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Abstract. In theRETSINA multi-agentsystem,eachagentis providedwith an
internalplanningcomponent—theRETSINA planner. Eachagent,usingits in-
ternalplanner, formulatesdetailedplansandexecutesthemto achieve local and
globalgoals.Knowledgeof thedomainis distributedamongtheagents,therefore
eachagenthasonly partialknowledgeof thestateof theworld.Furthermore,the
domainchangesdynamically, thereforethe knowledgeavailablemight become
obsolete.
Todealwith theseissues,eachagent’splannerallowsit to interleaveplanningand
executionof informationgatheringactions,to overcomeits partialknowledgeof
thedomainandacquireinformationneededto completeandexecuteits plans.In-
formationnecessaryfor anagent’slocalplancanbeacquiredthroughcooperation
by thelocalplannerfiring queriesto otheragentsandmonitoringfor their results.
In addition,thelocalplannerdealswith thedynamismof thedomainby monitor-
ing it to detectchangesthatcanaffectplanconstructionandexecution.Teamsof
agents,eachof which incorporatesa local RETSINA plannerhave beenimple-
mented.Theseagentscooperateto solveproblemsin differentdomainsthatrange
from portfolio managementto commandandcontroldecisionsupportsystems� .

1 Intr oduction

We aredeveloping the RETSINA � Multi-Agent System(MAS) [15] in which multi-
ple agentsreceive goalsfrom usersandagents.SinceRETSINA implementationsare
deployedin real-world,distributed,openenvironments,thestateof theworld maydy-
namicallychangeor might beonly partially known to agentsin thesystem.This may
resultfrom eitheractualchangesin theworld or limited andincoherentknowledgeof
agentsas a result of their distribution acrossthe networkand limited resourcesand
expertiseof eachindividualagent.

To satisfytheirgoals,theagentsneedto formulatedetailedplansandexecutethese
plans.However agentautonomy, distribution andlimited informationusuallyprohibit
thecreationof a global,comprehensive planfor thewholeagentsystem.Therefore,as
wesuggest,eachagentmustbeprovidedwith aplanningcomponentaspartof its inter-
nal architecture.Yet local anddistributedplanningbringsaboutotherproblemswhich
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requireresolution:anagent’s local plans,oncefoundconflictingwith otheragents’lo-
cal plans,mustbe revisedandre-plannedfor. Moreover, in MAS, thecomputationof
an agent’s local plan partly relieson otheragentsperformingpartsof the plan. This
impliesthatagent� ’s localplanning(andexecution)mayrequirethatagent� suspends
its planningwhile waiting for otheragentsto completetheir plansandprovide results
which arepreconditionsto the restof � ’s plan.Agent � shouldresumeplanningonce
theseresultsarrive.

Theseuniquerequirementsof planningwithin anopendynamicMAS (andin par-
ticular in RETSINA) posedifficultiesin theuseof existingplanners.Althoughresearch
on planninghasdealtwith mostof the problemslisted above, no planneraddresses
all the problemsat once.Plannersdealwith partial knowledgeby eitherplanningfor
contingencies(e.g.,[12]) or gatheringinformationduringplanning(e.g.,[7, 6]). Other
plannersdealwith uncertaintyin the domainby usingprobabilisticmodels[8] or by
reactingto theenvironmentin which they operate[5]. Open,dynamicmulti-agentsys-
temsrequirethatbothpartialknowledgeanddynamismberesolvedsimultaneously.

We have developeda new planneraspartof theinternalarchitectureof RETSINA
agents.Thisplannerassumesthatagentshaveonly partialknowledgeof thedomainbut
it allows agentsto gatherinformationeitherby direct inspectionof the domainor by
queryingotheragents.In addition,theplannerdealswith dynamismin thedomainby
monitoringchangesin theenvironmentandpredictingtheireffect on theplan.

Agentsin a multi-agentsystemcan takeadvantageof the collaborationof other
agentsin thesystem.Singleagentplanningtechniquesobviously cannotexploit these
opportunities.In our approach,multiple agentsexploit the intrinsic parallelismin the
multi-agentsystemin two ways:(1) by having multipleagentsworkingonaccomplish-
ing a commongoal andlocally planningfor it; (2) by eachlocal plannerworking on
otherpartsof its plan(or onotherpartialplans)while waiting for otheragentsto com-
puterequestedinformation.

