planningin Multiagent Systems
(MAS). With the term MultiagentPlanning(MAP), we will denoteary kind of plan-
ning thathappensn multiagentervironments meaningon the onehandthatthe plan-
ning processanbedistributedamongseveralplanningagentsput alsothatindividual
planscan(andpossiblymust)take into accountconcurrentactionsby several execut-
ing agentsWe do neitherassumesooperatiity nor competitionamongagentsnordo
we imposeary relationamongplanningandexecutingagents:in the generalcase,
plannersplanfor executingagents.In the speci ¢, yet commoncaseof agents,
eachhaving bothplanningandexecutingcapabilitieswe speakof autonomousgents
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Figurel: A multiagentplanningproblem

As a motivating example, Fig. 1 shavs a simple MAP problemasit might ap-
pearin the RoboCupRescuehallengdKitano etal., 1999. Two autonomousigents,
police force P and re brigadeF, areworking in a city devastatecby an earthquak.
While F's goalis to extinguishall burning housesit P hasboththe capabilityandthe
goalto cleartheblockedroads.P's positionbeingLocO we will assuméiim unavare
of tehfactthatR12andR13areblocked. Theagents'actionshave speci ¢ durations
thatmaybe exactly known only at executiontime, sometimedbecaus®f speci ¢ exe-
cutionparametersf theagentssometimedecausef intrinsic unpredictabilityof the
ervironment:while, for example,maving throughthetown maytake betweer? and4
minutesanddependonly onthe mapdistanceandspeedof the agent,extinguishinga

re maytake 1 to 4 hoursdependingn conditionsunknavn to theagents Soanagent
hassomedeggreeof controlaboutthe durationof a move action,while the durationof
extinguishcanonly beguessed.

Evenin this trivial example,we canmake somegeneralobserationsaboutplan-
ningin MAS thatwill motivatethe conceptsntroducedn therestof the paper

(1) Agentsmay be unawae of partsof theworld state(P doesnot know whether
R13is blocked). (2) Concurentactingis centralto MAP (P canmove to Locl and
startclearingR13 while F is extinguishingH1, althoughboth agentsusingthe same
roadat the sametime may be prohibitedto avoid collisions). Modeling concurreng
necessitate@a)a descriptionof which eventsmay occurconcurrentlyandwhich not,
(2b) metric time for realistic descriptionsof actiondurationsandtheir relations,but
(2c) synchronizingon actionsof unknavn (at leastto someagent)durationdemands
gualitativeuseof time (e.g.“after P hasclearedR13"). A speci ¢ usageof qualitative
timeis (3) synchronizatioon communicativacts asin “F movesto Loc3 afterP has
informedhim thatR13is clear”.



In their plans,agentanusttake otheragentsactionsinto account:F may“exploit”
P's clearingof R13in his own plan, but mustalsoassureghathe doesnottry to usea
roadthatis alsousedby P atthe sametime. Especially (4) cannotcontiol occurence
or durationof otheragents'actions.

While mary recentplanningformalismsallow somedegreeof concurreny, all fail
in providing featuredor eitherquantitatve (2b) or qualitative (2c) temporakreasoning.
PDDL 2.1,for example, supportanetrictime but the plansemanticgnforceplanners
to assignexacttime stampsanddurationsto all events[Fox andLong, 2004 which
might be impossiblein dynamic multiagentsystems. In contrast,the concurreng
modelof Boutilier andBrafmar{ 2001 augmentgartialorderplanswith concurreny,
thusallowing e xible, synchronizedxecution,but cannotdescribefor example,that
mary sequentiamove actions(maximumduration4) could executedin parallelwith
oneextinguishaction(minimumduration60). Noneof the planningmodelsknowvn to
usfeaturegroperty(3), implicit plansynchronizatiowith communicatie acts.

Differentdegreesof controlaboutactionsin a plan whereextensvely studiedin
[Vidal and Fargier, 1999;Morris etal., 2001]. However, to our knowlegde the mod-
elsdevelopeddescribeonly single-agensettings(+ a nondeterministienvironment.)
This paperis a rst stepto extendingthe controllability framewvork to multiagentdo-
mains,andto integrateit into a formal planninglanguage.

To addresgherepresentatioproblems(1)—(4) we introducethe MultiagentPlan-
ning LanguageMAPL (“maple™). Fig. 2 shaws partof a MAPL descriptionfor the
Rescualomain.

Insteadbf propositionaktaterepresentationgl APL allows non-boolearstatevari-
ables(cf. also[Geffner, 200d). To modelignorance(1) eachstatevariablemay have
the specialvalue unknown therebyavoiding representationf belief statesas setsof
possiblestates. A numberof otheradwantagescomeswith the introductionof state
variables;especiallyfor feature(2a),anintuitive de nition of mutualexclusiity (i.e.
the impossibility to executesomeactionsconcurrently cf. [Blum and Furst, 1997)
canbegiventhatdescribesnutexesasread-writelocks on statevariables.According
to this perspectie, distributed planningcanthenbe seenasdetectionor, even better
preventionof possibleread-writelocks befoe execution.

