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Abstract Thispaperexaminestwo approachesto multi-agentcoordination.Oneapproach
is primarily decentralized,but hassomecentralizedaspects,the other is pri-
marily centralized,but hassomedecentralizedaspects.Theapproachesarede-
scribedwithin thecontext of theapplicationsthatmotivatedthemandarecom-
paredandcontrastedin termsof applicationcoordinationrequirementsandother
developmentconstraints.
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In this paperwe examinetwo differentapproachesto multi-agentcoordi-
nationin the context of two differentmulti-agentapplications.In oneappli-
cation,a centralizedapproachis usedto coordinatetheactivities of different
agents. In another, a distributed approachis usedbut interestingly, the dis-
tributedapproachstill containselementsof centralizationor global synchro-
nization.Thesetwo applicationsarenot a completesetof applicationclasses
for multi-agentsystems(MAS) but they illustratepossiblepoints in a larger
continuum. The interestingelementof the applicationsis how differentdo-
maincharacteristicsleadto differentapproachesto coordination.

Beforewedelve into theapplications,it is worthwhileto askthebasicques-
tion of “what is coordinationandwhendoweneedit?” Typicallyamulti-agent
systems(MAS) modelof developmentis pursuedwhendistributed process-
ing anddistributedcontrolarerequired.As with otherdistributedprocessing
models,oneimportantproblemof MAS researchis how to obtaingloballyco-
herentbehavior from the systemwhenthe agentsoperateautonomouslyand
asynchronously. In general,whentheagentsshareresourcesor thetasksbeing
performedby theagentsinteract,theagentsmustexplicitly work to coordinate
their activities.£ Considera simple physicalexample. Let two maintenance



robots,R1 andR2,beassignedthejoint taskof moving a long tablefrom one
room to another. Let both robotsalsohave an assortmentof other indepen-
dentactivities thatmustbe performed,e.g.,sweepingthe �oor . Assumethat
neitherrobotcanlift thetableby him/herself.In orderfor therobotsto move
the table togetherthey mustcoordinatetheir activities by 1) communicating
to determinewheneachof therobotswill beableto schedulethe tablemov-
ing activity, 2) possiblynegotiatingover the time at which they shouldmove
the table together, 3) agreeingon a time, 4) showing up at the table at the
speci�edtime,5) lifting thetabletogether, andsoforth. This is anexampleof
communication-basedcoordinationthatproducesatemporalsequencingof ac-
tivitiesenablingtherobotsto interactandcarryoutthejoint task(overashared
resource– thetable). Without thecoordinationprocess,it is unlikely that the
tablewould ever be moved asdesiredunlessthe robotsrandomlydecidedto
movethetableatthesamemomentin time. Notethatif therobotsaredesigned
to “watch” eachotherand“guess”whentheotheris going to move the table
that this is an instanceof coordinationby plan inferenceandstill countsasa
coordinationepisode.In general,achieving globalcoherencein aMAS where
tasksinteractrequirescoordination.

In therobot/tableexample,thecoordinationepisodeis peer-to-peer. Imag-
ine now a room full of maintenancerobots,eachhaving multiple joint tasks
with otheragentsandall sharingphysicalresourcessuchastoolsand�oorspace
or X/Y coordinates.Withoutcoordinationsaidroomfull of robotswouldhave
much in commonwith a preschool“free play session”with robotsmoving
about,unableto performtasksdueto obstacleavoidancesystemsalwaysdi-
vertingthemfrom theirdesireddirectionsor dueto thelackof a requiredtool.
Therearetwo primarywaysto coordinatethis roomfull of robots– eitherin
a distributedpeer-to-peer(or groupto group)fashionor in a centralizedfash-
ion. Whencoordinationis distributedeachagentis responsiblefor determining
whento interactwith anotheragentandthenhaving adialogto determinehow
they shouldsequencetheir activities to achieve coherence.Whencoordina-
tion is centralizedgenerallyoneagentplansfor theothersor managesashared
resource.Notethatin theexampleabovecoordinationfocusesonwhento per-
form agiventask.Coordinationcanalsobeaboutwhich tasksto perform,what
resourcesto use,howto performa task,andsoforth.

While the robot domain is good for illustrating conceptuallythe coordi-
nationproblem,the needfor coordinationis not limited to robots. Software
agents,humans,andsystemscomposedof mixesof agents,humans,androbots
[20] all haveaneedfor somekind of coordination.Whenthetasksor activities
of differentpartiesinteract,in asettingwherecontrolis distributed(partiesare
autonomous),coordinationis needed.