TheRETSINA planneris anovel combinationof existingplanningmethods.Agents
that incorporateit aspartof their internalarchitecturecaninterleave planning,execu-
tion andreplanningin a dynamicallychangingenvironmentdespitehaving only partial
knowledgeof the domain.This functionality is supportedby directmonitoringof the
environmentandcooperationwith otheragents.

2 The RETSINA Ar chitecture

RETSINA is anopenmulti-agentsystemthatprovidesinfrastructurefor differenttypes
of deliberative,goaldirectedagents.In thissense,thearchitectureof RETSINA agents
[15] exhibitssomeof theideasof BDI agents[13, 10]. RETSINA agentsarecomposed
of four autonomousfunctionalmodules:a communicator, a planner, a schedulerand
anexecutionmonitor. Thecommunicatormodulereceivesrequestsfrom usersor other
agentsin KQML format and transformstheserequestsinto goals.It also sendsout
requestsandreplies.The plannermoduletransformsgoalsinto plansthat solve those
goals.Executableactionsin the plansare scheduledfor executionby the scheduler
module.Executionof theactionsandmonitoringof this executionis performedby the
executionmonitor module.The four modulesof a RETSINA agentare implemented

2



asautonomousthreadsof controlto allow concurrentplanningandactions’scheduling
andexecution.Furthermore,actionsarealsoexecutedasseparatethreadsandcanrun
concurrently. In general,concurrency betweenactionsis notvirtual.Rather, sincesome
actionsrequirethat theagentaskotheragentsfor services,andsincetheseagentsare
runningon remotehosts,actualparallelismis enabled.

Thefollowing datastoresarepartof thearchitectureof eachindividualRETSINA
agentandareusedby the RETSINA planner. Their role in the overall architectureof
theagentis displayedin Figure1.

Beliefs DB

Parameters

ScheduleTask DBPlanner                     Objective DB

Scheduler

Task Schema Task Reductionss

Planning

Execution
Monitor

Execution domain

Users and Agents

External world:

Objective

Task Schema

Control Link
Data Link

Legend:

Communicator

Action Executed

Enabled Action

Task-Action

Fig.1. TheRETSINA planningarchitecture.

– Theobjective-DBis adynamicstorethatholdstheobjectivesof theagentof which
it is a component.An objective-DB implementsa queuewith priorities, i.e., the
objectivewith thehighestpriority on thequeueis handledfirst by theplanner. New
objectivesareinsertedin thequeueby thecommunicatorandby theplannerwhen
complex objectivesaredecomposedin simplerobjectives.

– The task-DBis a dynamicdatastorethat holdsthe plan.Tasksareaddedby the
plannerwhenit recognizesthatthey contributeto theachievementof theobjectives.
Tasksareremovedby theschedulerwhenthey arereadyfor execution.

– The taskschemalibrary is a staticdatastorethatholdstasksschemas.Theseare
usedby theplannerfor taskinstantiation.

3



– Thetaskreductionlibrary is astaticdatastorethatholdsreductionsof tasks.These
areusedby theplannerfor taskdecomposition.

– Thebeliefs-DBis adynamicdatastorethatmaintainstheagent’sknowledgeof the
domainin which theplanwill beexecuted.Theplannerusesthebeliefs-DBduring
planningasa sourceof factsthataffect its planningdecisions.Actionsmayaffect
thebeliefs-DBby changingfactsin thedomain.

3 The Planner Module

Outcome

Provision/outcome link

Reduction link

Hierarchical Task Network (HTN)

Provision, Parameter

Sub-task

Top-level Task

Action

To  parent task

Fig. 2. A HierarchicalTaskNetwork

The RETSINA Plannerrepresentstasksusingthe HierarchicalTaskNetwork (HTN)
formalism [4]. Figure 2 displaysthe structureof an HTN. It consistsof nodesthat
representtasksand two typesof edges.Reductionlinks describethe de-composition
of a high-level tasksto subtasks(a tree structure).They areusedto selectthe tasks
that belongto the decompositionof the parenttask. The secondtype of edgesare
provision/outcomelinks that representvalue propagationbetweentask-nodes.Provi-
sion/outcomelinks describehow the result of one task is propagatedto other tasks.
For instancein Figure3, thetask � representstheactof buying a product.� mayde-
composeto finding the price ( ��� ) andperformingthe transaction( � � ). The reduction
requiresthat �	� is executedfirst to propagatethepriceoutcometo � � .