(:state-variables

(pos ?a - agent) - location

(connection ?pl ?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) ?2dst)))
-effect (and

(at start (:= (pos 7?a) (connection (pos ?a) ?2dst)))

(at end (:= (pos ?a) <dst))))

Figure2: Excerptfrom aMAPL domaindescription

MAPL's temporalmodelallows to combine(2b) quantitatve and(2c) qualitative
temporalinformationin plans,thussubsumingoththe purelymetrictemporalmodel
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of PDDL 2.1 [Fox andLong, 2003 andthe purely qualitative modelof Partial Order
Planning[Weld, 1994. At its core MAPL representss multiagentplan asa Simple
TemporalNetwork [Dechteretal., 1991 in which eachdurative actionis modeledby
startandendevents,possiblyextendedby invariantconditions.In the STN, bothac-
tion durationsandqualitative orderingrelationsaretreatedasconstraintsepresented
by closed,semi-operor openintenals. In sodoing, not only canimpreciselyknown
actiondurationsbe representedsintenals of the form , but qualitatve con-
straintslike “after” canbe describedy (semi-)operintenalslike

Anothercentralconcepiof MAPL is the useof communicatiorasaction(3). This
meanghatspeechactscanbedirectly putinto a planandaretreatedik e otheractions.
Suchcommunicatre actionssene asreferencesventsfor plan synchronizationThis
kind of synchronizatioris implicit in the sensethat no distinctionis madebetween
gualitative or quantitatve temporalkonstraintgor orderinganagents own actionsand
constraintsisedfor interagentcoordination.

This treatmentof communication(or, more generally information gathering)is
bene cial in mary ways. It allows agentgo referto facts(especiallythoseachieed
by others)the changeof which they do notin uence or withessthemseles. We can
eventreatanagents perceptiongs“speechactsby theenvironment”. Anotherbene t,
as explainedlater, is that speechactsallow agentsto reveal only the minimum of
informationabouttheir plansneededor coordination thuskeepingasmuchprivacy
abouttheirknowledge,goals,andplansaspossible.

A planis only fully speci ed with (4) a contiol functiondescribingwhich agent
(or the ervironment)controlsthe occurencef eachevent. With this functionwe can
describeg.g. thataspeci c agents allowedto addandremove anactionfrom hisplan
(controlof the startevent),but hasnoin uence onit its duration(endeventcontrolled
by theervironment).During planning having controlof aneventor notfundamentally
changests possibleuseandevaluation. For example,beingableor unableto control
the durationof anactionwill leadthe plannerto a fundamentallydifferentheuristic
evaluationof its use.

For a planto be executablejt mustbe both temporallyandlogically consistent.
Theformercriterionis reducibleto consisteng of theunderlyingSTN. Thelatter, log-
ical consistenyg, canbede ned similarly to POPastheplanhaving no openconditions
andno unsafdinks, with theadditionalcriterionthatthe planmustensurehatno mu-
tex eventsmayoccurconcurrently For a planto solve acertainagents problemit must
achieve his goalsandalsobe consistentvith the controlfunction,i.e. only constraints
involving eventscontrolledby the respectie agentmusthave beentightenedby the
planner

How is planningin MAS carriedout? It is obvious that the easiestway is to
nd aplanalone:assumedhatF knows aboutP's capabilitiesF can nd aplanthat
solveshis problems.Evenif F doesnotknow aboutP's concreteactions this planwill
provide cluesaboutwherehelpis neededndthustriggerscooperationWe seethat(5)
the capabilityfor single-agensynthesiof multiagentplansis a basicrequirementor
MAP. We have developeda plan-spacdorward-searclalgorithmthatcanbe usedwith
ary standardorwardbranchingschemendarbitraryplanmetrics.Thispapermpresents
two suchmetrics thewell-knovn makesparandthe nev minMaxMalkespanthelatter
of which extendsthe former by assigningmaximal possibledurationto uncontrolled
durative actions. As MAPL extendsboth PDDL2.1 and Partial Order Planningthe
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forward-branchingschemecan be usednot only to generatevalid MAPL plans,but
alsofor PDDL andPOplans.

Heuristic forward planningin the style of FF [Hoffmannand Nebel, 2001 can
be extendedto nd MAPL plans. The currentsimple algorithmis sound,but not
complete,i.e. thereis a setof clearly distinguishedMAPL problemsit cannotsolve
yet. We areworking on a sound,yetmorecomple versionof thealgorithm.

When several agentsare planningandactingindividually in a commonerviron-
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
assuminghatplanscanbe found andthatthereforeseparatinglanningfrom coordi-
nationis possiblg[Toninoetal., 2004, [EphratiandRosenscheir1,994). Distributed
hierarchicaplanning([Durfee,1988;DurfeeandMontgomery1991]) is aspeciakase
thereofwherethe setof possiblesolutionsis alreadyimplicitly givenin anabstraction
hierarchythatis re ned in a distributed manner While in our opinion coordination
during the planningphaseis indispensabldor dealingwith problem(6), it is at least
advantageousor copingwith problem(7), i.e. whenindividually valid plansarecon-
icting (e.g.whentwo amhulanceteamsplanto rescughe samerefugee).

We have thereforedevelopeda generaldistributed planningalgorithmthat uses
single-agenplanningto synthesizepartial plansandto trigger cooperationand co-
ordinationefforts asearly aspossible. The algorithmis integratesasynchronouslis-
tributed searchtechniquesisedin Distributed ConstraintSatisaictionresarch[ Yokoo
andHirayama,200d with modernheuristic-searchasedPlanningtechniquegHoff-
mannandNebel,2001]. Our MAP algorithmis reactie in the sensehatnew events
(like communicationor exogenousevents)can be integratedinto the currentsearch
stateeasilysothat change®f knowledgedo not necessarilyenforcereplanning.The
algorithmthusallows distributed, continualplanning[desJardingtal., 2004 .

A key conceptof our distributed planningtechnigedis the useof a responsibil-
ity functionthat assigngo eachstatevariablean agentmanagingand controlling its
change®vertime. Thisagentwill detectread-writecon icts in theagents'plans.i.e.
possiblesxecutioncon icts, but will alsoprovide informationwhenanotheagentcan-
notachieze a (sub)goainvolving thatvariable.In the basicform of thealgorithm,the
responsibilityis static,but similar to approaches Distributed CSPresearcHYokoo
andHirayama,200d we will relaxthis assumptionn futurework. Theideaof theal-
gorithmis simple:in areachabilityanalysighe planningagentdetectgyoalsinvolving
statevariableshedoesnotknow about,cannotmanipulateor couldif only someearlier
conditionweresatis ed. He contactsheresponsibleagentdo receve moreinforma-
tion or delegatea subgoalconcerninghevariable. The responsiblegentanswerghe
guestionor adoptsatemporarygoalto helptheaskingagent.