In this paperwe examinetwo differentMAS applicationsandthe coordi-
nationtechniquesthatareusedto achieve globalcoherence.Oneapplication,



I.L.S.A., is a multi-agenteldercaregiver system. The otherapplicationis a
systemfor dynamiccoordinationof distributedaircraftserviceteams.Coordi-
nationrequirementsin thesetwo systemsaresimilar – achieve global coher-
enceanddothis in “real-time” (responsetimefastenoughfor theapplication).
However, in thesetwo systemsthe coordinationsolutionsimplementedare
differentandthesedifferencesaredrivenby thedifferentcharacteristicsof the
underlyingproblemspaces.
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I.L.S.A. is amulti-agentsystemthatmonitorsanindividual in his/herhome
andautomatesaspectsof thecaregiving process.For instance,I.L.S.A. may
notify acaregiver if theindividualbeingmonitoredshouldgotoo longwithout
eating. I.L.S.A. andsystemslike it have beenof recentinterestto both the
researchandcommercialcommunities[1–3, 6, 8, 13, 14, 21, 22]. I.L.S.A. is
currentlydeployedat severalcaregiver facilitiesandhomesandis undergoing
evaluation. In this sectionwe explore the generalcoordinationissuein the
eldercareproblemspaceanddiscusstheresponseplanningandcoordination
portionsof I.L.S.A..

In I.L.S.A., differentagentsareresponsiblefor sensing,reasoningaboutthe
sensordata,decidingonacourseof action,andinteractingwith thecaregivers
andthe individual for which thesystemis giving care. Without coordination
in I.L.S.A. it would be possiblefor thesystemto exhibit undesirablecharac-
teristics. For instance,the agentsmight overburdenthe individual for which
careis beinggiven by issuinga seriesof separateremindersall within a few
minutesof oneanother, e.g.,“it is timeto takeyourmedication,” “it is timefor
lunch,” “you haven't beenmoving asmuchtoday,” “I believe theovenis on.”
Imaginethe impactof having a telephonering or a beepergo off every few
minuteswith a differentreminderfunction. Worsestill, imagineif the client
wereto fall andtheemergency noti�cation beingsentto a caregiver wasde-
layedsothattheclientcouldberemindedto eathis/herlunch.Or imaginethat
sameclient,who is unableto getup, listeningto thephonering wherethering
is causedby a reminderthat it is time to take a nap. I.L.S.A.'s MAS requires
coordination.Throughcoordinationwe canorganizethe responsesproduced
by thedifferentagentsandachieve globally coherentbehavior for thesystem
asawhole.

For the purposesof this discussionwe will usethe moniker “Lois” to de-
notetheindividualof which I.L.S.A. is takingcareandtheterm“caregiver” to
denotesomehealthcareprofessionalthatmay assistI.L.S.A. in dealingwith
certainsituations.
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TheResponsePlanningComponentof I.L.S.A.

In what immediatelyfollows, we provide moredetail aboutthe agentco-
ordinationproblemin I.L.S.A., discussthe processof selectingbetweendis-
tributedandcentralizedcoordination,de�ne the coordinationtechniqueused
in I.L.S.A. andidentify futurecoordinationissues.

�…” � � 
�� �O›¢—	� 
�
 ���A— —o¡•—	� �A—oœ �
› › š8œž¡•—��W™P¡`›¢— ¡•—

–=”��I”��ž”���”

In thecurrentimplementationof I.L.S.A. thecoordinationproblempertains
to organizingactivities over sharedresources– namelythe interfacesto the
caregiversandLois. Thereareothercandidatesfor coordinationthatwerenot



addressed,including the coordinationof multiple I.L.S.A. instancesand the
coordinationof agentswithin I.L.S.A. over taskrelationships.