Formally, aproblemfor theRETSINA Plannerisdefinedby atuple 
���
���
���
���
���
���� ,
where� and � aresetsof tasksschemas;� describesactions(primitivetasks)thatthe
agentcanperformdirectly, while � describescomplex tasksthatareperformedby the
compositionof otherprimitiveandcomplex tasks.� is thetaskreductionlibrary. Each
reductionschemain the library providesdetailson how to reducea complex task in
� . A reductionschemafor a complex task ��� � specifiesthe list of tasksthat re-
alizesC, andhow their preconditionsandeffectsarerelatedto C’s preconditionsand
effects.In general,thecorrespondencebetween� and � is not oneto one:theremay
beseveralreductionschemasfor eachcomplex taskin � , whereeachreductionschema
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Buy product X

Find price of X

Fig.3. An exampleof taskde-composition

correspondsto oneimplementationof this task. � is theagent’s beliefs-DB.It playsa
role similar to the initial state’s role in classicalplanning,though,wheninterleaving
planningandexecutionarepresent(asin ourplanningmechanism),actionsthatarein
executionstagemaychangefactsin thebeliefs-DB,thusaffecttherestof theplan. � is
theobjective-DB,which holdstheunachievedobjectivesof theagent.Thegoalof the
planneris to removeall theobjectivesfromthis list. � is thetask-DBwhich,by holding
thetasksalreadyaddedto theplan,describestheplanconstructedby theagent.

RETSINA-Planner (goal)
init-plans ! make initial plans.
partial-plans ! init-plan.
While partial-plans is not empty do:

choose a partial plan P from partial-plans
If (P has no flaws)

then return P
else do:

remove a flaw f from P’s objective-DB.
partial-plans ! refinements of f in P

return failure

Fig. 4. TheBasicRETSINA PlanningAlgorithm

Thedetailedplanningalgorithmis describedin Figure4. It startsfrom aninitial set
of plans(init-plans) thatprovidealternativehypothesisof solutionsof theoriginalgoal.
Initial plansareconstructedby matchingtasksto the initial objectives.The planner
proceedsby selectinga partialplanP anda flaw f from P’sobjective-DB,to generatea
new partialplanfor eachpossiblesolutionof f. Thisprocessis repeateduntil theplanner
generatesaplanwith anemptyobjective-DB.Theplannerfails if thelist of partialplans
emptiesbeforeasolutionplanis found.

Theresultingplanis a treeof partiallyorderedtasks,similar to theplansgenerated
by DPOCL[21]. Theleafnodesof thetreeareactionsin � , while theinternalnodesare
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complex tasksin � . At executiontime, actionsarescheduledfor executionandeven-
tually they aremappedto methodswhich in turn areexecutedby theagent’sexecution
monitor. Complex tasksin theplanareusedby theschedulerto synchronizetheexecu-
tion of primitive tasksaswell asconnectionof theoutcomesof computedtasksto the
preconditionsof tasksthatwerenotyetexecuted.

3.1 Flaw refinement

The flaw refinementalgorithm is shown in Figure 5. The RETSINA Plannerallows
threedifferent typesof flaws: task-reductionflaws, suspensionflaws, and execution
flaws. Task-reductionflaws areassociatedwith unreducedcomplex tasksin the task-
DB. They areusedto signalwhich tasksin thecurrentpartialplanshouldbereduced.
Oncea reductionflaw is selected,the plannerappliesall task reductionschemasin
� associatedwith the task,generatinga new partial plan in correspondenceto each
applicationof a schema.As a result,all the subtaskslisted in the reductionschema
are addedto the partial-plan’s task-DB � . Task reductiontriggersthe evaluationof
constraintsandestimatorsthat areassociatedwith the task being reduced,which in
turn could trigger the executionof actionsthat inspectthe environmentandprovide
informationthatis not presentin � .

refinements of f in P
if f is a reductionflaw then

t ! the task corresponding to f
evaluate estimators and constraints of t
for each reduction r of t do

new-plans ! apply r to P
if f is a suspensionflaw then

add f to the flaws of P
new-plans add P

if f is an executionflaw then
a ! the action corresponding to f
if a completed successfully

new-plans add P
if a failed

new-plans ! nil
if a still running

add f to the flaws of P
new-plans add P

Return new-plans

Fig. 5. TheRefinementAlgorithm

Executionflawsareusedto monitortheexecutionof actionswhile planning.An ex-
ecutionflaw is createdandaddedto theobjective-DB � whenever anactionis created.
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Executionflaws areremoved from � only whenthe correspondingactionterminates.
Their solutiondependson the terminationof the action: if the actionterminatessuc-
cessfully, thentheflaw is simply removedfrom thelist of flaws andnoactionis taken;
otherwise,whentheexecutionfails or timesout, thepartialplanalsofails andtheplan-
nerbacktracks.

