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Abstract

Somedynamicsupplychainproblemsareinstancesof a classof distributedoptimization
problemsthat TAEMS and other intelligent agentswere madeto address.In this paper
we de�ne a sanitizedversionof a discretedistributeddynamicsupplychainmanagement
problemandspecifyhow TAEMS agents,equippedwith new coordinationmechanisms,
arebeingusedto automateandmanagethesupplychain.
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1 Intr oduction

In general,the intelligent agentparadigmlendsitself to distributedsupplychain
managementbecausemembersof a typical supplychainarelooselycoupledinter-
actingsystems,i.e.,raw materialsuppliers,shippers,manufacturers,canall beseen
asagents.Morestrongly, agenttechnologiesthatperformresourceandtemporalco-
ordinationacrossheterogeneousagents,withoutassumptionsof globalknowledge,
aredirectly applicableto certainclassesof distributedsupplychainmanagement
problemsbecausesuchtechnologiescanperformdecisionmaking,orderandma-
terial �o w, andproductionschedulingto meetdeadlines/ resourcelimitations. If
suchtechnologiesoperateonline,in real-time,theagentscanmanagedynamicdis-
tributedsupply chainproblemsin which frequentand timely adjustmentsto the
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�o w of goodsandproductionschedulesareneededin orderto leverageconditions
in themarketplaceor to take advantageof opportunitiesasthey arise.Honeywell
Laboratories,partof Honeywell International,which is oneof the� ve largestsup-
ply chainmanagement(SCM)providers

�

andis includedin theDow JonesIndus-
trial Average,is examiningthisclassof agenttechnologiesfor dynamicdistributed
supplychainmanagement.The businessmotivation for this work is discussedin
greaterdetail later.

In this paperwe presentthe useof TÆMS [7,13] agenttechnologies,equipped
with new coordinationmechanisms,on a sanitizedversionof a dynamicsupply
chainproblemin thediscretemanufacturingdomain.In this applicationtheagents
work to managetheproductionscheduleandmaterial�o w of asmallbuild-to-order
productionline. The focus of this work is not on agent-basedbidding schemes
or pricedeterminationbut is insteadon reasoningaboutactualorders,production
schedules,andmaterial�o w asdiscreteorders.This researchalsodoesnot make
strongassumptionsaboutstatisticalcharacteristicsof demandor productorders–
thefocusis noton settingup asteadystatemanufacturingschedule.

Theexampleapplicationusedin this paperis thatof manufacturinggoodsfor the
outdoorrecreationalmarketsector– speci�cally backpacksandsleepingbags.The
actorsin our examplewill include retailersand a �ctitious manufacturercalled
“MountainMan.” Any resemblancetoactualretailersor manufacturersin thissector
or other market sectorsis purely coincidental.The exampleitself is basedon a
realworld situationthoughthework presentedhereis simulatedandtheproblem
speci�cationshouldbeviewedasaneducatedassessmentof a realworld situation.

It is importantto emphasizethat the focusof this work is on the distributedop-
timization problemthat occurswhen agentshave multiple interactingactivities
andthe activities have individual deadlinesand individual resourceconstraints–
is not on negotiationprotocolsor market mechanisms.Even if we could build a
singlecentralizedrepresentation

�

of thetaskcoordinationspace,thehybrid plan-
ning/scheduling(with interactingtime limits, interactingresourceconstraints,and
utility interactions)problemis intractablefor any but toy problems.In this setting,
provablyoptimalsolutionsgenerallyrequireexhaustivesearch.Now considerwhat
happenswhenthe problemspaceis distributedandput into a dynamicsetting.It
is this spacein which we operate.Completediscussionis beyondthescopeof the
paper– the point is to understandthat a large classof supplychainmanagement
problemsfall into this very dif�cult problemspacethathasmorein commonwith
distributedschedulingthanit doeswith market mechanismsor researchwhosefo-
cusis on communicationprotocols.Notethatsuchothertechnologiesarerelevant

�

Peranindependentmarket survey.
�

In thecommercialsettingcentralizedmodelsarenotencouragedbecauseit wouldrequire
releasingcompetitive datato a 3rd party for planningandoptimization– wheresaid3rd
partyis notadisinterestedparty.
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in this space,e.g.,to determinethepricesfor goodswhich mayinterplaywith the
issueof temporalnegotiationor to structurethenegotiationprotocolsthemselves,
but thatour focusis on thedistributedschedulingaspects.

In this paperwe examinethe productionschedulingproblemof a small volume
manufacturingline thatproducesbuild to ordergoodsfor privatelabelcustomers.
Theline is managedby anagentthat interactswith otheragentsthatrepresentre-
tailers.Theretaileragents,raw materialsupplieragents,etc.,all potentiallyneedto
solvethesameclassof problemasthemanufacturingagent– wefocusprimarily on
thesmall volumeproductionline for simplicity andclarity. As shown in Figure1
thesmallvolumeproductionline is anoff-shootfrom theprimaryproductionline
of MountainMan.Generallywith privatelabelproductiona largeorderis produced
via the primary productionline andsubsequentsmallerorders,which arecaused
by unanticipateddemandor customizedvariantsof the goods,are routedto the
smallerproductionline. The small volumeproductionline supportssmall private
labeljobs,suchasordersgeneratedby unanticipatedsales,thatwould interruptthe
�o w of the primary productionline if scheduledfor that line. This is particularly
truefor customvariantsor restockingordersin partbecausesuchordersaresmall
but still requiredifferentfabric,fasteners,etc.,but alsobecausesuchordersgener-
ally haveshorttermdeadlines.In otherwords,whenaretailerrequestsasmallvol-
umethey generallywantit in a few daysratherthantheperiodof weeksfor which
primary productionline is geared.This type of productionhasdifferent require-
mentsthanthestandardmainstreamproductionoperations.While minimizingraw
and�nished goodsinventoriesareimportantfor all manufacturingprocesses,this
is particularlytruefor privatelabelgoodsasthecustomerbaseis verylimited (gen-
erally just one)andoften portionsof the raw materialsarespeci�c to the private
label purchase.Additional requirementsfor the line includeendingthe day with
the “tablesempty” (no work-in-progress),maintainingzeroinventoryon �nished
goods,andbuilding productsto orderonly.