I.L.S.A.'s overall architectureis documentedin [9]. Herewe focuson the
subsetof thearchitecturethatdealswith 1) decidinghow to respondto agiven
situationthatexistswith Lois, and2) coordinatingthedifferentresponsesthat
may be on going at any given momentin time. This functionality is loosely
calledresponseplanningand coordination andthe subsetof the architecture
that performsthesefunctions is shown in Figure 1. Responseplanning in
I.L.S.A. is carriedoutby multipledomainagents,eachof whichhasaparticu-
lar areaof expertise.For instance,thereis a domainagentthatmonitorsLois'
medicationandissuesremindersto her if sheforgetsto take her medication
on scheduleandissuesnoti�cations andalertsto caregivers if Lois doesnot
correcthermedicationsituation. Otherdomainagentsspecializein toileting,
eating,falls,mobility, andsleeping,to nameafew. Thedomainagentsreceive
multipledifferenttypesof input from otheragentsin thesystem.Speci�cally:

Theintent recognition[7] agentprovidesinformationon theplansLois
is likely to be performing. For instance,Lois might be cookingdinner
with somespeci�edprobability.

The sensorclusteringagentprovides �ltered sensordata, e.g., toilet
�ushes or informationfrom motiondetectors.This agentalsoprovides
theclockpulse.

Thedatabaseagentprovidesthedomainagentswith informationoncon-
ditions for which they are to monitor (e.g., track the consumptionof
medicationX) andhow they shouldrespondif aparticularcircumstance
arises.For instance,if Lois fails to take hermedication,�rst remindher,
thennotify caregiver X usingdevice Y, thenif sheremainsinappropri-
atelyunmedicatedissueanalertto caregiver Z usingdevice K.

Domainagentsalsoreceive feedbackfrom a responsecoordinator (be-
low) agentand resultsback from the device agentswhen appropriate
(e.g.,indicatingthecaregiverX hasacceptedanalertandwill handlethe
condition).

From this datathedomainagentsmonitor theenvironment,monitorLois'
condition,andrespondwhennecessary. Domainagentsrespondto problems
by interactingwith Lois or oneor moreof thecaregivers. Responsesfall into
four categories:reminders (to Lois), noti�cations (to caregiversof somecon-
dition), alerts (to caregiversof someseriouscondition),andalarms(to care-
giversof somelife threateningcondition).Thedomainagentresponsesarethe
coordinationfocal point. The responsecoordinationproblemin I.L.S.A. has
thefollowing properties:



Thedomainagentsoperateasynchronouslyandautonomouslyandgen-
erally do not interact to solve problems. The implication is that any
domainagentmaygenerateanactionrequestat any time. For our pur-
posesit is suf�cient to view actionrequestsasa requestto interactwith
acaregiver or Lois via oneof theUI devices.

Theagentsshareseveralresources,namelytheUI devicesandindirectly
thecaregiversandLois.

In additionto theresourceinteraction,actionrequestspotentiallyinter-
sectona temporalbasis.In thiscasefor thereto bearesourcecoordina-
tionproblemtherequestsmustoccurwithin acertaintemporalproximity
to oneanotheror within asystemstatewindow (below).

The responsespacefor a particular individual caregiver or a particu-
lar client (Lois) is relatively sparse,i.e., thenumberof interactionsthat
the systemneedsto have with any given individual is small over time.
We can make this characterizationbecausethe endpointsof theseac-
tion requestsarehumanandboundedby humancapacity. For instance,
Lois cannotprocess10,000interactionsa minutenor cana given care
provider.

In contrast,theloadof agivendevicemayberelatively highwhencom-
paredto theloadonanindividualcaregiveror Lois. ConsideranI.L.S.A.
installationwherethe only interactionmediumfor Lois and all care-
giversis thetelephone.Thetelephoneitself maybea bottleneckunless
usageis coordinatedaccordingly.

In additionto interactingover sharedresources,actionrequestsinteract
with eachotherthroughpriority. For instance,if thefalls domainagent
issuesan alert becauseit hasdeterminedthat Lois hasfallen, the alert
conditionshouldtake precedenceover a previously issued,but not yet
ful�lled, requestto notify acaregiver thatLois is behindon hermedica-
tion.

Action requestsalsointeractthroughsystemstate. For instance,if the
panicagentissuesanalarmbecauseLois haspressedherpanicbutton,
remindersfrom theotherdomainagents(to Lois) mustbesuppressed.

DifferentresponseshavedifferenthumaninteractionprotocolsthatI.L.S.A.
mustfollow. For instance,remindersgo to Lois. Noti�cations aresent
to caregiversbut the caregiversdo not needto explicitly acknowledge
them.Alertsaresentto caregiversandrequireexplicit acceptance– plus
alertscauseI.L.S.A. to cycle over a list of caregiversuntil oneis found
whowill acceptresponsibilityfor handlingthealert.Alarmsaresentto a



list of selectedcaregiversall atonce,in parallel.Eachof theseresponses
is furtherconditionedby device,e.g.,caregiver Bob might alwayswant
to benoti�ed via cell phoneratherthanbeeper.