Suspensionflaws areusedto signalthat the partial plan containsunreducedcom-
plex taskswhosesolutiondependson datathat is not currentlyavailableto theagent.
Suspensionflawsaredelayedandtransformedinto reductionflawsonly aftertheoccur-
renceof anunsuspendingevent,suchasthesuccessfulcompletionof theexecutionof
anaction.Unsuspendingeventsprovide thedatathat theplannerwaswaiting for, and
they allow thecompletionof thereductionof thecomplex task.

4 Task and Plan Representation

A taskis atuple 
#"$
&%�')(*
�+�,-'.(*
&%/(�01
��3254)
���
�67� where" is auniqueidentifierof the
task;%�')( , +�,-'.( and %8()0 aredifferenttypesof preconditionsasdiscussedbelow, �3254 is
thesetof outcomesof the task, � is a setof constraintsthatshouldhold eitherbefore,
afteror duringtheexecutionof thetask,and 6 is asetof estimatorsusedby theplanner
to predictthe effectsof the taskon somevariables. An exampleof task is shown in
Figure6. In this example,":9 Buy Product, %;'.(<9 � B =?>@=BADCFE1� , %8()0�9 � EG?HIEJADKLEJK?� ,
�3254�9 � PMIN5CFOP=BKLEJQSR5ADE?� , �T9 � B =?>@=BADCFEU�WVB� , and 6$9 � B =*>X=YADCZES9 B =?>@=BADCFE\[
EG?HIEJADKLEJK?� .

Buy Product

C: Balance>ProductPrice
E: Balance=Balance-Expenses

PurchaseDoneExpenses
Balance

Fig. 6. The Buy Producttaskhasa provision anda parameter(on the left), anoutcome(on the
right), andanestimatorandaconstraint(denotedE andC, at thebottom).

4.1 Estimators and Constraints

Estimatorsareusedto evaluatethe effect of a taskon somevariables.Estimatorsare
usedto predictthe valueof variablesaftera taskis performs.Constraintsareusedto
limit the valuesof variablesto a specifiedrange,whenthe plan would fail at execu-
tion time if suchrangeis violated.For example,constraintsandestimatorsareusedto
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evaluatetheamountof resourcesneededto performa taskandto checkwhetherthese
resourcesareavailableto theagent.

4.2 Parametersand Dynamic Parameters

Parametersareglobalvariablesstoredin thebeliefs-DB.They representconditionsthat
theplannerexpectsto hold in thedomain.Parametersarevisible to all tasks.Thevalue
of parametersis monitoredby the plannerwho modifiesits plan when the value of
a parameterchanges.Sincesomeconditionsin the environmentaremodifiedby the
agent,we distinguisha specialclassof parametersthat we call dynamicparameters.
Like parameters,dynamicparametersarevisible to all tasksin theplan,however their
valuecanchangedependingon thetasksperformedby theagentwithout triggeringthe
monitor.

Thereis animportantdistinctionbetweenparameters,dynamicparametersandpre-
conditionsatisfactionin classicalplanning.Causallinks [9] describebothhow a pre-
conditionis achieved by the effect of a stepin the plan,but they alsodescribea tem-
poral precedencerelationbetweenthe two steps.The satisfactionof parametersand
dynamicparametersinherit thefirst aspect,but they do not expressany temporalrela-
tion. Thelack of a temporaldimensionallowstherepresentationof planswith concur-
rent actionsthatmay consumethe sameresource.Theseplanscannotbe represented
in classicalplanning.Considerthe following 2 stepsof a plan for vehiclemovement:
RunAirConditioner andGoToX, both stepsconsumefuel. A representationin
causal-linkplanningaddsa causallink betweenthesteps,thusimposinganorderbe-
tweenthem.As a result,eitherRunAirConditioner is executedfirst, andGoToX
later, or, following the oppositeorder, theagentmovesfirst in a hot environmentand
only whenit arrivesit runstheair conditionerto cooldown.TheRETSINA plannercan
generatea planthatovercomesthisproblem:it evaluatestheestimatorsandconstraints
associatedwith bothstepsto computehow muchfuel is needed,andto makesurethat
the agenthasenoughfuel to executeboth actions.The temporalrelationbetweenthe
stepsdoesnotmatter:if thereis notenoughfuel to runboththeairconditionerandmove,
thentheconstraintononeof theactionswill fail forcing theplannerto backtrack.