In the remainderof the papey we will formally describethe MultiagentPlanning
LanguageMAPL asan extensionof PDDL (section2). Section4 describessingle-
agent(or central)searchtechniquesn the spaceof MAPL plans. Section5 shaw a
distributedplanningalgorithmbasedbn the concepiof statevariableresponsibility In
section6 we concludewith our vision for the future of MultiagentPlanningresearch.



2 Multiagent problemsand plansin MAPL

2.1 Beliefsand other statevariables

One main featuredistinguishingMAPL from PDDL is the useof non-propositional
statevariables:in MAP we mustdismissthe Closed-Vérld Assumption(CWA) that
everythingnotknown to betrueis false—thetruth valuemightalsobesimply unknown
to anagent.Therearesereral possibilitiesto represensuchbelief statesfor example
setsof possiblestates(possibleworlds) could representll possiblecombinationsof
statedor unknavn facts.Anotherpossibilityis to represeneachof thethreepossible
statef afact(true,false,unknavn) by auniquepropositionandto assureahatexactly
of onethesepropositionshold in ary givenstate.This s similar to the representation
of negation proposedn [Gazenand Knoblock, 1997: explicit negationof a factis
compiledaway in a planningdomainby introducinga specialpropositionrepresenting
theneggatedfactandassuringn theplanningdomainthatonly oneof thetwo factscan
holdin astate.

However, we do not seeary genuinemerit in a propositionalrepresentatiorof
states;the simplestway to represenbeliefsit to allow statevariablesto have more
thanjust thetwo valuestrue andfalse We will thereforenot only allow ternarystate
variableqwith valuestrue, falseandunknown, but n-ary statevariables meaninghat
a statevariable mustbe assignedxactly oneof its  possiblevaluesin ary given
state. Among others,Geffne{200qJ usesthe sameconceptand gives an extended
formal descriptionandjusti cation.

For example,in our Rescuedomainthe statevariable(pos F) could have ary
of thevaluesLocO, Locl, Loc2, Loc3 or the new “default” valueunknown that
is apossiblevaluefor eachstatevariable. Our new CWA will thenbethatevery state
variablethevalueof whichis notspeci edin a state(or cannotbe deducedtherwise)
is believedto be unknown.

Notethatacompilationapproactsimilarto theoneof [GazerandKnoblock,1997
is still possible:every n-ary statevariablecanbe compileddown to a setof proposi-
tionsthatmustbe ensuredo be mutually exclusive. This ensurancés implicit in the
de nition of n-ary statevariablesandthus gives domaindesignersa naturalway to
describeimportantinvariantsof a domain,for examplethatan objectcanonly be at
onelocationatatime or 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 ead objectand statevariable with

givesthe possiblevaluesfor statevariable . A
statevariableassignmenis a pair , alsowritten

2.2 Temporal model

Quantitatve modelsof time arenecessarto describeexacttemporarelationsbetween
actionsof differing duration. Level 3 of PDDL 2.1 providesa simple,yet expressie
meansto model durative actions. However, the time-pointsemanticgor planspro-
posedn [Fox andLong, 2007 is overly restrictive. In forcing plannergo assignexact
time pointsto every actionin a planit takes away the execution e xibility offered
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by plansemanticdbasedon actionorder SequentialGraphplan-like ordered,or par

tially orderedplan semanticxaneasilydealwith actiondurationsthatare unknavn

(in generalor to a speci ¢ agent)becausedhey offer qualitative notionsof time like
“after” or “before”. MAPL is anapproactto take the bestof bothworldsandcombine
quantitatve andqualitatve modelsof time. The key ideais to give up the time-point
semanticdor plansandgo backto orderingconstraintsamongevents, but to make
theseconstraintsnore e xible thanthoseof total or even partial-ordemplanning. Pre-
cisely the temporalcomponenbf a MAPL plan corresponddo a Simple Temporal
Network [Dechteret al., 1991 the constraintsof which areintervals describingthe
temporalrelationamongevents(instantaneoustatechanges)Notethatin lieu of the
termactionwe usethemoreneutraleventhereto re ect thatstatechangesrenotnec-
essarilyactively broughtaboutby an agentbut canalsobe obserationsof “natural”

changesn theenvironment.

De nition 2 Anevent is de nedby two setsof statevariable assignmentsits pre-
conditions andits effects . For assignments in thepreconditions
effects of an eventwewill alsowrite

(:durative-action Move_F_Loc2[Locl_R12]
parameters (?a - agent ?dst - place)
:duration (:= ?duration (interval 2 4))
:control (start: ?a) (end: ?a)
:condition (and
(at start (== (pos F) Locl))
(at start (== (connection Locl Locl) R12))
(at start (clear R12))
-effect (and (at start (.= (pos ?a) R12))
(at end (= (pos 7?a) Loc2))))

Figure3: InstantiatedVlove action

Relatingeventshby ordering(i.e. temporal)constraintgs centralto partial-order
planning(but is alsoimplicit in classicaltime-stepbasedplanning). To allow for a
guantitatve modelof time, we will extendeachconstraintwith anintenal expressing
the possiblevariationin two events'temporaldistance.

De nition 3 A temporalconstraint associatesvents with an
interval overthereal numbes, describingthe valuesallowedfor thetempoal dis-
tancebetweertheoccurencetimes and  of theevents: is satis ediff

canbeopen,closedor semi-open.