Oneof the designgoalsof I.L.S.A. is to keepthe architectureopenso
that3rdpartiescanaddcustomor enhancedfunctionality.

Thedomainagentswill executein closeproximity to oneanotheror will
have a reliablenetwork connectionbetweenthem.This is necessaryfor
themto obtaininformationabouttheenvironmentandto monitorLois.

On thesurface,theresponsecoordinationproblemspacein I.L.S.A. is akin
to thatfoundin theUMASSIHome[15] project.In IHomeagentsmanagedif-
ferentappliancessuchasthehot waterheater, dishwasher, washingmachine,
coffeemaker, andcoordinatetheir activities to improve thequality of life for
theoccupants,e.g.,makingsurethat thereis suf�cient hot waterfor morning
showerswhile still gettingthelaundrydoneandthedisheswashed.In IHome
coordinationcenterson sharedresourceslike hot water, electricity, noise,and
a sharedmobile robot (simulated)that canperformselectedtaskswithin the
environment.

In bothIHomeandI.L.S.A. two primaryapproachesfor solvingthecoordi-
nationproblemsexist – centralizedanddistributed.In IHomebothcentralized
anddistributed approachesareusedandthe motivation for eachselectionis
morewell understoodtodaythanit wasat thetimethedecisionwasmade.For
resourcesthat arecharacterizedas1) not centralizedand2) not heavily con-
tested,a decentralizedapproachis used.In thedecentralizedapproachagents
are responsiblefor coordinatingon their own behalf, i.e., thereis no single
agentthat servesasthe moderatoror controller for that resource.The noise
resourceis anexampleof a resourceoverwhich theagentscoordinatein adis-
tributedfashion.For resourcesthatarecentralized,suchashotwaterwhich is
producedlocally by thehot waterheater, anagentis assignedthetaskof con-
trolling andcoordinatingusageof thecentralizedresource.In thecaseof hot
water, ahotwaterheateragenthandlestheallocationof hotwaterto individual
agentsfor their use.

Whatarethe importantdifferencesbetweenthehot waterresourceandthe
noiseresourcein IHome? How do thesedifferencesrelateto I.L.S.A.? The
hot waterresourceis inherentlycentralized.Thenoiseresourceis inherently
distributed(spatially). This is an importantdistinctionbecausenot all agents
thatmakenoiseactuallyneedto coordinatein IHome.For instance,thetelevi-
sionagentwouldnotneedto coordinatewith thevacuumcleaningagentif they
arelocatedin differentroomsof thehome. In this case,a centralizedcoordi-
nationmechanismis unnecessaryandundesirable(assumingthat theprocess
of determiningwhetheror not the agentsneedto coordinateis low cost). In



contrast,the hot waterusedby the dishwasheralwayscomesfrom the same
sourceasthehotwaterusedby theshowerwhichalwayscomesfrom thesame
sourceasthehotwaterusedby thewashingmachineandsoforth. In thiscase,
theseagentsalwaysneedto coordinatetheir activities andtheir coordination
will oftenspanmorethananindividualpairof agents.Additionally, in IHome,
hotwaterprovesto beafairly contentiousresourcesocentralizedcoordination
servesto reducemessagetraf�c andcoordinationoverhead.

To summarize,axis alongwhich to evaluatea coordinationapproachsug-
gestedby IHomeinclude1) how many agentsuseagivenresource,2) whether
the resourceis inherentlycentralizedor distributed, 3) how contentiousthe
agentsarefor theresource.Anotherissuethatarisesin IHome is whenmul-
tiple resourcesare requiredby a given agentbeforeany processingcan be
performed,e.g., the washingmachineneedsnoise,electricity, andhot water
resourcesto function. This classof resourceissuesdoesnot occurin I.L.S.A.
thoughthe�rst threecriteriaareusefulmetricsin I.L.S.A..

Now considerI.L.S.A.'s coordinationproblemas speci�ed above. If we
distill that informationandcorrelaterelateditemswe canenumeratea subset
of importantissuesto considerwhenevaluatingI.L.S.A.'scoordinationneeds:

All of thedomainagentactionrequestsinteractoverthesetof UI devices
(directly)andthesetof caregivers � Lois (indirectly).

