A Planning Componentfor RETSINA Agents

M. Paolucci,D. Kalp, A. Pannu,0O. ShehoryK. Sycara
TheRoboticsInstitute
Carngjie Mellon University
5000Forbesave
Pittskurgh, PA 15213
{paol ucci, kal p, pannu, onn, kati a}@s. crmu. edu

Abstract. In the RETSINA multi-agentsystem eachagentis providedwith an
internal planningcomponent—th&ETSINA planner Eachagent,usingits in-
ternalplanner formulatesdetailedplansandexecuteghemto achieve local and
globalgoals Knowledgeof thedomainis distributedamongtheagentstherefore
eachagenthasonly partialknowledgeof the stateof theworld. Furthermorethe
domainchangeslynamically thereforethe knowledgeavailable might become
obsolete.

To dealwith thesdssueseachagents plannemllowsit to interleave planningand
executionof informationgatheringactions to overcomeits partialknowledgeof
thedomainandacquireinformationneededo completeandexecuteits plans.In-
formationnecessarfor anagentslocal plancanbeacquiredhroughcooperation
by thelocal plannerfiring querieso otheragentsandmonitoringfor theirresults.
In addition,thelocal plannerdealswith the dynamismof thedomainby monitor
ing it to detectchangeghatcanaffect planconstructiorandexecution. Teamsof
agentsgeachof which incorporatesa local RETSINA plannerhave beenimple-
mented Theseagentsooperatdo solve problemsn differentdomainghatrange
from portfolio managemertb commandandcontroldecisionsupportsystems.

1 Intr oduction

We are developing the RETSINA? Multi-Agent System(MAS) [15] in which multi-
ple agentsreceve goalsfrom usersandagents SinceRETSINA implementationgre
deployedn real-world,distributed,openenvironments the stateof the world may dy-
namicallychangeor might be only partially known to agentsn the system.This may
resultfrom eitheractualchangesn the world or limited andincoherenknowledgeof
agentsas a result of their distribution acrossthe network and limited resourcesand
expertiseof eachindividualagent.

To satisfytheir goals,the agentseedto formulatedetailedplansandexecutethese
plans.However agentautonomy distribution andlimited informationusually prohibit
thecreationof a global,comprehense planfor thewholeagentsystemTherefore as
we suggesteachagentmustbeprovidedwith aplanningcomponenaspartof its inter-
nal architectureYetlocal anddistributedplanningbringsaboutotherproblemswhich
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requireresolution:anagentslocal plans,oncefound conflictingwith otheragents’lo-
cal plans,mustbe revisedandre-plannedor. Moreover, in MAS, the computationof
an agents local plan partly relies on otheragentsperformingpartsof the plan. This
impliesthatagenti’s local planning(andexecution)may requirethatagent: suspends
its planningwhile waiting for otheragentso completetheir plansandprovide results
which are preconditiongo therestof i's plan. Agent: shouldresumeplanningonce
theseresultsarrive.

Theseuniquerequirement®f planningwithin anopendynamicMAS (andin par
ticularin RETSINA) posedifficultiesin theuseof existing plannersAlthoughresearch
on planninghasdealtwith mostof the problemslisted abore, no planneraddresses
all the problemsat once.Plannersdealwith partialknowledgeby eitherplanningfor
contingenciege.g.,[12]) or gatheringnformationduringplanning(e.qg.,[7, 6]). Other
plannersdealwith uncertaintyin the domainby using probabilisticmodels[8] or by
reactingto the environmentin which they operatg5]. Open,dynamicmulti-agentsys-
temsrequirethatboth partialknowledgeanddynamismberesolhedsimultaneously

We have developeda new planneraspartof theinternalarchitectureof RETSINA
agentsThis plannerassumethatagentshave only partialknowledgeof thedomainbut
it allows agentsto gatherinformationeitherby directinspectionof the domainor by
gueryingotheragentsin addition,the plannerdealswith dynamismin the domainby
monitoringchangesn the ervironmentandpredictingtheir effect onthe plan.