Usingintenals, we canexpresshatthe durationof anactionis undeterminedhat
anagentis ignorantof it. The mainadwantageof theinterval constraintshowever, is
that we canexpressquantitativerelationsin a quantitatve manner:*  occursafter

In this paperwe assumeground eventsand actions. Instantiationof actionsschemagFig. 3) in-
cludesinstantiationof the statevariableschemaglike pos(?a) ) aswell. Whena statevariableis used
functionally i.e. it representgs valuein agivenstate(like (pos ?a) in (connection (pos(?a)
?p)) , instantiationimplies creationof groundactionsfor every possiblevalue . There, is
replacecby and is addedo the preconditions.



”

" is expresseddy the constraint ; “occursat the sametime as

by . To give qualitative description®f concreteguantitatve constraints
we will usethe abbreiation for the expression
, i.e. occurssometimebefore . is de ned similarly for

sub-interals of

With suchconstraintsve do not needde nite time pointsary more: all thatis
importantto describea planis the relationsamongthe actionsandevents. As usual
in partial-ordemplanning theinitial statecanberepresentetly aspecialevent such
thatconstraintsvith  canbeseerasabsolutdimes.However, in MAP, theremaybe
adifferentinitial eventfor every agent.To beableto synchronizeon absolutdimesif
necessarywe can(but neednot) assume commonclock. It is modeledasa special
event , thetemporalreferencepoint, alsocalledthe Big Bangeventbecausét lies
beforeall othereventsandis thusthe pointwheretime starts.All agentknov  and
thuscandescribeabsolutetimesasconstraintsvith

De nition 4 A durative actionis a tuple whee are events
(called the start and end event), is an interval representingthe tempoal

constaint of theform , and is an eventwith , called
theinvariantevent Aninstantaneouactionis a durative action

whee . For asetofactions denoteghesetof start
andeventsof actionsin

It is clearthatwhenonly usinginstantaneouactionsandconstraintsof the form

betweenthem,we comebackto partial-orderplans. On the otherhand,

when using durative actionswith constraintsof the form , l.e. exact

durationsand delays,we will createPDDL 2.1 plans. Thus, MAPL subsume$oth
partial-orderandPDDL plans.

Beforedescribingthe semanticof MAPL planswe will introducetwo morecon-
ceptsdescribingevents: the rst, control, allowing plannersto distinguishbetween
endogenousnd exogenousevents, the second,mutual exclusiveness(or, relatedly
read-writelocks) describingeventsthatmustnot occurconcurrently

2.3 Control

Therearetwo kinds of durative actions:thosein which durationis controlledby the
executingagent(e.g.readinga book)andthosein which the ervironmentsdetermines
the duration(e.g. boiling water). In the former case the agent(or its corresponding
planner)canchoosethe delayfrom startto endevent,in the latter casethe endevent
may happenat any time during the intenal given by the constraint. For ary setof
actions of anagent weassumehereis acontrol function
describingwhetherthe agentor the ervironmentcontrolsthe occurrenceime of an
event. As agentscannormally decideat leastthe starttime of an actionwe assume
that for startevents

Its a fundamentathangeto the semanticof a plan whetherwe have control of
an eventor not. Sophisticatednodelsof differentkinds of control are developedin
[Vidal andFargier, 1999;Morris et al., 2001]. At presentwe have integratedonly a
very muchsimpli ed versionof this frameawvork, but have focussedn extendingit to
amultiagentsettingandto integrateit with MAPL's otherfeatures.
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Whenmultiple plannerccommunicate@ndsharepartsof their plans,a plannethas
to storefor eacheventin a planthe executingagentcontrolling the event. As each
plannemwill planfor atleastoneagent,the controlconceptis a naturalway to model
which eventsthe plannercanin uence andhow. Durationsof actionswherebothstart
andendeventsarecontrolledby the planner(i.e. executingagentsassociateavith the
planner)canbe manipulatedn thelimits of theconstrainingntenal. Actionsin which
only the starteventis controlledby the plannercanat leastbe addedor removedfrom
the planat will. Actions and eventsnot undercontrol of the plannercannotsimply
be remaoved from the plan; that would be self-deceptiorbecauseemoval would not
preventtheir occurenceTheir occurencanustbe takeninto accountduring planning
andplansshouldbe valid for every possibledurationin thelimits of the constraining
intenal.

2.4 Mutex eventsand variable locks

Concurreng is akey notionin MAS. In MultiagentPlanningit appearattwo levels:
asconcurrentactionsin a plan (or distributed over several plansby differentagents)
andasconcurrenfplanning Both levels arecloselyrelated:concurreng con icts at
the plan level mustbe detectedandresohed during planning. For the plan level we
de ne:

De nition 5 Two eventsare mutually exclusive (mutex) if oneaffectsa statevariable
assignmenthatthe otherrelieson or affects,too.

This de nition correspond$o mutex conceptsn single-agenflanning,e.g. in
PDDL 2.1 or GraphplabBlum andFurst,1997. Froma Distributed Systemspoint of
view, hawever, the mutex de nition describesa read-writelock on the statevariable

thatwill preventconcurrentaccesgo the sameresource becausehis mayleadto
indeterminateraluesof . Interestinglythecorrespondendeetweermmutualexclusive
eventsandlockson statevariableis morevisiblein aformalismlike MAPL that,by the
useof non-boolearstatevariablesseemsdo beastepcloserto “imperative” distributed
programminghanthe moredeclaratie style of STRIPSandPDDL in which the state
variableconcepis hiddenbehindthe ClosedWorld AssumptiorandADD/DEL effects
insteadof statevariableupdates.

In the next section,we will usethe mutex de nition to describenon-interference
in concurrentplans. In section5.1 we introducethe relatedconceptof statevariable
responsibilityamongagentgo solve lock/mute con icts duringdistributedplanning

2.5 Plans
De nition 6 A multiagentplanis atuple where isasetof agents
asetofevents, asetoftempoal constaintsover ,and is thecontrol

functionassigningo eat eventan agentcontolling its execution.