Action requestsalso interactwith eachotherthroughsystemstateand
priority. Note thatsystemstateis a globalcondition(e.g.,systemis in
alarmstatesosuppressall remindersto Lois).

The numberof actionrequestsexpectedto be issuedby the systemis
computationallyboundedontheupsideby thesumof theprocessingca-
pabilitiesof thecaregiversplusthecapabilityof Lois, i.e.,thenumberof
requeststhesystemwill generateandprocesswill besmallby computer
standards.

The actionrequestsare lightweight activities that do not requirelarge
amountsof processingto evaluate.

The agentsdo not needto engagein negotiationactivities or perform
complex crossagenttasksequencingactivities.

BecauseI.L.S.A. mustadhereto a setof protocolsfor issuingnoti�ca-
tions, alarms,alerts,andreminders,if domainagentsaregiven direct
accessto the devicesthey musteachimplementportionsof the proto-
cols(someof theprotocolrequirementsareimplementedby thedevice
agents).

I.L.S.A. shouldsupporttheadditionof 3rdparty/ aftermarketagentsto
thesystem.
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CentralizedCoordinationPacingandMultiplexing RemindersandNoti®cations±
EachIndividual in theSystemhasaDifferentSetof Buckets

Thesepropertiescanbedistilled into a few key attributes:

Nuisancefactor – becausetheagentsinteractover a humansharedresource,
thereis an addedissueof minimizing thenuisancefactor. Without co-
ordination,for instance,it is possiblefor differentdomainagentsto ring
Lois' phoneevery two minutesto issuedifferentreminders.

Flexibility – individual tasksarenot rigidly �x ed temporally. They do not
have harddeadlinesbut insteadmustbe performedaccordingto some
overall policy, e.g.,alertsmustbeissuedasfastapossible.

Global constraints exist andthey mustbeenforced.Theseinclude:1) global
system-widepoliciesfor responsemanagement,e.g.,whenthesystemis
in analarmstateremindersarenot issued,2) globalsystem-widecontact
protocolsfor a given responsetype, e.g., for alertscontactauthorized
contacteeson their devices sequentiallyin order of priority, stopping
whenonecontacteeacceptsthealert.
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Pseudocodeof theResponsePlanner's ControlAlgorithm

Computational predictability – theratio of responsesto computationalpro-
cessingpowerwill besmall in generalbecauseall responsesmusteven-



tually involve a humancaregiver or client. The“distribution to avoid a
bottleneck”view doesn't applyhere.

Whenevaluatinga distributedcoordinationapproach,otherfactorsto con-
siderinclude:highercostof technologydevelopment,applicationspeci�c po-
tentialfor highercomputationalcostin agentcontrolproblemsolvingoverhead
andnetwork bandwidth,generallymuchharderto debug algorithms,andthat
in this applicationwe canachieve a globalview of the interactionspace(the
agentsdonothave privacy concernsasthey do in e-commerceapplications).

The endresult? Centralizationis appropriatefor responsecoordinationin
I.L.S.A.. Thisis duein partto thewayin whichthelightweightactionrequests
mayinteractanddueto theratio of requeststo caregiversthatthesystemwill
exhibit in orderto be useful. Centralizationprovidesan ef�cient pathfor re-
sponsecoordinationthat we believe will scalewith thesystemin the caseof
I.L.S.A.. Centralizationis alsoparticularlyappropriatefor I.L.S.A. because
the actionrequestsare lightweight andnot stronglysituatedtemporally, i.e.,
thedomainagentsdo not needhard(�x ed) real-timetime performanceguar-
anteesthusconsequencesof an action requestbeingdelayedby anotherare
slight (if any). Centralizedcoordinationis still required(versusno coordina-
tion) to ensurethattheagentsdo not overwhelmthecaregiversor Lois andto
ensurethatimportantmessagesaresentin atimely fashion.Centralizationalso
enablesusto encapsulatecertaintrustedbehaviors in anagentof our own de-
sign.If coordinationwereperformedin apeerto peerfashion,apoorlywritten
or malicious3rd partyagentcouldwreakhavoc with thesystemby not coor-
dinatingwell (or at all). Centralizationalsoencapsulateshumaninteraction
policy implementation,i.e.,only oneagentneedsto carryout theprotocolsfor
contactingLois or a caregiver (e.g.,�rst try pager, thentry telephone,if still
no response,contactthenext listedcaregiver usingthetelephone,etc.).