Agentsin a multi-agentsystemcan take advantageof the collaborationof other
agentsn the system.Singleagentplanningtechniquebviously cannotexploit these
opportunitiesIn our approachmultiple agentsexploit the intrinsic parallelismin the
multi-agentsystemin two ways:(1) by having multiple agentsvorkingon accomplish-
ing a commongoal andlocally planningfor it; (2) by eachlocal plannerworking on
otherpartsof its plan (or on otherpartial plans)while waiting for otheragentgo com-
puterequestednformation.

TheRETSINA planneiis anovel combinatiorof existing planningmethodsAgents
thatincorporateit aspartof their internalarchitecturecaninterleave planning,execu-
tion andreplanningn a dynamicallychangingervironmentdespitehaving only partial
knowledgeof the domain.This functionality is supportedy direct monitoring of the
ervironmentandcooperatiorwith otheragents.

2 The RETSINA Architecture

RETSINA is anopenmulti-agentsystemnthatprovidesinfrastructurdor differenttypes
of deliberative, goaldirectedagentsin this sensethearchitectureof RETSINA agents
[15] exhibits someof theideasof BDI agentq413, 10. RETSINA agentarecomposed
of four autonomougunctional modules:a communicatgra planner a scheduleand
anexecutionmonitor. Thecommunicatomodulerecevesrequestgrom usersor other
agentsin KQML format and transformstheserequestdnto goals.It also sendsout
requestsandreplies.The plannermoduletransformsgoalsinto plansthat solve those
goals. Executableactionsin the plansare scheduledor execution by the scheduler
module.Executionof theactionsandmonitoringof this executionis performedoy the
executionmonitor module.The four modulesof a RETSINA agentare implemented



asautonomoushreadsof controlto allow concurrenplanningandactions’scheduling
andexecution.Furthermoreactionsarealsoexecutedas separatéhreadsandcanrun

concurrentlyln generalconcurreng betweeractionss notvirtual. Rather sincesome
actionsrequirethatthe agentaskotheragentdor servicesandsincetheseagentsare

runningon remotehosts,actualparallelismis enabled.

Thefollowing datastoresarepartof the architectureof eachindividual RETSINA
agentandareusedby the RETSINA planner Their role in the overall architectureof

theagents displayedn Figurel.
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Fig. 1. TheRETSINA planningarchitecture.

— Theobjective-DBs adynamicstorethatholdsthe objectivesof theagentof which
it is a componentAn objective-DB implementsa queuewith priorities, i.e., the
objective with thehighestpriority onthequeuds handledirst by theplannerNew
objectivesareinsertedn the queueby the communicatoandby the plannerwhen
comple objectvesaredecomposeth simplerobjectives.

— Thetask-DBis a dynamicdatastorethat holdsthe plan. Tasksare addedby the
plannemwhenit recognizeshatthey contributeto theachiezemenif the objecties.
Tasksareremored by the schedulewhenthey arereadyfor execution.

— Thetaskstemalibrary is a staticdatastorethat holdstasksschemasTheseare

usedby theplannerfor taskinstantiation.



— Thetaskreductionlibrary is a staticdatastorethatholdsreductionof tasks.These
areusedby the plannerfor taskdecomposition.

— Thebeliefs-DBis adynamicdatastorethatmaintainghe agents knowledgeof the
domainin which theplanwill be executed The planneruseghebeliefs-DBduring
planningasa sourceof factsthataffect its planningdecisions Actions may affect
thebeliefs-DBby changingfactsin thedomain.

3 The Planner Module
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Fig. 2. A HierarchicalTaskNetwork

The RETSINA Plannerrepresentsasksusingthe HierarchicalTask Network (HTN)
formalism [4]. Figure 2 displaysthe structureof an HTN. It consistsof nodesthat
representasksandtwo typesof edges.Reductionlinks describethe de-composition
of a high-level tasksto subtaskdqa tree structure).They are usedto selectthe tasks
that belongto the decompositiorof the parenttask. The secondtype of edgesare
provision/outcomdinks that represenwalue propagationbetweentask-nodesProvi-
sion/outcomdinks describehow the result of onetaskis propagatedo othertasks.
For instancen Figure 3, thetask" representshe actof buying a product.?” mayde-
composeo finding the price (71) andperformingthe transaction/:). The reduction
requireghat? is executedfirst to propagatehe priceoutcometo 75.