We cannow startto describevhenaplanis valid, i.e. executable Wewill splitthis
de nition into two aspectstemporalvalidity, meaningthatthereareno inconsisten-
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ciesamongtemporalconstraintsn the plan,andlogical consisteng, meaningthatno
actionsdo logically interfereor aredisabledvhenthey shallbe executedn the plan.
To simplify the next de nitions we assumeheset of temporalconstraintgo be
alwayscompletei.e. . This is no restrictionbecause
we canassume to containthetrivial constraints for all events and
for unrelatedevents

De nition 7 A setof tempoal constaints is consistenif
. A multiagentplan is
temporallyconsistentf  is consistent.

Thisis areformulationof theconsisteng conditionfor SimpleTemporaNetworks
(STNs)[Dechteretal., 1991 as is in factan STN. Using the Floyd-Warshall
algorithm[Cormenet al., 1994, consisteng of an STN canbe checled in
In planning,nen eventsandconstraintsare repeatedlyaddedto a planwhile consis-
tenty mustbe kept. To checkthis, we have developedan incrementalvariantof the
algorithm(omittedfrom this paper)thatchecksfor consisteng violationscausedy a
constraintnewly enterednto the plan. This algorithmis in (for every addition
of a constraint).

De nition 8 A multiagent plan is logically valid if the following
conditionshold:

1. Nomut events canoccursimultaneously:

For any assignment in the preconditionof any event there is a safe
achieving event

2. (achieving event)
3. (safety)

Conditions2 and 3 de ne plansasvalid if thereare no openconditionsandno
unsafdinks, anapproactwell-known from partialorderplanning NguyenandKamb-
hampati,2001; Weld, 1994. Condition 1 (similarly usedin GraphPlafBlum and
Furst, 1997) describeghreatscausedby con icting effectsthat do not necessarily
causaunsafdinks. This happen®speciallywheneventsviolate invariantsof durative
actions.

De nition 9 A planningproblemfor anagent is atuple
whee is a setof actions, isthecontol functionfor , and are special
eventsdescribingtheinitial andgoal conditions.

We will now de ne whena plansolvesa problem.We do not needto andcannot
usehappeningequencebke PDDL 2.1 becaus®f MAPL's plansbeingpartially or-
dered.Insteadwe will reducethequestionto a checkfor temporalandlogical validity
of anew planthatis obtainedasa combiniationof the problemwith the solutionplan.
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De nition 10 A multiagent plan is valid if it is both tempoally
consistentand logically valid. A plan is a solutionto a problem
of agent if thefollowing conditionsare satis ed

1. isconsistentvith : and
2.
3. for

is valid.

In wordstheseconditionscanbedescribedasfollows:

(1) the plansusesactionscontrolledby the agentin the way they are speci ed
in the problem: the agentcontrolling an eventis the samein the problemandin the
plan;only actionsin whichthe plannercancontrolstartandendeventcanbetightened
duringplanning(completecontrol).

(2) durative actionsandtheir invariantsare usedasexpected:for eachactionap-
pearingin aplan,its start,end,andinvarianteventmustall appeaiin the planaswell
asconstraintgdescribingtheir appearance the naturalorder: . Note
thatno “pseudo”time pointsmustbe associateavith invariantsbut thatit sufces to
have constraintforcing themto hold arytime betweerthe startandendevents.

(3) executingthe planin theinitial statereacheshegoals.Thoughlooking simple,
this last conditionis the mostimportant: wheninitial and goal eventsare addedto
the planwith constraintgdescribingthattheinitial event(goal event) happendefore
(after) all othersin the plan, thentemporalandlogical validity of the resultingplan
signi es thatthe plansolvesthe problem.

Notethatthesolutionplanis notrequiredto containonly actionsfrom  : aplan
cansolve anagents problemevenif it containsnotasingleactionof thatagent!

3 Communicative actions

For MAP it is mostimportantthat agentscan coordinateand exchangeknowledge
aboutthe domainandtheir plans. This canbe donewith communicativevents(i.e.
speechacts). The following approachto communicatiortreatsspeechactsjust like
otheractions:they have preconditionsandeffects,andoncethey have beenaddedo a
planthey canbereferencedn qualitatve andquantitatve constraints.

At presentwe proposeonly onesimplecommunicatie act, TELL, whichis used
to communicatevaluesof statevariablesfrom one agentto anotherone. As state
variablescannotbe parametersf MAPL actionswe useparameterizedpeeclactsof
theform TELL . TELL isde nedasaninstantaneouactionTELL where
isthespeakr, thelistenerand thevalueof statevariable thatis communicated.

Theconditionsandeffectsof aspeeclactaredifferentfor speakrandlistener For
example,we wantto ensurethatthe speakr believesin the statevariableassignment
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sheis going to communicateby making this assignmena precondition. However,
for the listenerwho cannotcontrol the speechact thereis no apparenprecondition:
the communicatie eventjust occurs! To emphasizehesedifferent viewpoints and
semanticswe will useTELL to denotethe speechactin the speakr's plan, while
writing TOLD in thelisteners plan. Thefull de nitions thereforeare:

TELL
TELL

TOLD
TOLD

After addingnew informationinto the currentplanwith ToLD agentscanusethe
new informationlike ary effect of otherevents: aspreconditionsof new actionsand
astemporalreferencen constraints.

Having communicatiorexplicitly anchoredn the planin thatmannerbringssev-
eral advantages. First and foremost,“being told something”is one of the simplest
meansfor modeling“obsenations” of world changeshot broughtaboutby an agent
himself. This way, we do not needcomplex semanticdor informationgatheringor
conditionalplan execution,but may describdearningnew knowvledgeasthe effect of
aknowledgegatheringaction.