In our implementation,agentsaresituatedat eachof theinvolvedsites.For exam-
ple,oneagentis locatedat MountainManandoneagentis locatedat eachretailer,
shown in Figure6. The MountainManagent's job is to interactwith the retailer
agentsandto determineproductionschedulesfor theMountainMansmallvolume
productionline accordingly. Notethattheoverall supplychain,shown in Figure2,
involves raw material �o ws, shippers,and distribution centers.In this paperwe
focuson the problemof coordinatingproductionto meetdynamicdemandat the
retailers.Thegeneral�o w of eventsacrosstheagentsis thatwheninventorylevels
fall below thespeci�edthresholdataretailer, theretailer'sagentplacesorderswith
MountainManfor replacementgoods.TheMountainManagentreasonsaboutthe
new orderandhow it relatesto currentlyscheduledproductionin termsof tempo-
ral constraintsandoverall value.It canthennegotiateover delivery time with the
retaileragentin orderto optimizeMountainMan'smix of goods.Theuseof agents
for this exampleis whatenablestheretailersandMountainManto coordinatedy-
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Fig. 1. PrimaryandtheBuild-to-OrderProductionLines

namicallyandautomaticallyto optimizetheiractivities.
�

Figure 3 shows a screensnapshotof the MountainManproductionline and the
JJBoom storefront at which customerscanpurchasegoods.The two taskstruc-
turesshown areof (centerscreen)theglobaltaskstructure(or portionsof it) for all
agentsasseenby thesimulationenvironment,and(to theright) the taskstructure
of theMountainManagent.Notethedifferencebetweenthetwo. Thebusycentral
representationis theproblemthat is beingsolvedandoptimizedby the individual
agents,eachof which can only seeand reasonwith a small portion of the total
space.

�

The issueof what criteriaover which to optimizeis deliberatelyunspeci�ed.If we as-
sumethatMountainManandtheretailershave no directrelationshipthenMountainMan's
goalis tooptimizeoverits own localcriteria.In generalthisissimplytomaximizepro�t but
othersecondaryitemsmightbeto keeptheline fully utilizedor to useparticularmachines
on a regularbasis.For this exampletheexactoptimizationcriteriais unimportantbecause
all of theseaforementionedissuescanbe mappedinto the TÆMS quality attribute over
which the MountainManagentoptimizes.Subsequentsectionscontainmoreinformation
on TÆMSandTÆMSagents.
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Fig. 2. MountainMan's OverallSupplyChain

In the next sectionwe provide a high-level view of TÆMS agentsand TÆMS
technologies.In thesectionafterthatwereturnto thedetailsof theapplicationand
illustratetheuseof TÆMSagentsfor managingMountainMan's dynamicsupply
chainproblem.We thendiscusschainsof interactionsandidentify selectedrelated
work, discusslimitations,experimentalplans,andfuturework.

2 TÆMS Agentsfor Dynamic Supply Chain Management

We usetheexpressionTÆMSagentsto describeouragenttechnologybecausethe
cornerstoneof our approachis a modelinglanguagecalledTÆMS(TaskAnalysis
EnvironmentModeling andSimulation)[8,13]. TÆMS is a way to representthe
activities of a problemsolving agent– it is notablein that it explicitly represents
alternative differentwaysto carryout tasks,it representsinteractionsbetweenac-
tivities,it speci�esresourceuseproperties,andit quanti�esall of thesevia discrete
probability distributionsin termsof quality, cost,andduration.The endresult is
a languagefor representingactivities that is expressive andhasprovenusefulfor
many differentdomainsincluding the BIG informationgatheringagent[14], the
IntelligentHomeproject(IHome) [12], theDARPA ANTS real-timeagentsensor
network for vehicle tracking [20,10], distributedhospitalpatientscheduling[7],
agentdiagnosis[9], andotherslike distributedcollaborative design,processcon-
trol, andagentsfor travel planning.

5



Fig. 3. ScreenImageof TheProductionLine, HypotheticalGlobalTaskStructure,Moun-
tainMan's TaskStructure,andtheJJBoomRetailer

Figure4 shows a TÆMS taskstructurelike thatusedby theMountainManagent
in this application.The structureis a hierarchicaldecompositionof a top level
goal which is simply to Produce . The top level goal,or task,hastwo subtasks
which areto Make Bags andMake Back Packs . Eachof thesetasksarede-
composedinto subtasksand�nally into primitive actions.Note thatmostof these
areomittedfrom the �gure for clarity. The detailsareshown for the Make BEI
Jasper packtask– it consistsof four primitive actionsthatarepicking zippers
andfasteners,cuttingthewebbing,cuttingthefabric,andsewing thepack.Theinter
dependenceof thesetasksis modeledin TÆMSusinganenablesnon-local-effect.
Thedottededges(enablements)from taskslike cuttingandpicking to thesewing
tasksindicatethat thesetasksmustbe performed�rst andbe performedsuccess-
fully for the sewing task to be performed.Note that all of the primitive actions
(leaf nodes)alsohave Q (quality), C (cost),andD (duration)discreteprobability
distributionsassociatedwith them.For simplicity in this paperwe do not useun-
certaintyandall valueswill haveadensityof 100%.Pickingthezippersthustakes
10 minutes(.16 hours)andgeneratesa quality of one.Cutting the webbinghasa
similar allocationwhile cuttingthefabric takeslonger(1/2 anhour)andproduces
a higherquality (four). Sewing the packstakesover an hour andalsoproducesa
higherquality (four). The sum() function underthe Make BEI Japser task
is calleda quality-accumulation-functionor qaf. It describeshow quality (akin to
utility) generatedat theleafnodesrelatesto theperformanceof theparentnode.In
thiscasewesumtheresultantqualitiesof thesubtasks– notethatthecuttingof the
fabricandthesewing operationsdominatehow well thebagsaremadein this ap-
plication.Quality is adeliberatelyabstractconceptinto whichotherattributesmay
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bemapped.In thispaperwewill assumethatquality is a functionof theamountof
pro�t generatedby theproductionof agivengood.

In the sampletaskstructurethereis alsoan elementof choice– this is a strong
partof theTÆMSconstructandimportantfor dynamicsupplychains.TheMake
Back Packs task,for example,hastwo subtasksjoined underthe sum() qaf.
In this casetheMountainManagentmayperformeithersubtaskor it mayperform
both dependingon what activities it hastime for andtheir respective values.The
explicit representationof choice– achoicethatis quanti�edby thosediscreteprob-
ability distributionsattachedto theleafnodes– is how TÆMSagentsmakecontext
dependentdecisions.In supplychainapplicationsthis is how the MountainMan
agentseesthatit hasachoiceof whichproductsto produceandwhen.
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Fig. 4. SampleTÆMSTaskStructurefor a ManufacturingAgent

By establishingadomainindependentlanguage(TÆMS)for representingagentac-
tivity, wehavebeenableto designandbuild acoresetof agentconstructioncompo-
nentsandreusethemon a varietyof differentapplications(mentionedabove,e.g.,
[14,12,20,10,7]).TÆMSagentsarecreatedby bundlingour reusabletechnologies
with a domainspeci�c component,generallycalleda domainproblemsolver, that
is responsiblefor knowing andencapsulatingthedetailsof a particularapplication
domain.In theBIG informationgatheringagent,for instance,thedomainproblem
solver is a blackboardplannerthat knows how to modelsoftwareproducts,build
modelsof productsfrom raw text data,andcompare/recommendproductsto pur-
chase.In anotherapplicationthedomainproblemsolver maybea processplanor
a legacy databaseapplication.In eachof thesecaseswe abstractaway from the
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detailsof the domainby creatinga custommappingfunction that translatesthe
internalsof the domainproblemsolver into TÆMS taskstructuresthat are then
operatedonby therestof thesystem.