The centralizedapproachto coordinationis implementedby the response
coordinator agent,shown in Figure1. This agentis responsiblefor accepting
all actionrequests(reminders,noti�cations, alarms,alerts)from the domain
agents,coordinatingthe requests,and interactingwith the device agentsas
follows:

If multipleremindersfor Loisoccurwithin someperiodof time
�

there-
mindersaremultiplexedinto asinglemessagesothatLois only receives
onephonecall or oneemailmessagethatcontainsthesetof reminders.
Figure2 illustratesthealgorithm. Thegeneralideais to createtempo-
ral bucketsinto whichall requeststhatoccurwithin theirboundariesare
tossed. When the edgeof the temporalwindow arises,the reminders
containedin thebucket aremultiplexed andsent. The implicationsare
that somereminderswill be delayedslightly, however, this is alsothe



only way to ensurethat Lois is botheredby a reminderat mostevery
�

time units.

If multiple noti�cations for the samecaregiver occurwithin the same
interval of time, they aremultiplexed usingthe samealgorithmasre-
minders,presentedin Figure2. However, thebinningalgorithmis end-
pointdependent– noti�cationsareinsertedinto differentbucketsor bins
thanremindersandnoti�cations to differentcaregiversareinsertedinto
differentbuckets.

Whenalarmsandalertsaregenerated,they areimmediatelydispatched
to theappropriatedevicesaccordingto theappropriateprotocol(which
theresponsecoordinatorimplements),e.g.,contactall caregiversin par-
allel usingtheir �rst contactdevice. Thenmove the systeminto alarm
modeuntil acaregiver resolvesthesituationor acknowledgesthealarm.

If the systemis in a modesuchthat remindersto Lois are to be sup-
pressed(e.g.,analarmhasbeenissued),theactionrequestsarereturned
to thedomainagentsinsteadof beingissuedto Lois. Thedomainagents
aretold why therequestswererefusedandareableto reissuetherequest
atsomepoint in thefuture. If theconditionhasclearedin themeantime,
thenew requestsaregranted.Note that the taskof trackingthesystem
stateandknowing whenit is clearedis alsocentralizedwith theresponse
coordinator.

Note that device load is moderatedby the binning algorithmshown in
Figure2. If device loadbecomesa performanceissuewe canadjustthe
algorithmor implementotherprotocols,e.g.,storelow priority messages
for longerperiodsof time,easilyby changingtheresponsecoordinator's
control algorithm. (Currentlyaspectsof this classof concernsarealso
carriedforward into the implementationby usingpriority queuesat the
device agentlevel so that alarmsand alertsare always issuedbefore
remindersandnoti�cations.)

Whenactionrequestsareissuedthe device agentsrespondwith an ac-
knowledgmentof thecommunicationandpossiblywith informationthat
theenduser(client or caregiver) hasgenerated.For instance,whenan
alertis sentto acaregiverhe/shecanacceptresponsibilityfor thealertor
acknowledgereceiptof thenoti�cation withoutacceptingresponsibility
for the alert. The datafrom the device agentsis sentback to the re-
sponsecoordinatorwhothenforwardsthedataontothedomainagent(s)
if appropriate.Theresponsecoordinatorneedsto bein thedevice-back-
to-domain-agentloopin orderto managesystemmodes,e.g.,alertmode
(to determinethatthealertmodeis endedtheresponsecoordinatorneeds
thecaregiver's responseparticulars).



Pseudocodefor theresponsecoordinatoragent's controlalgorithmappears
in Figure3. To illustrateits use,consideranexample.Assumethatthecurrent
time is ��� andthat thesystemis in a normaloperationsmode(i.e., not in an
alertmodeandLois is home).At �

£

themedicationagentissuesareminderto
Lois to take medication� becausesheis now 1/2 anhourpastherscheduled
dosetime. Assumethatno remindershave beenissuedfor Lois within thelast
several hours. In responseto this, the rc (responsecoordinator)will createa
new bucket for remindersto Lois, put thereminderinto thebucket, andsetan
alarmto wake up at �����
	��
��������� time in thefuture– for this examplelet us
assumethat �����
	��
��������� hasa valueof � veminutes.At ��� theeatingagent
issuesa reminderto Lois to eatbreakfastasshehasnot donesoandherusual
breakfast time haspassed.In responseto this the rc checksfor buckets,as-
certainsthatoneis currentlyactive, insertstheeatingreminderinto thebucket
andgoesbackto waitingfor thealarmit setwhenthe�rst reminderarrived.At