Formally, aproblemfor theRETSINA Planneiis definedby atuple< A,C, R, B, O, T >,
where.4 andC aresetsof tasksschemasyA describesctions(primitive tasks)thatthe
agentcanperformdirectly, while C describezomplex tasksthatareperformedby the
compositionof otherprimitiveandcomple tasks:R is thetaskreductionlibrary. Each
reductionschemain the library providesdetailson how to reducea comple taskin
C. A reductionschemafor a comple taskC' € C specifiesthe list of tasksthat re-
alizesC, andhow their preconditionsand effectsarerelatedto C's preconditionsand
effects.In generalthe correspondencleetweeriR and( is not oneto one:theremay
be severalreductionschemasor eachcomple taskin C, whereeachreductionschema



T
L

Buy product X @
@

To parfnt task

— T1 — T2 o
Find priceof X @f--""""~~"~" """ =" Perform transactio
= —
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correspondso oneimplementatiorof this task.3 is the agents beliefs-DB.It playsa
role similar to the initial states role in classicalplanning,though,wheninterleaving
planningandexecutionarepreseniasin our planningmechanism)actionsthatarein
executionstagemaychangdactsin thebeliefs-DB thusaffecttherestof theplan.O is
the objective-DB, which holdsthe unachig&ed objectivesof the agent.The goal of the
planneris to remove all theobjectvesfrom thislist. 7 is thetask-DBwhich,by holding
thetasksalreadyaddedo theplan,describeshe planconstructedy theagent.

RETSI NA- Pl anner (goal)
init-plans « nake initial plans.
partial-plans « init-plan.
Wi | e partial-plans i s not enpty do:
choose a partial plan P from partial-plans
If (P has no fl aws)
then return P
el se do:
renove a flaw f from P s objective-DB.
partial-plans < refinenents of fin P
return failure

Fig. 4. TheBasicRETSINA PlanningAlgorithm

Thedetailedplanningalgorithmis describedn Figure4. It startsfrom aninitial set
of plans(init-plans) thatprovide alternative hypothesi®f solutionsof theoriginal goal.
Initial plansare constructedby matchingtasksto the initial objectves. The planner
proceed®y selectinga partialplanP andaflaw f from P’s objectve-DB,to generata
new partialplanfor eachpossiblesolutionof f. Thisprocesss repeatedintil theplanner
generateaplanwith anemptyobjective-DB. Theplannerfailsif thelist of partialplans
emptiesbeforea solutionplanis found.

Theresultingplanis atreeof partially orderediasks similar to the plansgenerated
by DPOCL[21]. Theleafnodesof thetreeareactionsn .4, while theinternalnodesare



complex tasksin C. At executiontime, actionsare scheduledor executionandeven-
tually they aremappedo methodswhich in turn areexecutedby the agents execution
monitor. Complex tasksin the planareusedby the scheduleto synchronizehe execu-
tion of primitive tasksaswell asconnectiorof the outcomeof computedasksto the
precondition®f tasksthatwerenotyet executed.

3.1 Flaw refinement

The flaw refinementalgorithmis shovn in Figure5. The RETSINA Plannerallows
threedifferenttypesof flaws: task-reductiorflaws, suspensiorilaws, and execution
flaws. Task-reductiorflaws are associatedvith unreduceccomplex tasksin the task-
DB. They areusedto signalwhich tasksin the currentpartial plan shouldbe reduced.
Oncea reductionflaw is selectedthe plannerappliesall task reductionschemasn
‘R associatedvith the task,generatinga new partial planin correspondenc® each
applicationof a schemaAs a result, all the subtaskdisted in the reductionschema
are addedto the partial-plans task-DB 7. Taskreductiontriggersthe evaluation of
constraintsand estimatorsthat are associatedvith the task being reducedwhich in
turn could trigger the executionof actionsthat inspectthe ervironmentand provide
informationthatis notpresenin 5.

refinenents of fin P
if fis a reductionflaw t hen
t « the task corresponding to f
eval uate estimators and constraints of t
for each reduction r of t do
new-plans < apply r to P
if fis a suspensiorflaw t hen
add fto the flaws of P
new-plans add P
if fis an executionflaw t hen
a « the action corresponding to f
if a conpleted successfully
new-plans add P
if afailed
new-plans < ni |
if astill running
add fto the flaws of P
new-plans add P
Ret ur n new-plans

Fig. 5. TheRefinementlgorithm

Executionflaws areusedto monitorthe executionof actionswhile planning.An ex-
ecutionflaw is createdandaddedto the objective-DB O wheneer anactionis created.