For this paperit is suf�cient to know that TÆMS agentshave componentsfor
schedulingandcoordinationthatenablethemto 1) reasonaboutwhatthey should
bedoingandwhen,2) reasonabouttherelativevalueof activities,3) reasonabout
temporalandresourceconstraints,and4) reasonaboutinteractionsbetweenactiv-
ities beingcarriedout by differentagents.A high-level view of a TÆMSagentis
shown in Figure5; everythingexcept for the domainproblemsolver is reusable
code.Notethateachmoduleis a researchtopic in its own right. Theagentsched-
uler is theDesign-to-Criteria[16,21,23]schedulerandthecoordinationmoduleis
derivedfrom GPGP[7]. Othermodules,e.g.,learning,canbeaddedto this archi-
tecturein a similarplugandplay fashion.

In thesupplychainapplicationtherearetwo typesof domainproblemsolvers,those
that managethe retailers' inventoriesand the MountainManagentthat manages
MountainMan's production.The retailerproblemsolversareof similar construc-
tion. Their function is to monitorpurchasingactivities andcheckinventorylevels
whenpurchasesaremade.If a goodfalls below a speci�edthreshold,they reorder
andnegotiatewith theMountainManagentto determinedelivery times/dates.The
MountainMandomainproblemsolver is differentan insteadreasonsaboutMoun-
tainMan'sproduction.It createsnew candidaterunsfor new ordersasthey comein
andremove jobsfrom thelist of candidatesif ordersarecanceled.
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Fig. 6. EachCompany HasIts Own AgentThatManagesIts Local Interests

3 Dynamic Supply Chain Example

As mentionedin thisexampleeachretailerhasaTÆMSagentthatmanagesits lo-
cal interestsandordersproductswhenappropriate.MountainManalsohasanagent
that interactswith theretaileragents,respondsto orderrequests,negotiatesdeliv-
ery times,andmanagesMountainMan's production.

�

In this paperwe focuson a
subsetof thesupplyproblemanddo not addressinteractingdirectly with shippers
or raw materialsuppliers.Work involving chainsof interactionsis discussedlater.
Theagentnetwork is shown in Figure6. This examplehasspeci�c properties,re-

�

The actualcomputationaboutwhich items to produceandwhen is performedby the
DTC [16,21,23]TÆMSagentscheduler.
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quirements,andassumptionsthatframetheproblem.A subsetof themorenotable
onesare:

� Productionis asingleshift andscheduledfrom 8amto 4pm.However, thesupply
managementagentsoperatebothdayandnight andadjustproductionschedules
asnecessary.

� All goodsareshippedovernight via anexpresscarrier.
� Raw materialsarealwayssuf�cient to supportproduction.
� Ordersmayarriveatany time dayor night.
� Retailersordergoodsin lots.
� No WIP (work in progress)is left on thetablesat theendof theday.
� Ordersarenot interruptibleoncethey havebegun.
� TheTÆMSqualityassociatedwith productiontasksis a functionof themargins

producedby differentproducts.
� Productionactivitieswill bemodeledasprimitiveactionsin TÆMSatthegrain-

sizeof Make Product X.
�

� All customersare equally valuable.If this were not the case,it too could be
mappedinto TÆMSqualityassociatedwith theproductiontasks.

� Whenordersarrive they have a desireddelivery date/deadline(that is speci�ed
by theretaileragents).

� Productionspeci�cs:sleepingbaglots requirefour productionhours,backpacks
requiretwo hoursperlot.

� All TÆMSdistributionsare100%certain(singlevaluedfunctions).

To illustrate,let thecurrentsimulatedworld timebe10am.MountainMan'sTÆMS
taskstructure,which describesMountainMan's currentproductionoptionsandre-
quirementsat10am,is shown in Figure7. MountainMan'scurrentscheduleis also
shown in the �gure. In the taskstructureMountainManhastwo orders– onefor
JJBoom 3 Season sleepingbagsandonefor BEI Jasper backpacks.(A dif-
ferentTÆMS task is associatedwith eachorder.) The JJBoom lot hasa higher
expectedquality becausethemarginsarebetteron theJJBoom productthanthey
arewith the BEI Jasper . However, the JJBoom sleepingbagstake longer to
producethantheBEI Jasper backpacks.If theMountainManagentwereopti-
mizing over thequality/durationratio ratherthanmaximizingquality, andthetwo
orderswere mutually exclusive, the agentwould choosethe BEI Jasper run
over the JJBoom sleepingbagrun. In this caseasboth the orderscanbe satis-
�ed andtheagentis maximizingtotal quality bothproductionrunsarescheduled
andboth ordersaresetto be �lled. MountainManis currentlytwo hoursinto the
JJBoom sleepingbagproductionrun andis planningto produceBEI Jasper
backpacksafterthesleepingbagrun(at2pm).

�

This is suf�cient for schedulingandselectionin this example.The focusis on the in-
teractionacrossagents– themoredetailedMountainManjob shopschedulingproblemis
addressablewith theTÆMStechnologyandotherwell de�ned techniques.
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At 12pm,when MountainManis two hoursinto the JJBoom sleepingbag pro-
duction run, a new order arrives. It is for the very high pro�t KMS Sequoia
backpacks.The arrival of the new order causesthe domainproblemsolver for
theMountainManagentto producea new candidateproductiontask,Make KMS
Sequoia , associatedwith the orderasshown in Figure8. The new orderhasa
desireddelivery datefor thesubsequentday. Becausetheproductionschedulefor
todayis full, theMountainManagentmusteithernegotiatewith theKMS retailer
thatplacedtheorderor �nd someotherwayto producethedesiredgoods.Notethat
at this time (12pm)theBEI Jasper packsarescheduledfor productionat 2pm.
ThustheMountainManagentactuallyhasfour possiblechoices:1) it canrejectthe
KMS Sequoia orderbecauseproductionis full for thecurrentday, 2) it canreject
theexisting BEI Jasper orderanddo theKMS Sequoia run instead,3) it can
negotiatewith theKMS retaileragentto obtainadeliverydeadlinethatit canmeet
moreeasily, 4) it cannegotiatewith theBEI retaileragentto obtaina laterdelivery
datefor thatorder.