4.3 Provisionsand Outcomes

Parametersand dynamicparametersrepresentpropertiesof the domain,however as
explainedabove they do not includea notion for preconditionsatisfaction.Therefore,
they donotoffer a wayto relatethepreconditionsof anactionto theeffectsof another.
In the RETSINA actionrepresentation,provisionsandoutcomesareusedto describe
thepreconditionsof a taskandtheir effect.

Outcomesareconditionsthat aresetby virtue of executingan action.As actions
andcomplex taskshave a differentbehavior at executiontime, outcomesmirror this
difference:outcomesof anactionaresetby executingthemethodassociatedwith the
action,whereasoutcomesof complex tasksaresetby outcomepropagationfrom the
childrento theparenttask.

Provisionsare local conditionsof a task: they describepropertiesthat shouldbe
satisfiedfor theactionto beexecutable.Provisionsareinstantiatedin oneof two ways:
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(1) they aresetby preconditionsatisfactionwhenthey receiveavaluefrom theoutcome
of a sibling taskin theplan,or (2) they receive a valueby inheritancefrom a provision
in theparenttask.

Therelationbetweenprovisionsandoutcomesintroducesthetemporalprecedence
that is characteristicof preconditionsatisfactionin classicalplanning.Sinceoutcomes
propagatetheir valuesto provisions,the actionthat producesthe outcomeshouldbe
executedbeforethe actionthatconsumestheprovision, thusthe temporalprecedence
relation.

Provisionsgeneralizethenotionof run-timevariablesin Sage[7] andotherplanners
[1, 6]. Run-timevariablesareassignedatexecutiontimeby runningotheractionsin the
plan.Provisionscanbesetbothatexecutiontimeplayingtheroleof run-timevariables,
oratplanningtimeby inheritancefromotherprovisionsorparametersin theparenttask.

4.4 TaskReductionSchemas

Taskreductionschemasareusedto describehow complex tasksare implementedby
compositionof othertasks.A reductionschemaisatuple 
�" 4@'Z]&^ 
��`_ba ]&4 
@cD_baed ^-] 
&%/_baed ^5] 
)�3_baed ^5] � .
"S4@'F]�^ is auniqueidentifierof thereducedtaskt; � _ba ]&4 is asetof primitiveandcomplex
tasksthatdefineamethodto implementt. c _baed ^5] containsinheritancelinks thatconnect
t’s provisionsto the provisionsof the childrentasksin � _ba ]�4 . Theselinks specifyhow
thevaluesof theprovisionsof theparenttaskt becomevaluesof theprovisionsof its
childrentasks(themembersof � _ba ]�4 ). % _baed ^5] specifiesprovision links betweensibling
tasksin the decomposition.Theselinks aresimilar to causallinks in SNLP planning
[9, 18], in thatthey show how theeffectsof onetaskaffect thepreconditionsof another
task.In addition,they areusedto maintainatemporalorderbetweentasksin thereduc-
tion. � _bafd ^-] is the setof outcomepropagationlinks that connectthe outcomesof the
childrentasksin � _ba ]�4 to theoutcomesof theparenttask.Theselinks specifyhow the
outcomesof theparenttaskt areaffectedby theoutcomesof its childrentasks.

5 Interleaving Planning and Inf ormation Gathering

The evaluationof estimatorsand constraintsshouldbe computedbeforethe plan is
completed.However whenan estimatorneedsthe valueof a provision g that is not
yet set,theagentcaneitheruseits own sensorsto find this informationor queryother
agentsfor themissinginformation.In eithercase,thecompletionof theplanis deferred
until thevalueof g is provided.For example,theagentshouldestimatethefuel needed
to follow a routebeforemoving. This estimationinvolvescomputingthe lengthof the
path,the expectedfuel rateconsumptionandthe amountof fuel available.The agent
coulduseits own sensorsasin readingthefuel gauge,andit canaskotheragentswhat
typeor terrainandfuel consumptionis expectedonthewayto thedestination.Theplan
is notcompleteuntil bothactionsendandreturntheirvalues.