For the speakingagentthecommunicatie actrepresentacommitmento inform
theotherof aspeci ¢ factduringexecution.lt is notenoughfor example thatapolice
agentpromisego cleararoadduring planning but thatalsothe re agentsomehw
hasto be informedduring executionthat this promisehasbeenrealized. Anchoring
the speechactin the planthusis a “physical” representationf the link betweerthe
commitmentmadeduring planningandits ful liment duringexecution.

During distributedplanningthis meanspntheotherhand thatplanssynchronized
by speechactsalso commit the agentsto coordinatechangego their plans. If, for
example,the police agentdecidesat somepoint during planningthat he mustrevise
hisdecisionto clearR13,theTELL eventwill remindhim to inform the re brigadeof
this change The speectactcanthusrepresena distributedbacktrackingpoint.

In this sectionwe have describedhe semanticef MAPL domainsproblemsand
plans. In the following sectionswe will seehow suchplanscanbe synthesizedy a
singleagent(sectiond) or by multiple agentgsectionb).

4 Singleagentsearch for multiagent plans

In thefollowing we look at a basiccapabilityof agentsto planalone(if possible).To
thatendwe develop a forwardsearchalgorithmon partially orderedemporalplans.

A minimalconditionfor aplanto satisfya setof goalsis thateverygoalis achiezed
atsomepointin the planandis not removed againafterthat point. Insteadof testing
goal satisfction, we will usethis conditionto describeif actionscanbe addedto a
plan“at theend”.
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For a given plan we will use the following abbreiation:

De nition 11 Thefrontier  of aplan is the setof achievedstate
variableassignments

Corollary 1 For eadh assignment in a valid plan there is a unique
achierer with

De nition 12 Thesetof enabledactionsfor a givenplan and a setof possible
actions is

Enabledactionscan be addedto the plan “at the frontier”, i.e. after all events
achieving their preconditions. But thereis potentialfor conict: evenif no event
changesnassignmenaftertheachieer, eventslaterin the planmight“read” thatas-
signmentj.e. it appeardn their preconditionalthoughnotin theireffects. If thenewly
addedactionchangeghe assignmenit threatenghe “reader” events.E.g. actionsex-
tinguishandmove canboth be enabledn planfrontier , but
bothcanonly be appliedby rst apply extinguishandthenaddmove afterthe reader
eventextinguish By doingso, we automaticallypreventthe planfrom becomingin-
valid asextinguishandmove aremutex.

Algorithm 1 apply(a,P)

for all assignments do

if or then
/I there are noreades of or isareaderitself

else

return

Algorithm 1 entersanenabledaction into aplanatthe earliestpossibleposition
that causeso safetyor mutex threats. Openconditionscannotbe producedeither
becausehe old plan was valid andthe new actionwasenabled,i.e. preconditions
satis ed. Without proof, we canthereforestate:

Theorem?2 If  is avalid plan and is enabledin , i.e.
thenapply(a,P)eturnsa valid plan.

2\We assume and . Any otherchoice
would make the semantic®f durative actionsproblematice.g. non-terminatingdurative actionswould
bepossible.
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We cannow describesingle-agenalgorithmsthatsearcHor (multi-agent)plansin
the spaceof plans(like POPalgorithms):for every state(=plan), enabledgivesus a
setof possibletransitions(=actions)andapply describeghe transitionfunctionfrom
onestateto a successostate. Thatmeanswve canuseary state-spacsearcttechnique
to nd valid plans.Fig. 4 shavs aplanfor the Rescueexamplefoundby thisalgorithm
with acentralplannercontrollingall (executing)agents.

s:ext(F,H1 [2,4]. e:move(F,L3)
T NI o G
Oe - erexi(FHL) < /7 STIOVE(F.L3) [60,240]
< \ - Q s:ext(F, H\v
s:move(P,L1) / :clear(P,R13)
[3

0,180] S:ext(F,HB’)/
<

C D
ﬁ“b /s:clear(P,RlS)

e:move(P.L1) e_goal

Figure4: A centrallysynthesizednultiagentplan

The simplestmethod,BreadthFirst Search producesplanswith minimal num-
berof actions.For concurrentemporalplansthis is unintuitive becauseoncurreng
andactiondurationis ignored. A bettercriterion for plan quality is malespan(min-
imal durationof the execution)of a plan. The calculationof a plan's makespanis a
side productof the consisteng checkwith the Floyd-Warshallalgorithm: malkespan
correspondso the length of the longestpathin the plan assumingminimal possible
durationfor durative actions.An evenmorereasonablguality metricsfor MAP is to
assumeanaximaldurationfor uncontolled actions.We will call this metricsmin-max
malespamnddenotewith theminimal (maximal)durationof acontrolled
(uncontrolled)action.

Quiality metricsareusedin a searchmethodby sortingthe searchqueueaccording
to themetrics. This correspond$o  searchwith heuristicfunction . However, we
neednot do without heuristics. Goal distancecanbe estimatedn variousways; the
following methodis basedn the FF[HoffmannandNebel,2001 heuristic.