In this casewe assumethat KMS ordersare generallynon-negotiableand the
MountainManagentconsidersreschedulingaccordingly. Upon considerationthe
agentitself detectsthat the KMS Sequoia ordercanbe �lled andthat it should
bumptheBEI Jasper becausetheKMS Sequoia productionrunis moreprof-
itable. (This analysisis performedby the TÆMS Design-to-Criteriaagentsched-
uler.) In makingthisdeterminationtheagentcouldreasonaboutthecostof decom-
mitmentfor theexistingorderandcomparesaidcostto thehighervalueassociated
with the new order. In this exampledecommitmentcost is not used.Given the
highervalueof the new order, the agentreschedulesasshown in Figure9. When
theagentreschedulesit sendstheBEI retaileragentadecommitmentmessagethat
indicatestheBEI orderwill notbe�lled asexpected.NotethattheJJBoom runthat
is currentlyin productionproceedsuninterrupted.If runswereinterruptible(they
arenot– seetheassumptionsabove) theagentwouldconsiderabortingthecurrent
runandcouldevenevaluatetakingtherunoff theline at somecost(overhead)and
putting it backon duringa future time whenthe line wasidle or constraintsmore
relaxed.

In responseto thenoticethatMountainManwill not ful�ll its ordertheBEI retailer
agentexaminesits own local TÆMStaskstructure(not shown) andbecausethere
areno otherordersthatarecompetingfor �nancial resources(shelfspacecouldbe
consideredherealso)it re-issuesits orderwith a laterdeliverydate.TheMountain-
Man agentreschedulesagain,asshown in Figure10, anddecidesto 1) complete
theJJBoom run (asit shouldgiven the requirementsabove), 2) thendo theKMS
Sequoia productionrun,3) andthentomorrow (at8am)to do theBEI Jasper
run.

This small exampleillustratesan importantclassof capabilitiesfor dynamically
managinga supplychain.First it shows autonomouslymakinga quanti�ed choice
betweencandidateactivitiesasthesituationchanges.Onagivendaytherecouldbe
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Fig. 9. MountainMan's ProductionScheduleModi�ed to LeveragetheNew Order

many sucheventsandmany suchexchanges.Automatingsomeor all of this pro-
cessenablestheaggregatesystemto optimizecontinuouslyto improve ef�ciency,
lowercosts,maximizepro�t, or whatever theobjectivecriteriais appropriate.This
examplealsoillustrateshow intelligentagenttechnologythat incorporatestempo-
ral reasoningmapsto supplychainproblemswheredeadlines(delivery times)and
otherrelatedconstraintsarepresent.Theexamplealsoidenti�es many areaswhere
applicationspeci�c sophisticationcanbeadded.For instancetheagentscoulden-
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gagein a complex negotiationprocessto determineappropriatedelivery timesor
could predeterminea price for decommitment(failing to ful�ll an order after a
guaranteehasbeengiven) that would be consideredby the MountainManagent
beforea decommitmentactionwastaken.

Notethatthekey propertiesof thesupplychainproblemspacerepresentedhereis
thatcontrolis distributedandthesituationis dynamicastheordersaredrivenby ac-
tual consumerdemandandnotby estimatesthatarecomputeda priori . Othersup-
ply chainproblemsthatmapdirectly to this spaceincludeautomaticallychanging
productionschedulesto take advantageof spotmarket materialswherethesuppli-
ersarerepresentedby agentsor shifting activitiesatboththemanufacturerandthe
retailerto adaptto changesin shippingtimesor evenashippergoingonstrike.An-
othermappingis automaticallymodifyingproductionto takeadvantageof changes
in themarketplaceascommunicatedby otheragents,e.g.,new customers,achange
in productmix, a changein theproductdesignitself, etc.In generalby addingdy-
namiccontrol to theproblemspacetheentiresupplychainbecomesmore�e xible
andpotentiallymoreef�cient. Notealsothattheuseof agentsatall of theinvolved
partiesis what producesthe increasein �e xibility – becausethe agentsautomati-
cally negotiateover time,andpotentiallyqualityandcosts,andbecausethey com-
municateandconvey informationasit happens,they convergeon anoptimization
acrossthenetwork of interestedparties.With respectto controlof actualbusiness
processes,particularlywhenlargedollar �gures areinvolved,theagentscan�ll a
support/advisoryroleandstill leave theultimatedecisionmakingcapabilitieswith
a trustedhuman.

4 Chainsof Enablement

In thepreviousexamplewediscussedacoordinationepisodebetweenretaileragents
anda manufacturingagent.Considerif the sameproblemis expandedto include
raw andintermediatematerialsupplierswho ship to themanufacturerin response
to theorderplacedby the retailer. In a conventionalsetting,mostif not all of the
supplierswill maintainaninventoryof raw materialsandwill simplyshipasneeded
from theinventory(schedulingproductionto generatemoreinventoryasneeded).
However, in ourproblemspacetheraw materialsuppliersarerunningwith asetof
requirementsakin to thoseof MountainManin thepreviousexample– everything
is build to order(or theinventorylevelsaresosmallasto have thesameeffect).
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Fig. 11.Chainsof InteractionsWhereTasksOnly HaveValueif Chainis Completed

Theimplicationsof thisarenotobvious.If everythingthatis producedalonganen-
tire chainis custom(for only onepossiblecustomer)andno inventoriesaremain-
tained,it meansthat if the retailercancelsthe orderwhile it is in the processof
being�lled, thosewho have producedgoodsfor saidorderlosemoney. Figure11
sketchesthesituation.Eachproductionactivity only hasvalueif theretailercom-
pletesits purchaseof the�nished good.

For coordinationthe implicationsarepronounced.GPGPcoordinationis, in gen-
eral,apeer-to-peercoordinationtechnologythatoperatesthroughpairwisedialogs.
(Therationalefor thisis beyondthescopeof thepaper.) If apairwiseprocessis used
to coordinateoverany chain(not just thosethathavetheveryunusualpropertyjust
described)it may take many iterationsbackandforth acrossthe chainto resolve
all of the temporalinteractionsandconverge on a solutionthatworks throughout
thechain.If oneaddsthecharacteristicthateachactivity only hasvalueif theen-
tire chainis performedfrom startto �nish, theagentmustconceptuallywait until
the entire chain hassolidi�ed (or converged) beforebeginning production.This
“global” commitmentis very different thana conventionalGPGPstyle commit-
ment– it hasmorein commonwith a commitmentto a particularcourseof action
regardlessof theactualtemporalbindingsasdescribedin [4].

To addressthechainsof interactions,wheretasksalongthesupplychainonly have
valueif theretailerpurchasestheproduct,we havecreateda new distributedcoor-
dinationalgorithmthatusescommitmentvalueanddecommitmentcostto achieve
globalcoherenceacrossthechain.Thepseudo-codedetailsof partof thealgorithm
arepresentedlater (Figure16), however, theconceptualframework is straightfor-
ward.Considerthe taskstructureshown in Figure12. Agent A's taskA1 enables
agentB's taskB1, which enablesagentC's taskC1,which enablesagentD's task
D1. Think of agentD asbeingamanufacturerwhosellsto endusersandof agents
A-C asbeingachainof raw materialsuppliers.In orderfor agentD to performD1,
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Fig. 12.GenericTÆMSChainof InterdependentTasks

agentA mustperformA1 andall theotherintermediatetasksmustalsobeexecuted
by their respectiveagents.