Executionflaws areremoved from O only whenthe correspondingctionterminates.
Their solution dependsn the terminationof the action:if the actionterminatessuc-

cessfully thentheflaw is simply removed from thelist of flaws andno actionis taken;

otherwisewhentheexecutionfails or timesout, the partialplanalsofails andtheplan-

nerbacktracks.

Suspensiofilaws are usedto signalthatthe partial plan containsunreducedcom-
plex taskswhosesolutiondepend®n datathatis not currentlyavailableto the agent.
Suspensiofiaws aredelayedandtransformednto reductionflaws only aftertheoccur
renceof anunsuspendingvent, suchasthe successfutompletionof the executionof
anaction.Unsuspendingventsprovide the datathat the plannerwaswaiting for, and
they allow the completionof thereductionof the complex task.

4 Taskand Plan Representation

Ataskisatuple< N, Par, Dpar, Pro, Out, C, € > whereN isauniqueidentifierof the
task;P.,, Dpar andP,, aredifferenttypesof preconditionsasdiscussedelow, O, is
the setof outcomeof thetask,C is a setof constraintghatshouldhold eitherbefore,
afteror duringthe executionof thetask,and¢ is asetof estimatorsisedby theplanner
to predictthe effectsof the taskon somevariables. An exampleof taskis shavn in
Figure6. In this example, ;' = Buy Product P,, = {Balance}, P,, = {Ezxpenses},
Oyt = {PurchaseDone}, C = {Balance > 0}, and€ = {Balance = Balance —
Ezpenses}.

Buy Product

[ Balance
[~ Expenses PurchaseDon@)

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

Fig. 6. The Buy Producttaskhasa provision anda parametefon the left), an outcome(on the
right), andanestimatoranda constraindenotecE andC, atthebottom).

4.1 Estimators and Constraints

Estimatorsare usedto evaluatethe effect of a taskon somevariables Estimatorsare
usedto predictthe value of variablesafter a taskis performs.Constraintsare usedto
limit the valuesof variablesto a specifiedrange,whenthe planwould fail at execu-
tion timeif suchrangeis violated.For example,constraintandestimatorsareusedto



evaluatethe amountof resourcemeededo performataskandto checkwhetherthese
resourcesreavailableto theagent.

4.2 Parametersand Dynamic Parameters

Parametersreglobalvariablesstoredin the beliefs-DB.They representonditionsthat
the plannerexpectsto holdin the domain.Parametersrevisible to all tasks.Thevalue
of parameterss monitoredby the plannerwho modifiesits plan when the value of
a parametechangesSincesomeconditionsin the ervironmentare modified by the
agent,we distinguisha specialclassof parametershat we call dynamicparameters.
Like parametersjynamicparametersirevisible to all tasksin the plan, however their
valuecanchangedependingn thetasksperformedoy the agentwithouttriggeringthe
monitor.

Thereis animportantdistinctionbetweerparametersgjynamicparameterandpre-
conditionsatisfactionin classicalplanning.Causallinks [9] describebothhow a pre-
conditionis achieved by the effect of a stepin the plan, but they alsodescribea tem-
poral precedenceelation betweenthe two steps.The satisfactionof parameterand
dynamicparameterinherit the first aspectput they do not expressary temporalrela-
tion. The lack of atemporaldimensionallows the representatioof planswith concur
rent actionsthat may consumethe sameresource Theseplanscannotbe represented
in classicalplanning.Considerthe following 2 stepsof a plan for vehicle movement:
RunAi r Condi ti oner and GoToX, both stepsconsumefuel. A representatiorn
causal-linkplanningaddsa causalink betweerthe stepsthusimposingan orderbe-
tweenthem.As aresult,eitherRunAi r Condi ti oner is executedfirst, andGoToX
later, or, following the oppositeorder the agentmovesfirst in a hot ervironmentand
only whenit arrivesit runstheair conditionerto cooldown. TheRETSINA plannercan
generate planthatovercomeghis problem:it evaluateghe estimatorsandconstraints
associateavith both stepsto computehow muchfuel is neededandto makesurethat
the agenthasenoughfuel to executeboth actions.The temporalrelationbetweenthe
stepdoesnotmatterif thereis notenougtfuel to runboththeairconditionemndmove,
thenthe constrainion oneof theactionswill fail forcingtheplannerto backtrack.