To relax a planningproblemwe assumehat assignments$o statevariablesmade
arywherein aplanremaintruethroughoutheplan. Algorithm r-apply(a,P)is derived
from apply(a,P)by simply not checkingfor “readers”andaddingthe new actionafter

all its preconditionsare achieved, i.e. by adding to for all
. But Corollary 1 doesnot hold for relaxed plans: when mutex eventsare
allowedthereis not necessarilya uniqueachiever for anassignmentTo besure

to nd therelaxed planswith minimal (min-max) makesparwe mustmake surethat
the earliestachiever is usedwhen constraintswith the preconditionachievers of a
new actionareaddedto the plan. This canbe accomplishedy building the relaxed
planwith a simplealgorithmthatusesUniform-CostSearchlUCS)whenaddingnewv
relaxed actionsat therelaxedfrontier.
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4.1 Usingrelaxedplansto trigger coordination

The“state” arelaxed plan is built onis thefrontier of a non-relaxed (partial) plan
. Thisway, therelaxed plancanbe usedto provide a heuristicevaluationof . The
min-max makespanof the relaxed plan including its non-relaxd pre x canthenbe
usedasanadmissibleheuristicfor thegoaldistanceof plan . However, the heuristic
is notveryinformative (thereasorbeingthatunnecessargctionsin a plancanusually
beexecutedconcurrentlywith necessargnesandthuswill notincreasehemakespan).
We are currently experimentingwith variantsof this heuristicin combinationwith
differentforward searchalgorithmsbasedn thetechniquegresentedn this section.

For the purposeof this paperwe candisregardthe exactheuristicfunctionfor re-
laxedplansanduseonly onebasicinformationit provides:therelaxed (un-)sohability
of aproblem.Like FF, ourrelaxedplanningalgorithmterminatesf eithernomorenew
actionsareapplicablein  orif thegoalsareachieved attherelaxedfrontier whichis
de ned . It is clearthatif arelaxed plancannot
be found thenthe non-relaxd problemis alsounsohable. In single-agenplanning
(e.g. [Blum andFurst,1997, FHHoffmannandNebel,2001), this propertyis used
to prove a problemunsohableandterminatesearch.In MAP, we will interpretit asa
triggerfor cooperatiorwith 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 solutionsmissedcan be characterizednd found by an ex-
tendedalgorithmthatwe arecurrentlydeveloping. Discussiorof thisissuewill beleft
to anothemaper

5 Multiagent planning

In a multiagentervironment,non-coordinatingagentswill probablyrun into one of
the following problems:(1) they won't know how to solwe their planningproblemor
(2) they will nd aplanbut runinto executioncon icts (mutex or safetythreats)with
otheragents'plans. In a competitve ervironmentthis might be acceptabler even
intended;jn all othercasest is not. For therestof the paperwe will thereforeassume
agentawilling to coordinateatleastasmuchasto produceasetof con ict-free plansto
make plan executionpredictable.This doesnot meanthatonecommon,con ict-free
plan mustbe built. The methodproposeds intendedto minimize synchronizatiorof
bothplannersandplans.

5.1 Responsibilityfor statevariables

We will tacklethe problemof unsohability andthe problemof con icting planswith
the sameconcept:responsibilityfor statevariables.The agentresponsibldor a state
variableis theonewho is asled whenanothercannotreacha goalinvolving thatvari-
able. And theresponsibleagentwill decidewho is allowed to manipulatea variable
whenactionsplannedby two agentsusea variablein a con ict-producingway.

Currently MAPL andour algorithmicframewnork areonly atthe beginning of de-
velopment.For now, we thereforemalke strongsimplifying assumptionaboutrespon-
sibility:
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(1) Responsibilityfor statevariablesis describedby a function .
(2) Thefunction is x edduringthe planningprocess(3) Theagent and
only hemustknow controlledactionsthatmanipulate . (4) Theagentresponsibldor
astatevariable knowstheinitial valueof

In future work, theseassumptionsvill berelaxed asfollows: (1) We will allow a
setof responsibleagentsegotiatingaboutchangedo the variable. (2) We will allow
dynamicchangeof theresponsibl@agento betterre ect whoreallyis “using” thestate
variableduring the courseof the planningprocess.(3) (4) will both not be enforced
ary more,but beaneffect of dynamicchangeof theresponsibleagent.

5.2 Accesshistories

Theresponsibleagentrecordsthe changedo “his” statevariablein anaccessistory.
Thus he cangive agentsaccessinghe variableinformationsaboutthe changesand
they cancreateplansconsistentvith theaccessistory

De nition 13 An accessistory is a plan wheee all precondi-
tionsandefects useonly assignmentef onestatevariable .

is anaccesdistoryfor a plan iff thereis a bijectivemapping from to
theset sud thatfor all :

By we denotethe sub-planof that containsonly events
whee

5.3 Synchronizing on referenceevents

An agentusinga factin his plan neednot know how, why or by whom it hasbeen
achieed. In temporally uncertaindomainsthe agentmusteven plan not knowing
whenexactly thefactwill becomerue. To enableplanningunderthesedifferentkinds
of ignorancewe will allow agentgo usedifferentkindsof (possiblyvirtual) refeeence
eventsin their plans. As the sameeventmay appeaiin plansof differentagentsthis
providesimplicit synchronizatiommongthoseplans.Ontheotherhand,thecausabr
temporalrelationshipof thereferenceaventscanbekeptprivateandwill bedifferent
in the differentagents'plans.

A basicreferenceeventthatwe will only brie y mentionhereis , thetemporal
referenceointlying beforeall otherevents.All agentknov  andthuscandescribe
absolutetimesasconstraintswith

For MAP it is mostimportantthatagentsancoordinateandexchangeknowledge
aboutthedomainandtheirplans.This canbeachievedwith communicativeventsi.e.
speechacts.For now, we proposeonly thesimplecommunicatie actTeLL  (cf. 3).