What is uniqueto thedynamicsupplychainproblem,particularlyif zeroinvento-
riesaremaintainedandthegoodsin questionareprivatelabelor custom,is that if
thesub-chainfrom A1 to C1 is performedbut agentD decidesnot to performD1,
thegoodsproducedalongthesub-chaindonothaveany valuetoagentC andthusC
will incuraloss.By thesametoken,if agentA decidesnot to performA1, agentsB
andC will beunableto producethegoodsdesiredby agentD andthey mayincura
decommitmentpenalty(D will alsobeunableto meetproductionplans/schedules).
Recallthatthefocusof this work is on thetemporaldistributedcoordinationclass
of issues.Technologieslike auctionsor market mechanismsfor determiningprice
canprovide thequantitativevaluesusedduringcoordination.

To enabletheagentsto committo acourseof actionwithout beingatundorisk for
lossdueto anotheragentnot adheringto the courseof action,coordinationmust
conceptuallycommit all the agentsto a givencourseof actionat onemomentin
time.Along with this commitmentmustcomesomespeci�edvaluefor decommit-
ting or breakingthepledgeandsomespeci�edvaluefor satisfyingthecommitment
andproducinggoodsaspromised.Becausetheagentsaredistributed,obtainingthe
requiredcommitmentandagreementmustbe performedin a distributedfashion.
Thegeneralapproachis for eachagentto reservea spotin productionfor thede-
siredgoodwhile thechainis beingnegotiated.For example,agentD wouldreserve
a futurespotfor D1 in its productionschedulebut not begin work on D1 until the
coordinationsessionis complete(a brief periodin termsof wall clock time). This
stepof the processis shown in Figure13. The reservation processis part of the
activity carriedout in thetriangularbox labeledDP D1 – this is the �rst decision
point for agentD. Duringthisperiod,agentD decideswhenit needsto produceD1
to �ll its needsandthenreservesthat slot in its productionschedule.Associated
with the reservation spot is a modelof the valueor utility that it will obtain for
performingD1. This valueis necessary– it enablesagentD to reasonaboutother
opportunitiesthat may arisewhile it is negotiatingthe formationof the chainof
commitmentswith theotheragents.After reservingtheslot for D1, agentD then
determineswhenit needsgoodsfrom agentC andcommunicatesthisneed/orderto
agentC.
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Fig. 13.CoordinationOver theChain– Step1

In Figure14 the processcontinues.Agent C receivesD's requestanddetermines
whenit canperformC1.If it cannotperformC1to meetD'sneeds,agentC informs
agentD of this andthetwo maythenrenegotiateor agentD canunreserve theslot
allocatedto D1 (this part of the protocol / reasoningprocessis not shown in the
�gure). AssumingagentC can scheduleC1 to meet the needsof agentD, i.e.,
producethe desiredgoodby the desiredtime, agentC will reserve a slot for C1
but not begin C1. It will thendeterminewhenit needsthe inputsto C1, including
the output of B1, and communicatetheseneedsto agentB as an order with an
associateddeadline.Agent B then performsa similar process,communicatesan
orderto agentA, andthenthealgorithmentersanew phase.

At this point in time, the agentsall have reserved timesfor their respective tasks
andassociatedvalueswith them.During the next phase,shown in Figure15, the
agentssendbackcommitmentmessages.For example,agentA informs B that it
is committedto performingA1 andinforms B of whenthedesiredgoodswill be
availablefor usein B1. WhenthecommitmentmessagechainreachesagentD, it
thenbackpropagatesacon�rmationmessageandmovesD1 from reservedstatusto

Fig. 14.CoordinationOver theChain– Step2
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Fig. 15.CoordinationOver theChain– All Steps

performablestatus.Theotheragentsfollow suit uponreceiptof their con�rmation
messages.

This processis depictedalgorithmicallyin Figure16. The algorithmis presented
from the perspective of agentB and the top-level function, CommitmentRe-
questReceived() , is performedwhenagentB receivesa commitmentrequest
from agentC to performB1 (sothatC canperformC1).Supportfunctionsappear
toward the lower half of the �gure.

�

The codecontainspartial variablebindings,
e.g.,fromAgent C, to simplify disambiguation.The general�o w is that when
agentB receivesa commitmentrequestfrom C, it �rst checksto seeif B1 is en-
abledby anothernon-localactivity, A1 (denotingthatB1 needsraw materialfrom
anotheragentin orderto beperformed).If so,agentB �rst attemptsto scheduleB1
to seeif its constraintsarefeasiblegivenB'scurrentschedule.AssumingthatB1 is

�

Thecodepresentedimpliesa straight-lineexecutionmodel.In practice,theagentdoes
not block pendingcommunicationsandtheresponsehandlersarecalledwhenappropriate
messagesarrive.Thisenablestheagentsto performmultiplenegotiationsessionsandto be
responsive to changein theenvironment.
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Fig. 16.Partial Sketchof Algorithm Performedby AgentB Whena Requestis SentFrom
AgentC to AgentB to ObtainaCommitmentfor TaskB1
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feasible,agentB will thenattemptto obtaina commitmentfrom agentA to obtain
the necessaryraw material.If/when it doesso, it sendsa correspondingcommit-
mentto agentC for theperformanceof B1. If agentB is unableto obtaina com-
mitmentfrom agentA, it mustremove its temporary“what-if ” schedulingof B1
andsenda messageto agentC indicatingthata commitmentwill notbeforthcom-
ing. Thealgorithmillustratestheinterplayof commitmentofferingandscheduling
feasibility at a granularity�ner thanthatof theprecedingtext. Thealgorithmdoes
not, however, containcodepertainingto thenegotiationbetweenagentsover tem-
poral constraints(e.g.,delivery deadlines)or taskvalues.The former is generally
handledby having theconstrainedagentsendtherequesterano-commitmentmes-
sagewith asuggestionof atimeframethatwouldbeacceptable.Therequesterthen
hasto evaluatelocally whetheror not thenew time frameis acceptable.If so, the
algorithmpresentedin Figure16canberestartedwith differenttemporalbindings.
Value-basednegotiationis not currentlyimplementedin our framework thoughit
couldfollow aconventionalpropose-evaluate-countermodel.