4.3 Provisionsand Outcomes

Parametersand dynamic parametersepresenpropertiesof the domain, however as
explainedabore they do not includea notionfor preconditionsatisfactionTherefore,
they do not offer awayto relatethe precondition®f anactionto the effectsof another
In the RETSINA actionrepresentatiorprovisionsandoutcomesare usedto describe
the precondition®f ataskandtheir effect.

Outcomesare conditionsthat are setby virtue of executingan action. As actions
and complex taskshave a differentbehaior at executiontime, outcomesamirror this
difference:outcomef anactionaresetby executingthe methodassociatedvith the
action,whereasoutcomesof complex tasksare setby outcomepropagatiorfrom the
childrento the parenttask.

Provisionsare local conditionsof a task: they describepropertiesthat shouldbe
satisfiedfor the actionto be executable Provisionsareinstantiatedn oneof two ways:



(1) they aresetby preconditiorsatisfactiorwhenthey receve avaluefrom theoutcome
of asibling taskin theplan,or (2) they receve avalueby inheritancerom a provision
in the parenttask.

Therelationbetweerprovisionsandoutcomesntroduceghe temporalprecedence
thatis characteristiof preconditionsatisfactiorin classicalplanning.Sinceoutcomes
propagateheir valuesto provisions, the actionthat produceshe outcomeshouldbe
executedbeforethe actionthat consumeshe provision, thusthe temporalprecedence
relation.

Provisionsgeneralizehenotionof run-timevariablesn Sage7] andotherplanners
[1, 6]. Run-timevariablesareassignedt executiontime by runningotheractionsin the
plan.Provisionscanbesetbothat executiontime playingtherole of run-timevariables,
oratplanningtimeby inheritancdrom otherprovisionsor parameters theparentask.

4.4 TaskReduction Schemas

Taskreductionschemasre usedto describenow comple tasksare implementedoy
compositiorof othertasks A reductionrschemas atuple< Niask, Trist, Ziinks, Prinks, Olinks >
Niask is auniqueidentifierof thereducedaskt; 7;;: is asetof primitiveandcomple
tasksthatdefineamethodto implementt. Z;;,,x s containgnheritancdinks thatconnect
t's provisionsto the provisionsof the childrentasksin 7;;5:. Theselinks specify how
the valuesof the provisionsof the parenttaskt becomevaluesof the provisionsof its
childrentasks(the memberof 7;;s¢). Piinks Specifiegrovision links betweersibling
tasksin the decompositionTheselinks are similar to causallinks in SNLP planning
[9, 18], in thatthey shawv how the effectsof onetaskaffectthe precondition®f another
task.In addition,they areusedto maintainatemporalorderbetweertasksin thereduc-
tion. Oy, IS the setof outcomepropagatiorlinks that connectthe outcomef the
childrentasksin 7;;s: to the outcomef the parenttask.Theselinks specifyhow the
outcome®f the parenttaskt areaffectedby the outcomef its childrentasks.

5 Interleaving Planning and Information Gathering

The evaluation of estimatorsand constraintsshouldbe computedbeforethe plan is

completed However when an estimatorneedsthe value of a provision = thatis not

yet set,the agentcaneitheruseits own sensorgo find this informationor queryother
agentdor themissinginformation.In eithercasethecompletionof theplanis deferred
until thevalueof = is provided.For example theagentshouldestimatethefuel needed
to follow a routebeforemoving. This estimationinvolvescomputingthe lengthof the

path,the expectedfuel rate consumptiorand the amountof fuel available. The agent
coulduseits own sensorssin readingthefuel gauge andit canaskotheragentsvhat

typeor terrainandfuel consumptions expectedon theway to thedestinationTheplan

is notcompleteuntil bothactionsendandreturntheirvalues.