Theexecutionof informationactionsduringplanningis controlledby thesuspen-
sion algorithm(Figure7). Sinceestimatorsandconstraintsareevaluatedin the task
reductionstep,theplannerrecordsthatthereductionof a taskt is suspendedby adding
a new task-reductionflaw f for t, markedassuspended.Theflaw f recordsthat t is not
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reducedyet andthe completionof the plan is deferred.Then,the plannerlooks for a
primitivetask h�i in theplan,thatif executedwouldset g . h�i is foundby trackingback-
wardinheritancelinks andprovision links thatendin g . Thetask h i is thenscheduled
for executionanda new executionflaw e to monitortheoutcomeof h i is addedto the
list of planP’s flaws.

suspension of t in P
f ! task-reduction flaw for t
add f to the flaws of P
set f as suspended
set unsuspension trigger to a provision j
Find task kXl that sets j
Schedule k l for execution
e ! execution flaw for kXl
add e to the flaws of P

Fig. 7. TheSuspensionAlgorithm

As describedabove, theflaws f ande arenot removedfrom thelist of flaws until h�i
completesits execution.Thecompletionof h�i removesthe suspensionon f, which in
turnsallows t’sestimatorsandconstraintsto beevaluatedandt to bereducted.

Theuseof suspensionandmonitoringflaws to controlactionexecutionhasimpor-
tant consequences.First and foremost,it closely ties action executionand planning:
sincea plan is not completeduntil all flaws areresolved. The useof suspensionand
executionflaws guaranteesthatall scheduledactionsaresuccessfullyexecutedbefore
theplanis consideredasolutionof theproblem.In addition,if anexecutingactionfails,
the failure will bedetectedassoonastheplannerrefinesthecorrespondingexecution
flaw. Furthermore,usingflawsto suspendandmonitoractionexecutionallowstheplan-
ner to work on otherpartsof theplanwhile it waitsfor thecompletionof information
gatheringactions.

6 Example

In this examplewe show how the planneris usedin RETSINA agentsorganizedin a
multiagentsystemthatsupportsjoint missionplanning m . In this scenario,threearmy
commandersdiscussa rendezvouslocationfor their platoons.Then,eachcommander
constructsits own plan,assistedby a planningAgentthatconstructsa route,takinginto
accountfuel limitations,groundandweather.

Thesystemincludes,amongothers,thefollowing agents:theFuelExpertAgentthat
computeshow much fuel is neededto accomplisha mission;the weatherAgentthat
provides weatherforecasts,and a Matchmakerthat matchesserviceprovider agents
with consumeragents.
n

For moreinformationon thesystemseehttp://www.cs.cmu.edu/s̃oftagents/muri.html
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Fig.8. An exampleof a taskreductionschema

Eachcommanderasksits planningAgentto find a route to the rendezvous point.
PlanningAgentstransformtherequestto anobjective that is achievedusingthereduc-
tion schemashown in Figure8. Following the reductionschema,the plan adoptedis
SelectPath, AskFuelConsumption, andMove. Sincethe threeactionscanbe further
reduced,theplanneraddsthreereductionobjectivesto theObjectiveDB.

Following thereductionalgorithmshown in Figure5, reductionobjectivestrigger
theevaluationof theestimatorsassociatedwith theactionbeingreduced.Theestimator
associatedwith Move dependson thevalueof theunknownprovisionConsumption
thatcanbesetonly by executingAskFuelConsumption.

Theexecutionof astepwhile planningis controlledby thesuspensionalgorithmde-
scribedin Figure7.Theplannerfirstsuspendsthereductionof Moveuntil Consumption
isset;thenit schedulesAskFuelConsumptionfor execution.SinceAskFuelConsump-
tion needsthevalueof Path, SelectPathis alsoscheduledfor execution.

SelectPath is executeddirectly by the agent,while AskFuelConsumption is a
requestfrom informationto theFuelExpertAgent.Fromthepoint of view of theplan-
ningAgent,thereis no differencebetweenthe two tasks:a requestto anotheragentis
anactionasany other.