Forclarity, thealgorithmabstractsanotherimportantdetail.Thestatementsched-
uleTaems(B.whatIfTAEMS) encapsulatesthe processof 1) determiningif
B1's temporalconstraintsarefeasiblefor agentB, and2) determiningif it is worth-
while to performB1 at all. This latterpoint comesinto play if agentB hasanother
goodwhosetemporalconstraintscon�ict with B1, i.e., if bothit andB1 cannotbe
produced.The point alsocomesinto play if we consideropportunitycost in our
computation.To betterillustrate the role of opportunitycostanddecommitment
cost,considerwhat happensif, in the previous example,agentC receivesa new
opportunityandconsidersdecommitting.Assumethat thenew opportunityis task
C2andthatC2 is mutuallyexclusivewith C1dueto temporalconstraints.Assume
that this opportunityarrivesafter C hascommittedto agentD to performC1. In
this situation,agentC mustcomparethe valueof performingC2 to the valueof
performingC1. SinceagentC hascommittedto the chain including C1, it must
considerseveral factorswhenassessingthevalueof C1, namely:1) its quality or
utility, whichis tiedto economicvalue,2) its cost,and3) thepenaltyfor decommit-
ting or decommitmentcost.Whenassessingthevalueof C2(beforeacommitment
is offered),agentC cansimplyconsiderits qualityandcost.In ourapplication,the
costfor decommitmentis a functionof thequalitiesandcostsof themethodsthat
comebeforeC1 in the supplychain– in this casea function of methodsA1 and
B1. This is becauseagentC's decommitmentresultsin agentsA andB producing
goodsthatdo not have market valueoutsideof thecontext of C1. Thereis alsoa
role for decommitmentcostor a penaltybeingpaid to agentD for D1's opportu-
nity cost– in this caseit could be a function of D1's quality minus its cost,i.e.,
somepercentageof amodelof agentD'spro�t for D1. Wearecurrentlyevaluating
fair but moresimplemodelsof decommitmentcostfor this application.Tying all
valuesto economicsandusingmarket mechanismsto setprices,or assumingthat
pricesre�ectedthemarketplace,wouldsimplify thecomputation.Thefocusof this
work is moreon supportingdecommitmentcostin thecontrolreasoningandlocal
schedulingof theagents.
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While thisexampleabstractstheprocessof determiningdecommitmentcostit illus-
tratestheconcept.Heretounmentionedis theopportunitycostof reservinga time
slot for acandidatetaskwhile thecoordinationchainis beingnegotiated.Currently,
this is not consideredby theagents– at issueis whetheragentD shouldreserve a
slot for sometask,e.g.,D9, if D9 is not very pro�table givenD's taskhistory or
generalmargins.Reservinga slot for D9 meansthat while D is negotiatingover
thechainit cannotreasonappropriatelyaboutnew tasksthatarrive (whichmaybe
of highervalue)if saidtaskshave temporalconstraintsthat interactwith D9. This
problemonly occurswhile a chain is beingpropagated.Onceit is con�rmed, D
canreasonaboutdecommittingfrom D9 andrespondto new opportunities.This
hasnot beenaddressedbecausethecoordinationepisodeis generallyregardedas
takingon theorderof seconds.However, if thecoordinationprocessinvolvedhu-
manoperatorssothatthetimewindow couldexpandto days,theframework would
have to incorporatethe valueof that reserved time slot andtradethat off against
new opportunities.

5 Abstract Formalization

Supplychainproblemshave many forms.In this paper, discussa specializedver-
sionappropriatefor discretesupplychainsthathaveparticularcharacteristics,e.g.,
zero inventory, build to order, and thosecombinedwith productionscheduling.
Fromanabstractview, oneformalizationof theproblemis asa6-tuple
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associatedwith the associatedtasksis maximized.This is an optimizationprob-
lem (not a satisfactionproblem)thusdifferenttaskshave differentvaluesandit is
entirelypossibleto have unsatis�abletemporalconstraintsin a givenproblemin-
stance.Note alsothe role of utility – agentsin this supplychainchoosebetween
candidateordersbasedonutility whileconsideringtemporalconstraints.Hiddenby
this abstractionis the conceptthat utilities aredependenton the partial orderings

�

. In theprevioussectionwediscussedchainsof enablementandthecharacteristic
that in a build to ordersupplychain the involved partiesneedthe transactionto
happenstart-to-�nishin orderto avoid lossin themiddleof thechain.
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6 RelatedWork

Huhnset al [11] implementedseveral methodsto automatethe constructionof
agent-basedsupplychainsby translatingUML diagramsandBusinessObjectDoc-
uments(BODs)into statemachinesthatmodeltheconversationsnecessaryfor sup-
ply chainmanagementandthat canbe thenwrappedin agents.(Figure7 in their
papershows their processwell.) Their work differsin thatthey arenot solvingthe
problemof how agentsdecidewhich requeststo ful�ll in a collaborative setting
beyondtheprotocollevel. In our work thereis a strongelementof quanti�ed and
temporaldecisionmakingor choicethatis lackingfrom theirs.Note,however, that
someof their ideascouldbeusedto framethecommunicationprocessof ourwork.

TheMASCOT [17] architecturefor dynamicsupplychaincoordinationusesblack-
boardagentsto createandmanagesupplychains.MASCOT differsfrom thework
herein its supportof mixed-initiative functionalitiesthat enabledifferenthuman
usersat different levels in a supply problemto manipulateplanning/scheduling
activities. MASCOT alsodiffers in that it generatesplanning/schedulingoptions
througha bid mechanism,i.e., consideringdifferentsuppliers.In our work, con-
straintsareresolvedby (aka“optionsaregeneratedthrough”)coordination,schedul-
ing, andnegotiation.While ourwork focuseson temporalinteractionsbetweenac-
tivities thatspanagents,thataspectof MASCOT is unclear, thoughtheblackboard
agentsincludeasophisticatedschedulingmodule.

LeveledCommitmentContracting[18] is ameansfor handlingbacktrackingsearch
in multi-agentsystems.More speci�cally, it is a commitmentinstrumentfor capi-
talizing on thepossibilitiesprovidedby probabilisticallyknown futureevents.In-
steadof conditioninga contracton the occurrenceof future events,asis thecase
with contingency contracting,a decommitmentpenaltyis built into the contract
thatallowsunilateraldecommitting.We implementa form of leveledcommitment
contracting,albeit implicitly. In our castingof the supplychainproblem,we too
provide for decommitmentcost,but it is preciselythe quality gain on a commit-
mentrequest,ex ante,andthe quality postedon a satis�ed commitment,ex post.
Thedecommitmentcostwill alwaysoutweighthequalitygainfrom acommitment
if it is disadvantageousto the multi-agentsystem.This follows from the fact that
the agentsin the supplychainarefully cooperative andthe quality for onecom-
mitmentsatisfaction is contingentuponall othercommitmentsin an orderchain
beingsatis�ed, i.e., quality gain for commitmentsatisfactionis monotonicallyin-
creasing.This doesnot mean,however, that the orderingsystemis exemptfrom
thrashingwithout a synchronizationprocedure,but thesequentialnatureof anor-
deringchainmakesthe implementationof sucha procedurerelatively easy. What
is thenrequiredis end-to-enddecisiontimeguarantees.