The executionof informationactionsduring planningis controlledby the suspen-
sion algorithm (Figure 7). Since estimatorsand constraintsare evaluatedin the task
reductionstep,the plannerrecordghatthereductionof ataskt is suspendetly adding
a new task-reductiorflaw f for t, markedassuspendedrheflaw f recordsthatt is not



reducedyet andthe completionof the planis deferred.Then,the plannerlooks for a

primitivetaskt . in theplan,thatif executedwould setr. ¢, is foundby trackingback-

wardinheritancdinks andprovision links thatendin =. Thetaskt, is thenscheduled
for executionanda new executionflaw e to monitorthe outcomeof ¢, is addedto the

list of planP’s flaws.

suspension of tin P
f«—task-reduction flaw for t
add fto the flaws of P
set f as suspended
set unsuspension trigger to a provision «
Find task ¢, that sets =
Schedul e ¢ for execution
e+ execution flaw for ¢,
add eto the flaws of P

Fig. 7. TheSuspensiolgorithm

As describedhbore, theflaws f ande arenotremovedfrom thelist of flaws until ¢
completedts execution. The completionof ¢, remavesthe suspensiomn f, which in
turnsallowst’s estimatorsindconstraintgo be evaluatedandt to bereducted.

Theuseof suspensiomndmonitoringflaws to controlactionexecutionhasimpor-
tant consequenceg:irst and foremost,it closelyties action executionand planning:
sincea planis not completeduntil all flaws areresolhed. The useof suspensiorand
executionflaws guaranteeghatall scheduledactionsare successfullyexecutedbefore
theplanis considerea@ solutionof theproblem.In addition,if anexecutingactionfails,
thefailure will be detectedassoonasthe plannerrefinesthe correspondingxecution
flaw. Furthermoreusingflaws to suspenéndmonitoractionexecutionallows theplan-
nerto work on otherpartsof the planwhile it waitsfor the completionof information
gatheringactions.

6 Example

In this examplewe shov how the planneris usedin RETSINA agentsorganizedin a
multiagentsystemthat supportgoint missionplanning3. In this scenariothreearmy
commandersliscussa rendezweuslocationfor their platoons.Then,eachcommander
constructsts own plan,assistedy a planningAgenthatconstructs route,takinginto
accountfuel limitations,groundandweather

Thesystemincludesamongothers thefollowing agentsthe FuelExpertAgenthat
computeshow muchfuel is neededo accomplisha mission;the weatherAgenthat
provides weatherforecastsand a Matchmakerthat matchesserviceprovider agents
with consumegngents.

? For moreinformationon the systemseehttp://wwwcs.cmu.ed@oftagents/muri.html
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C: Fuel>0

Fig. 8. An exampleof ataskreductionschema

Eachcommandeiasksits planningAgentto find a route to the rendezwous point.
PlanningAgentsransformthe requesto an objectie thatis achiezed usingthe reduc-
tion schemashown in Figure 8. Following the reductionschemathe plan adopteds
SelectPath AskFuelConsumption and Move. Sincethe threeactionscanbe further
reducedthe planneraddsthreereductionobjectivesto the ObjectveDB.

Following the reductionalgorithmshawvn in Figure5, reductionobjectivestrigger
theevaluationof theestimatorsassociatewvith theactionbeingreducedTheestimator
associatewvith Move depend®n the valueof theunknown provision Consunpt i on
thatcanbe setonly by executingAskFuelConsumption

Theexecutionof astepwhile planningis controlledby the suspensioalgorithmde-
scribedn Figure7. Theplanneffirstsuspendthereductiorof Move until Consunpt i on
is set;thenit schedulegskFuelConsumptionfor execution.SinceAskFuelConsump-
tion needghevalueof Pat h, SelectPathis alsoscheduledor execution.