Having addedthe new informationto the currentplanasaneffect of ToLD agents
canusethis knowledgein the usualways: as preconditionsof new actionsand as
temporalreferencen constraintslt is the latterusethatwill especiallyhelpfulin the
following algorithm:the TOLD eventprovidesautomaticsynchronizatiomith another
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agentolan.E.g. g. 5shavshow the re brigadesynchronizesnthepoliceclearing
aroadwithout knowing whenor how this is done. Only the minimum of information
necessaryor coordinatedactionis communicatedThis is importantbothfor privacy
reasonandto keepindividual knowledgebasesornvenientlysmall.

s:ext(F,H1 [2,4 e:move(F,L3)
OM]C)/L’Q Q <

O - e:ext(F,H1) < / SimOVG(F,L3) [60,240]
e Ini
B s:ext(F, H\y

O s:ext(F,H3’)/C>
O <

told(P):blocked(R13)=clear
e_goal

Figure5: F's plan(includingacommunicatre actionby P)

5.4 Distrib uted planning

Thebasicdistributedplanningalgorithmfor MAPL is shavnin alg.2 and3. Alg. 2
shawvs thereactionf a planningagentto variousmessageandhis behaior whenno
messagearereceved. Alg. 3 describeshebehaior of anagentresponsibldor avari-
able,thoughof courseanagentmay have bothroles(or evenresponsibilityfor more
thanonevariable). To simplify presentationthe algorithmsare describedusingthe
nondeterministichooseoperatorthatalsode nesbacktrackpoints. Thesearebegin-
ning pointsfor futureresearchhow canthe nondeterministichoicesbe heuristically
guided?

Theideaof thealgorithmis simple: by building arelaxed plan,the planningagent
detectggoalsinvolving statevariableshe doesnot know about,cannotmanipulateor
couldif only someearlierconditionweresatis ed. He contactgheresponsibleagents
to receve moreinformationor delegatea subgoakoncerninghevariable. Therespon-
sible agentanswerghe questionor adoptsa temporarygoalto helpthe askingagent.
For this simpli ed versionof the algorithm,we assumehatthe responsibleagentcan
alwayshelp. In generalthisis of coursenottrue,andwhentheresponsiblagentfails
to helpasynchronoubacktracking Yokoo andHirayama,200( is triggered;but this
is out of the scopeof this paper

Therearethreepossibilitiesfor termination:eitheranagentanbacktracknomore,
or an agentnot responsiblefor a variablehasfound a plan, or a responsibleagent
getsinformationthatall otheragentshave terminatedor found a plan so thathe can
terminate too, without “shirking” his responsibilityto inform otheragentsabouthis
variable.

17



Algorithm 2 MA Planning(agent , currentpartialPlan )

Received nomessage:
relaxedplanuponcurrentplanfrontier

if then

choose

investigate( )

elseif foundPlan then

if accesseth for which is unknavn then
sendask(v)to

elseif is consistentvith accesseth then
sendtell(  )to
output
terminate (if notresponsibldor a statevariable)

Receved tell( ) from agent
choose for which
apply(RToLD )

Received unachi@able(vo) fr om agent
backtrack

Procedure investigate(yo):

if then
sendask(v)to

elseif then
sendaskFor(v,0)to

else
choose by regressioron
investigate( )
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Algorithm 3 MA planning(agent responsibldor )
Initialize with and

Received nomessage:
for all do
if then

sendtell( ) to
if all agentgqincluding ) havefounda planor terminated¢hen
terminate

Receied ask(v)from agent :
sendtell( ) to

Receied askFor(v,0) from agent :
if then
sendtell( ) to
elseif then

else
sendunachieable(vo)to

Recevedtell( ) fromagent :
nd themapping from to
forall do

6 Conclusionand futur e work

We have presented newn representatiofior MAP domainsandsolutionsalongwith
basicsingle-and multi-agentplanningalgorithms. The algorithmshave beenimple-
mentedin Java; agentsare modeledas threadscommunicatingvia pipes. The im-
plementationis preliminary in particular we arestill in developmentof a parserto
automaticallyreadin problems.At the moment,only hand-codedoy problems(like
the Rescueexample)aresolved by the planners.

A lot of exciting work is possiblenow: we arealreadyexperimentingwith different
heuristicsandsearchmethodson all levels of the algorithms.Dynamicresponsibility
hierarchieswill improve e xibility andperformanceof the algorithm(comparablyto
dynamicagenthierarchiesn AsynchronousiVeak-CommitmenSearch[Yokoo and
Hirayama,200d). We will alsodevelop a setof benchmarkproblemsandapply the
distributedalgorithmin arealisticapplication(RobocupRescue).

MAP hasbeena topic of interestin Al for quite sometime. However, not much
work hasbeenpublished,neitherin the eld of Multiagent Systems(MAS) nor in
Planning;furthermore what hasbeenpublishedis mostly stand-alonavork that has
notledto asteadydevelopmenin MAP researchln ourview, thisis dueto anunfavor-
ableseparatiomf the(single-agentplanningphaseandthe (multi-agent)coordination
andexecutionphasethathaslead Al Planningresearcherto concentratexclusively
on the formerwhile MAS researcheralmostasexclusiely dealwith the latter This
separationis only possiblewith strongassumptionshat narrav the generalityof the
proposedapproachedor examplethe assumptiorthat actualplanningof eachagent
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can either be easily done before coordinatingin a “classical” way or is easedby a

given hierarchicalttaskdecomposition.t seemsohviousto usthat sucha separation
is arti cial: planningandcoordinationshouldbe interleaved to enableagentshothto

nd plansat all andto detectprobableexecutioncon icts of their (partial) plansas

earlyaspossible.

With PDDL 2.1,theAl planningcommunityhasonly recentlyfully acknavledged
the needfor sophisticatednodelsof concurreng (earlierexceptionsncludemostno-
tablywork by M. GhallajGhallabandLaruelle,1994). MAPL is anattempto extend
thatrepresentatiom away thatallows e xible executionafter andeasycoordination
during the planningprocess.The single-and multi-agentalgorithmswe proposeare
only rst stepsandhopefully not the only possiblewaysto synthesizeMAPL plans.
We hopethat our representatiomwill allow to corveniently describdargely differing
MAP domainsfor which researchergan proposeand cross-galuatevery different
algorithmicapproachegshuspromotingthe eld of MultiagentPlanning.
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