Shenet al. [19] detail a general,domainindependent,collaborative agentsystem
architecturewhich incorporatesstandardagentservicessuchasontology, yellow
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pages,andcentralizedlocal coordinationmanagersaswell asthe the notion of a
dynamiccooperationdomainabstractionfor groupsof cooperatingagents.While
this work identi�es the importanceof cooperation,it doesnot describeor imple-
mentquanti�ed choice/ coordinationtechnologies.

Zeng and Sycara[24] de�ne a model that can be evaluatedto identify ef�cient
combinationsof supply-chainactivities.Themodelconsistsof and/ortaskdecom-
positiontrees.Partsof asupplychainarerepresentedby thesenodes.Thesemodels
aretranslatedinto problemsfor which decisionscanbemadefollowing inventory
theorymodels.Saidmodelsdonotappearto considercommit/decommitproblems,
or theexplicit modelingof onetasks'propertiesversusanother. It is thusunclear
how �e xible thesystemis – certainlyit doesnot leveragequanti�ed choiceor se-
lection.

Barbuceanu[1] givesa representationfor tasksandconstraintson theexecutionof
tasks(behaviors)calledagoalnetwork.Obligationsandinterdictionsin his frame-
work roughly correspondto commitments(part of the TÆMS coordinationpro-
cess)or the facilitates/hindersinteractionsin TÆMS (not shown in Section2 but
relatedto TÆMSenablement).Oneagent'sauthorityoveranotheris requiredto set
anobligation.Theauthoralsodescribesa way reasoningabouttherepresentation,
whichis branchandbound,to �nd theright commitmentfor goalswhichoptimizes
theutility of thetasknetwork.

Collins et al. [5] describea MultiAgent NEgotionTestbed(MAGNET) which im-
plementscollaborationvia an auctionmodel.Agentswhich requireservicesre-
questthemvia a tasknetwork that includestaskdescriptionsandtime constraints.
Provider agentsthensendbackbidswith the tasksthat they arewilling to under-
take,whenthey cando them,andatwhatprice.A bid manager�lls in a requesting
agent's taskstructurewith an appropriateschedulefrom the bids by usingeither
anintegerprogrammingor asimulatedannealingevaluator. Their framework is not
asrich asTAEMS, andthey arenot dealingwith commit/decommitissuesthough
they areconsideringtemporalconstraintsanda choicemechanism– featureswe
considerimportant.

DavidssonandWernstedt[6] model just-in-timedistribution networksandevalu-
atecooperative MAS for managementof the networks. In this work the focusis
on high-level formal modelingof the problemspaceand the implementationof
themodelsin a simulationenvironment.Thework doesnot focuson thediscrete,
temporallysituated,anddetaileddynamicsupplychainandproductionscheduling
problempresentedin thispaper.

In generalourwork differsin thecombinationof factorsit addresses.Thesetie back
to TÆMS' rich featureset,for instance:complex processrepresentation,explicit
quanti�ed modelingof taskandprocessinteractions,explicit quanti�ed existence
of alternativewaystoperformtasksandquanti�edchoicefunctions,combinedwith

22



varioushardandsoft temporalandresourceconstraints.Coupledwith this is the
explicit effort of all of the TÆMS technologiesto supportdynamicadaptationto
situationsasthey evolve. Thusboth the agentschedulingandcoordinationtech-
nologiesaredesignednot to rely ona priori or off-line computationsanddesigned
speci�cally to alwaysevaluateoptionsfrom a quali�ed perspective.

7 Limitations, Experimental Plans,and Future Work

This paperdescribesTÆMS agenttechnologyand shows its useon an imple-
mentedsupply chain managementproblem.The technologyusedherecurrently
hasa few limitations– someof which arebeingaddressedandsomeof which are
largerissues.Onelimitation is thatwedonotcoordinateoverresources.Thechains
of interactionsdescribedabove andeasilyenvisionedby raw-to-manufacturer-to-
retailerchainsarenotactuallychainsfrom task-to-taskbut arechainsfrom task-to-
resource-to-task.In otherwords,MountainManproducesa goodthat is consumed
by theretailer. If wemodeledandcoordinatedoverthatgood,ratherthanusingtask
interactions,thesystemwouldautomaticallyhandlesituationsin whichMountain-
Man hada requestedgoodin inventoryor lacked a raw materialneededfor pro-
duction.Currentlythis functionality is partly implementedin thedomainproblem
solversof the retaileragentsandtheMountainMandomainproblemsolver could
be extendedto provide this functionalityaswell, e.g.,if goods in inven-
tory, ship and charge (do not make new production task) .
Resourcecoordinationof adifferentnaturehasbeendonebeforein TÆMS[12,10]
andtheexplicit representationof theresourcespotentiallyintroducesanadditional
level of �e xibility andsimpli�es theconstructionof thedomainproblemsolvers.

Thelargerissuethatmaynotbeobviousis thatwhencontrolis decentralizedin this
fashion,andtheproblemdecompositionitself is notstructuredbut insteadevolves,
this typeof distributedoptimizationis not alwaysguaranteedto beoptimal.When
canit fail? Whenthe problemspacesget large it is occasionallydif�cult for the
Design-to-Criteriaagentschedulerto producean optimal solution. (The general
caseof theproblemit solvesis not computable– it usesapproximationtechniques
to make thespacetractableandoperateon-line in soft real time.) Anothercasein
which it maynot beoptimal is whentheconstraintsfall in a particularway – the
partial anddistributedviews held by the agentsmay not alwayscontainenough
informationfor themto fully optimize.Thegeneralizationof thiscoordinateddeci-
sionproblemhasbeenshown to beexponential( ���������	��

������� ��� ) [15,2]which
is why in practiceimplementationsthatoperatein real-timedo not guaranteeop-
timality. With this potentialfor sub-optimalitymentioned,it is also importantto
recognizethatmosthuman-centeredbusinessprocessestodayarefar fromoptimal.
In thiswork we areseekingto improveef�ciency andreducecosts– makinggains
over theapproachescurrentlyused.
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In mostresearchthereis alwaysroomfor morerigorousempiricalveri�cation and
this work is no exception.Dependingon level andthrustof corporateinterest,we
may develop an optimal, exhaustive, centralizedcontrollerandcomparethe new
protocolfor chainsof enablementagainstthecentralizedoracle.Notethatthepur-
poseof this comparisonis not to motivatea distributedapproach– the needfor
distribution is inherentin theprivacy andautonomyissues– but to presenta yard-
stick againstwhich the approximateTÆMS agentsolutioncanbe compared.On
anunrelatedDARPA teamcoordinationproject,GPGP-derivedcoordinationtech-
nologieshavecomparedfavorablyto anoptimalcentralizedoracle[22] thoughthe
resultsdependon thegeneralcharacterof theproblemsetsandthetightnessof the
constraints.