TheagentFuelExpertAgentcomputestheexpectedfuel consumptionfollowing de-
compositionschemashown in Figure9. Theresultis a planthatcontainsthreeactions:
SurveyTerrain, ForecastWeather, andComputeFuelUsage. During theexecutionof
theactionForecastWeather theFuelExpertAgentsendsa queryto theWeatherAgent
thatcomputesa weatherforecast.Theresultsreturnedby theWeatherAgentarepassed
backto theFuelExpertAgentthatusesthemto executeComputeFuelUsageo . Finally,
theFuelExpertAgentreportstheresultto theplanningAgent.

The executionof AskFuelConsumption setsthe value of Consumption, that
releasesthesuspensionof thereductionof theactionMove which is finally reduced.
p

Weatherinformationis neededbecausetankshavedifferentfuel consumptionrateswhenthey
travel on differentterrains,e.g.dry soil vs.wetsoil
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FuelConsumption

ForecastWeather

ComputeFuelUsageSurveyTerrain

Fig.9. An exampleof a taskreductionschema

Oneaspectis importantto stress:thecomputationof thefuel consumptionis trans-
parentto the planningAgent,which is unawarethat the FuelExpertAgentneedsaddi-
tional information.Agentsdo not needto modelhow otheragentssolve problemsor
whatthey requireto solve a problem.

Above,weassumedthattheplanningAgentknowsthattheFuelExpertAgentis part
of thesystem.Thisassumptionis toostrong;RETSINA is anopensystemwhichagents
join andleave dynamically. Agentsjoining the systemadvertiseandunadvertisewith
middle agents[2]. The advertisementis a declarationof what tasksthe agentcanper-
form; wheneveranagentwantsto outsourcepartsof thecomputationit askstheMatch-
maker, a typeof middleagent,for contactinformationof agentsthatcanperformthe
task.

AskFuelConsumption

findFuelExpert AskAgent

Fig.10.RetductionSchemafor AskFuelConsumption
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Figure10showsthedecompositionof theactionAskFuelConsumption, it contains
two sub-actions:findFuelExpert thatis arequestto theMatchmakerfor theaddressof
a fuel expertagent.TheactionAskAgent is a requestaddressingthefuel expertagent
to provide the expectedconsumption.SinceMatchmakersareagents,a requestto a
Matchmakeris solvedasdescribedabove andit doesnot requireadditionalcomputa-
tionalmachinery.

7 Monitoring Conditions during Planning

Theconstructionof a planandtheschedulingandexecutionof theplan’s actionstake
time.Duringthis timetheenvironmentmaychange,invalidatingtheplan.In theexam-
ple above,any changein theexpectedfuel consumptiondueto changesin theweather
or other conditions,may lead the platoonto run out of fuel beforeits destinationis
reached.

RETSINA agentsimplementRationaleBasedMonitors [17] to detectchangesin
theenvironmentthatarerelevantto theplan.Specifically, constraintsaretheonly mean
for theplannerto evaluatethevalidity of a plan:whena constraintfails, theplanis no
longervalid. RETSINA agentsmonitorthevalueof parametersandprovisionsthatare
argumentsof constraintsin the plan; whenoneof the monitorsdetectsa change,the
agentre-evaluatesits constraintsto verify whethertheplanis still valid.

Agentsdecidewhichactionto monitoratplanningtime.Whenconstraintsareadded
to the plan, the agentlooks for the actionsthat set the argumentsof the constraint,
thenit transformstheseactionsinto monitors:requestsof informationaretransformed
into requeststo monitor, while sensingactionsbecomemonitoringactions.Monitors
are implementedas informationperiodic gatheringactionsthat iterateuntil they are
stoppedby the agent[20]. While virtually every AI plannerusesexclusively “single
shot”actionsthatareremovedfromtheplanassoonascompleted,RETSINA’speriodic
actions,arenot removed from theplan.Rather, at theendof their execution,they are
reinstantiatedby theschedulerto run again.Monitorsarestoppedby theagentduring
planexecutionwhenthey donot have any associatedconstraint.