SelectPath is executeddirectly by the agent,while AskFuelConsumptionis a
requesfrom informationto the FuelExpertAgentFromthe point of view of the plan-
ningAgent,thereis no differencebetweerthe two tasks:a requesto anotheragentis
anactionasary othet

TheagentFuelExpertAgentomputeshe expecteduel consumptiorfollowing de-
compositiorschemahowvn in Figure9. Theresultis a planthatcontainghreeactions:
SurveyTerrain, ForecastWeather, andComputeFuelUsageDuring the executionof
the actionForecast\Weather the FuelExpertAgensendsa queryto the WeatherAgent
thatcomputesaweatherforecastTheresultsreturnedby the WeatherAgenarepassed
backto the FuelExpertAgenthatusesthemto executeComputeFuelUsagé. Finally,
the FuelExpertAgenteportstheresultto the planningAgent.

The execution of AskFuelConsumption setsthe value of Consunpt i on, that
releaseshe suspensionf thereductionof theactionMove whichis finally reduced.

* Weatheiinformationis neededecaus¢ankshave differentfuel consumptiorrateswhenthey
travel on differentterrains,e.g.dry soil vs. wet soil
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Fig.9. An exampleof ataskreductionschema

Oneaspecis importantto stressthe computatiorof thefuel consumptioris trans-
parentto the planningAgentwhich is unavarethat the FuelExpertAgenheedsaddi-
tional information. Agentsdo not needto modelhow otheragentssolve problemsor
whatthey requireto solve a problem.

Above,we assumedhatthe planningAgenknowsthatthe FuelExpertAgenis part
of thesystemThisassumptiornis too strong;RETSINA is anopensystemwhichagents
join andleave dynamically Agentsjoining the systemad\ertiseand unad\ertisewith
middle agents[2 The adwertisemenis a declarationof whattasksthe agentcanper
form; when&eranagentwantsto outsourcepartsof thecomputatiorit asksthe Match-
maker a type of middle agent,for contactinformationof agentghat canperformthe

task.

AskFuelConsumptiol

—

— @

findFuelExpert

>
>

- >

AskAgent
@

Fig. 10. RetductionSchemdor AskFuelConsumption
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Figure10shovsthedecompositiomf theactionAskFuelConsumption it contains
two sub-actionstindFuelExpert thatis arequesto the Matchmakefor theaddres®f
afuel expertagent.TheactionAskAgent is arequestaddressinghefuel expertagent
to provide the expectedconsumptionSince Matchmakersare agents,a requestto a
Matchmakeiis solved asdescribedabove andit doesnot requireadditionalcomputa-
tional machinery

7 Monitoring Conditions during Planning

The constructiorof a planandthe schedulingandexecutionof the plan’s actionstake
time. Duringthis time the ervironmentmay changeijnvalidatingthe plan.In theexam-
ple above, ary changein the expectedfuel consumptiordueto changesn the weather
or other conditions,may lead the platoonto run out of fuel beforeits destinationis
reached.

RETSINA agentsmplementRationaleBasedMonitors [17] to detectchangesn
theenvironmentthatarerelevantto theplan.Specifically constraintaretheonly mean
for the plannerto evaluatethe validity of a plan:whena constrainffails, the planis no
longervalid. RETSINA agentanonitorthe valueof parametersindprovisionsthatare
amgumentsof constraintsn the plan; whenone of the monitorsdetectsa change the
agentre-evaluatedts constraintgo verify whetherthe planis still valid.

Agentsdecidewhichactionto monitorat planningtime.Whenconstraintareadded
to the plan, the agentlooks for the actionsthat setthe agumentsof the constraint,
thenit transformgheseactionsinto monitors:request®f informationaretransformed
into requestgo monitor, while sensingactionsbecomemonitoringactions.Monitors
are implementedas information periodic gatheringactionsthat iterate until they are
stoppedby the agent[20]. While virtually every Al plannerusesexclusively “single
shot”actionghatareremovedfrom the planassoonascompletedRETSINA's periodic
actions,are notremoved from the plan. Rather at the endof their execution,they are
reinstantiatedby the scheduleto run again.Monitors are stoppedby the agentduring
planexecutionwhenthey donot have ary associatedonstraint.