8 Acknowledgments

We would like to acknowledgeProfessorVictor Lesserof theUniversityof Mas-
sachusettsfor hiscollaborationin bringingportionsof existingTÆMStechnologies
to Honeywell Laboratories.While someof thekey technologiesusedin this work
arenew, we startedwith a strongfoundation.We would alsolike to acknowledge
Mr. BryanHorling, of theUniversityof Massachusetts,for his technicalassistance
in portingaspectsof theTÆMStechnologiesto Honeywell andfor his supportin
their use.TÆMSandTÆMSagentshave a long historyandwe would like to ac-
knowledgethosemany otherresearcherswho havecontributedto their growth and
evolution – someof the individualsareVictor Lesser, Keith Decker, Alan Garvey,
TomWagner, BryanHorling, RegisVincent,PingXuan,Shelley XQ. Zhang,Anita
Raja,RogerMailler, andNormanCarver. We would alsolike to acknowledgethe
supportof Mr. JohnBeaneof Honeywell on thisproject.

References

[1] Mihai Barbucceanu. A negotiation shell. In Proceedingsof the 3rd International
ConferenceonAutonomousAgents, pages348–349,1999.

[2] D.S. Bernstein,S. Zilberstein,andN. Immerman. The complexity of decentralized
controlof MDPs.In TheSixteenthConferenceonUncertaintyin Arti�cial Intelligence
(UAI), pages32–37,2000.

[3] Craig Boutilier. Sequentialoptimality and coordinationin multiagentsystems. In
IJCAI, pages478–485,1999.

[4] Cristiano Castelfranchi. Commitments:From individual intentionsto groupsand
organizations.In Proceedingsof the First InternationalConferenceon Multi-Agent
Systems(ICMAS95), pages41–48,1995.

24



[5] JohnCollins andMaria Gini. Exploringdecisionprocessesin multi-agentautomated
contracting. In Proceedingsof the 5th International Conferenceon Autonomous
Agents, pages81–82,2001.

[6] PaulDavidssonandFredrikWernstedt.Characterizationandevaluationof just-in-time
productionanddistribution. In WorkingNotesof theAAMAS2002workshopon MAS
ApplicationsandProblemSpaces, 2001.To appearin aneditedcollectionin 2003.

[7] KeithDeckerandJinjiangLi. Coordinatedhospitalpatientscheduling.In Proceedings
of theThird InternationalConferenceonMulti-AgentSystems(ICMAS98), pages104–
111,1998.

[8] Keith S. Decker. Environment Centered Analysis and Design of Coordination
Mechanisms. PhDthesis,Universityof Massachusetts,1995.

[9] Bryan Horling, Brett Benyo, and Victor Lesser. Using self-diagnosisto adapt
organizationalstructures. In Proceedingsof the Fifth InternationalConferenceon
AutonomousAgents(Agents2001), 2001.

[10] Bryan Horling, Regis Vincent,RogerMailler, Jiaying Shen,RaphenBecker, Kyle
Rawlins, and Victor Lesser. Distributed sensornetwork for real-timetracking. In
Proceedingsof AutonomousAgent2001, 2001.

[11] MichaelN. Huhns,Larry M. Stephens,andNenadIvezic. Automatingsupplychain
management.In To Appearin theProceedingsof the6th InternationalConferenceon
AutonomousAgents, 2002.

[12] Victor Lesser, Michael Atighetchi, Bryan Horling, Brett Benyo, Anita Raja,Regis
Vincent, ThomasWagner, Ping Xuan, and Shelley XQ. Zhang. A Multi-Agent
Systemfor IntelligentEnvironmentControl.In Proceedingsof theThird International
ConferenceonAutonomousAgents(Agents99), 1999.

[13] Victor Lesser, Bryan Horling, and et al. The TÆMS whitepaper / evolving
speci�cation.http://mas.cs.umass.edu/research/taems/white.

[14] Victor Lesser, Bryan Horling, Frank Klassner, Anita Raja, ThomasWagner, and
Shelley XQ. Zhang. BIG: An agentfor resource-boundedinformation gathering
anddecisionmaking. Arti�cial Intelligence, 118(1-2):197–244,May 2000. Elsevier
SciencePublishing.

[15] David PynadathandMilind Tambe.Multiagentteamwork: Analyzingtheoptimality
and complexity of key theoriesand models. In 1st International Conferenceof
AutonomousAgentsandMulti-AgentSystems, pages873–880,2002.

[16] AnitaRaja,VictorLesser, andThomasWagner. TowardRobustAgentControlin Open
Environments.In Proceedingsof theFourth InternationalConferenceonAutonomous
Agents(Agents2000), 2000.

[17] NormanM. Sadeh,David W. Hildum,DagKjenstad,andAllen Tseng.MASCOT: An
Agent BasedArchitecturefor DynamicSupplyChainCreationandCoordinationin
theInternetEconomy.ProductionPlanningandControl, 12(3),2001.

25



[18] Tuomas Sandholm and Victor Lesser. Leveled commitment contracting: A
backtrackinginstrumentfor multiagentsystems. In AI Magazine, pages89–100.
AAAI Press,2002.

[19] W. Shen,M. Ulieru, D.H. Norrie,andR. Kremer. Implementingtheinternetenabled
supply chain through a collaborative agentsystem. In Proceedingsof the 1999
AutonomousAgentsWorkshopon Agent BasedDecisionSupportfor Managing the
InternetEnabledSupplyChain, 1999.

[20] R.Vincent,B. Horling,V. Lesser, andT. Wagner. ImplementingSoftReal-TimeAgent
Control. In Proceedingsof AutonomousAgents(Agents-2001), 2001.

[21] ThomasWagner, Alan Garvey, andVictor Lesser. Criteria-DirectedHeuristicTask
Scheduling. International Journal of Approximate Reasoning, Special Issue on
Scheduling, 19(1-2):91–118,1998.A versionalsoavailableasUMASSCSTR-97-59.

[22] ThomasWagner, Valerie Guralnik, and John Phelps. A key-basedcoordination
algorithmfor dynamicreadinessandrepairservicecoordination. In Under Review,
2002.

[23] ThomasWagnerandVictor Lesser. Design-to-CriteriaScheduling:Real-Time Agent
Control. In Wagner/Rana,editor, Infrastructure for Agents,Multi-AgentSystems,and
ScalableMulti-Agent Systems, LNCS. Springer-Verlag, 2001. Also appearsin the
2000AAAI SpringSymposiumon Real-Time Systemsanda versionis availableas
Universityof MassachusettsComputerScienceTechnicalReportTR-99-58.

[24] D.D. ZengandK. Sycara.Agentfacilitatedreal-time�e xiblesupplychainstructuring.
In Proceedingsof the 1999AutonomousAgentsWorkshopon Agent BasedDecision
Supportfor Managing theInternetEnabledSupplyChain, pages21–28,1999.

26