Thereactionto a changein theenvironmentdependson thestateof theplan.If the
domainchangeviolatesaconstraintin apartialplanthathasoutstandingflaws,thenthe
partial plan is no longerexpandedbecauseit is not valid andthe plannerbacktracks.
If, instead,thechangeviolatesa constraintin anactionthatis scheduledfor execution,
thentheagentabandonstheplanandconstructsa new plan to fulfill thegoal.Finally,
violationsof constraintsof actionsalreadyunderexecutionarenotconsidered,theagent
waitsfor thesuccessor failureof theaction.

8 RelatedWork

TheRETSINA plannerhassomesimilaritieswith Knoblock’s Sage[7], mainly in the
concurrency of planningandinformationgatheringandthecloseconnectionbetween
theplannerandtheexecutionmonitorthroughmonitoringflaws.Nevertheless,thetwo
plannersdiffer in many importantrespects:while Sageis a partial orderplannerthat
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extendsUCPOP[11], our planneris basedon a HTN and plansby task reduction
ratherthanfromfirst principles;in addition,weextendthefunctionalitiesof theplanner
throughtheconstantmonitoringof thecorrectnessof theinformationgatheredanddo
re-planningwhenneeded.

Other plannersrelax STRIPS’ omniscienceassumptionby interleaving planning
andexecutionof informationgatheringactions,e.g.,XII[6]. Our approachis different
from theirs.First, asin thecaseof Sageabove, we usea differentplanningparadigm:
HTN insteadof SNLP style partial orderplanning.In additionwe cannotassumethe
Local CloseWorld Assumptionbecausethe informationgatheredmight changewhile
planning.Moreover, our plannersupportsa coarsedescriptionof informationsources
suchasotheragents.Specifically, theplannershouldknow what they provide but not
what their requirementsare,sinceeachagentis able to scoutfor the information it
needs.ThisdistinguishestheRETSINA plannerfrom plannerssuchasXII or Sage.

A completelydifferentapproachto planningandinformationgatheringis followed
by contingency planners[12, 3]. While we executeinformationgatheringactionsdur-
ing planning,contingency plannersplan for all possibleoutcomesof the information
actions,thenselecttheproperbranchat executiontime whentheinformationis avail-
able.The two typesof plannerscanbeusedto solve differentproblems:contingency
planningis appropriateif informationis veryexpensiveor notavailableor unstableand
changingrapidly; gatheringinformationduringplanning,asdiscussedin this paper, is
appropriatewhentheagentcangatherreliableinformationwhile planningandmonitor
it fairly cheaply.

TheRETSINA contribution to RationaleBasedMonitoring is twofold. RETSINA
describeshow RationaleBasedMonitorscanbeappliedto HTN planning.In addition,
RETSINA expandstheuseof monitorsto theschedulingphasewhentheplanis com-
pletedandunderexecution,whereasRationaleBasedMonitors in [17] areusedonly
duringplanningtime.On theotherhand,RETSINA’s useof monitorsis morerestric-
tive thanin [17], becauseRETSINA agentsdo not attemptto selectthebestplanfrom
a poolof alternativeplans,giventhemodifiedenvironment.

TheRETSINA planningprocessis afirst steptowardsadistributedplanningscheme
basedon a peerto peercooperationbetweenagents.No hierarchyor control relation-
shipsarepresentamongtheagents.They haveeachobjectivesto solveandthey cooper-
atewith oneanotherto achieve their goals.We call this typeof cooperationcapability-
based.Fromthisprospective,ourenterpriseis verydifferentfromtheplanningarchitec-
tureproposedin [19], wheretheplanningprocessis distributedamongagents,however
they arecentrallycontrolled.

9 Conclusion

Planningin a dynamicopenMAS imposesa combinationof problemsthatrangefrom
partialdomaininformationto dynamismof theenvironment.Theseproblemsareeach
resolved,separately, byexistingplanningapproaches;butnosolutionprior to theRETSINA
planneraddressesthiscombinationassuch.TheRETSINA plannersolvestheproblem
of partial domainknowledgeby interleaving planningand executionof information
gatheringactions;it handlesdynamicchangesin thedomainby monitoringfor changes
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thatmayaffect planningandexecution;it supportscooperationby allowing querydel-
egationto otheragents;it enablesre-planningwhenchangesin thedomainarise.These
propertiesareprovidedby thearchitecturedescribedin this paper. This architectureis
implementedin RETSINA agents,which aredeployedin several real-worldenviron-
ments[14, 16].
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