Thereactionto achangédn theervironmentdepend®n the stateof theplan.If the
domainchangeviolatesa constrainin a partialplanthathasoutstandinglaws, thenthe
partial planis no longerexpandedbecauset is not valid andthe plannerbacktracks.
If, insteadthe changeviolatesa constrainin anactionthatis scheduledor execution,
thenthe agentabandonshe planandconstructsa new planto fulfill thegoal.Finally,
violationsof constraint®f actionsalreadyunderexecutionarenotconsideredtheagent
waitsfor thesuccessr failure of theaction.

8 RelatedWork

The RETSINA plannerhassomesimilaritieswith Knoblock’s Sage[7], mainlyin the
concurreng of planningandinformationgatheringandthe closeconnectiorbetween
the plannerandthe executionmonitorthroughmonitoringflaws. Neverthelessthe two
plannerddiffer in mary importantrespectswhile Sageis a partial order plannerthat
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extendsUCPOP[11], our planneris basedon a HTN and plansby task reduction
ratherthanfrom first principles;in addition,we extendthefunctionalitiesof theplanner
throughthe constanmonitoringof the correctnessf theinformationgatherecanddo
re-planningwhenneeded.

Other plannersrelax STRIPS’ omniscienceassumptiorby interleaving planning
andexecutionof informationgatheringactions,e.g.,Xl1[6]. Our approaclis different
from theirs.First, asin the caseof Sageabore, we usea differentplanningparadigm:
HTN insteadof SNLP style partial orderplanning.In additionwe cannotassumehe
Local CloseWorld Assumptionbecausehe informationgatherednight changewhile
planning.Moreover, our plannersupportsa coarsedescriptionof informationsources
suchasotheragents Specifically the plannershouldknow whatthey provide but not
what their requirementsare, since eachagentis ableto scoutfor the informationit
needsThis distinguisheshe RETSINA plannerfrom plannersuchasXIl or Sage

A completelydifferentapproactto planningandinformationgatherings followed
by contingeng plannerq12, 3]. While we executeinformationgatheringactionsdur-
ing planning,contingenyg plannersplan for all possibleoutcomef the information
actions thenselectthe properbranchat executiontime whenthe informationis avail-
able. Thetwo typesof plannerscanbe usedto solve differentproblems:contingeng
planningis appropriatéf informationis very expensve or not availableor unstableand
changingrapidly; gatheringnformationduring planning,asdiscussedn this paper is
appropriatavhenthe agentcangatherreliableinformationwhile planningandmonitor
it fairly cheaply

The RETSINA contribution to RationaleBasedMonitoring is twofold. RETSINA
describesrow RationaleBasedMonitorscanbeappliedto HTN planning.In addition,
RETSINA expandsthe useof monitorsto the schedulingphasewhenthe planis com-
pletedand underexecution,whereasRationaleBasedMonitorsin [17] are usedonly
during planningtime. On the otherhand,RETSINA's useof monitorsis morerestric-
tivethanin [17], becaus&kETSINA agentsdo not attemptto selectthe bestplanfrom
apool of alternatve plans,giventhe modifiedervironment.

TheRETSINA planningprocesss afirst steptowardsadistributedplanningscheme
basedon a peerto peercooperatiorbetweenagentsNo hierarchyor controlrelation-
shipsarepresenamongtheagentsThey have eachobjectivesto solve andthey cooper
atewith oneanotherto achieve their goals.We call this type of cooperatiorcapability-
basedFromthis prospectre,ourenterprisas verydifferentfrom theplanningarchitec-
ture proposedn [19], wheretheplanningprocesss distributedamongagentshowever
they arecentrallycontrolled.

9 Conclusion

Planningin a dynamicopenMAS imposesa combinationof problemshatrangefrom
partial domaininformationto dynamismof the environment.Theseproblemsareeach
resoled,separatelyby existing planningapproachedyut nosolutionprior totheRETSINA
planneraddressethis combinationassuch.The RETSINA plannersolvesthe problem

of partial domainknowledge by interlearing planning and execution of information
gatheringactions;it handlesdlynamicchangesn thedomainby monitoringfor changes
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thatmay affect planningandexecution;it supportscooperatiorby allowing querydel-

egationto otheragentsijt enablese-planningvhenchangesn thedomainarise.These
propertiesare provided by the architecturedescribedn this paper This architecturas

implementedn RETSINA agentswhich aredeployedin several real-world environ-

ments[14, 16].
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