��� themedicationagentissuesanew reminderto Lois to consumemedication
�

becausesheis now 1/2 anhourpastthatscheduleddoestime also. The rc
insertsthenew reminderinto the existing bucket andresumeswaiting for its
wake up notice. At ��� the rc receives its wakeupnoti�cation from the time
agent,wakesup, checksthestateof its cachedactionrequests,andissuesthe
remindersto Lois. Assumein thisscenariothatLois prefersremindersto come
via telephonecall andautomatedaudioratherthanvia webpadbecausehervi-
sionis not verygoodandthewebpadis dif�cult for herto focuson. At ��� the
phoneringsandI.L.S.A. remindsLois to take medications� and

�

andto eat
breakfast. Without the rc I.L.S.A. would have calledLois threetimesduring
this scenario.Now, at �

£��

let thefalls agentdetectthatLois hasfallenon the
stairs. The falls domainagentthensendsthe rc an alarmactionrequest.In
responseto therequesttherc immediatelyshiftsthesysteminto analarmstate
andpassesthealarmto theappropriatecaregivers. In thecaseof analarm,all
registeredcaregiversarenoti�ed in parallelon their1stchoiceof device. Thus
in this caseI.L.S.A. sendsthealarmto caregiver Betty via webpad,caregiver
Bill via telephone,andcaregiver Becky via pager. While I.L.S.A. is commu-
nicatingthealarmto thecaregivers,themobility agentdeterminesthatLois is
not gettingherusualamountof exerciseandissuesa reminderto herto move
aboutandexercise.Whenthe rc receivesthe reminderrequest,it checksthe
systemstate,determinesthatI.L.S.A. is currentlydealingwith analarmsitua-
tion, andrejectsthereminderrequest.Themobility agentreceivestherefusal,
doesnot clearits own trigger, andwaitsfor someinterval beforetrying again.
In the interim, caregiver Bill hasagreedto seeto Lois andhasindicatedthis
to I.L.S.A.. Whentheindicationreachestherc it clearsthesystem-widealarm
modeandsendsnoti�cations to the othercaregivers that Bill is handlingthe
situation.



In thisexample,thecentralizationof responsecoordinationis whatenables
thesystemto multiplex noti�cations for Lois andto enforcesystem-widepoli-
cies aboutmodes(e.g., when in an alarm state,don't issuereminders)and
policies aboutcontactingcaregivers. Without a centralizedrc eachdomain
agentwould have to implementall thesystem-widepolicies,andbetrustedto
do so,andeachdomainagentwould have to dialog with the othersto deter-
mineif noti�cationsor reminderscouldbemultiplexed.Thisrequirescomplex
coordinationcontrolin eachdomainagentandatemporalcontrolreasoningca-
pability in thedomainagentsbeyondthatrequiredwith thecentralizedsystem.
Thebottomline is thatcentralizationgreatlysimpli�es thecontrolin thisappli-
cationandit ensuresthattrustedHoneywell agentsimplementthesystem-wide
policies.

It is importantto notethatcentralizationin thegeneral casemaynotalways
bedesirable.Centralizationcanleadto alocalizedperformancebottleneckand
createsa systemwith a singlepoint of failure. If theagentsarespatiallydis-
tributedcentralizationalso introducesnetwork uncertainty, latency, andcon-
nectivity issuesso that even if the centralizedcoordinatoris still online and
functioningagentswho areunableto connectareunableto coordinate.Other
issueswith centralizationincludescaleandcomputationallimitations– if co-
ordinationrequiresdeeptemporalanalysisit is unlikely thatany singleagent
couldhandlethecoordinationproblemof evena fairly modestMAS. Otheris-
suesthatareparticularlyimportantfor agent-basede-commercearelocalized
control andinformationhiding or privacy. In general,we stronglyadvocate
a distributed approachlike that usedin our supply chain research[26] and
other researchthat is basedon TÆMS [4], DTC agentscheduling[25], and
GPGPagentcoordination[4]. However, asenumeratedabove, I.L.S.A.'s re-
quirementsaredifferentandthe characteristicsof the currentandnearterm
problemspaceleadus to a centralizedapproach.It appearslikely that other
caregiver applicationswill have similar characteristicsandmotivatea similar
centralizedresponsecoordinationapproach.
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Aircraft returningfrom anengagementneedrefuelingandpotentiallyneed
new ordinanceandrepairs.Theaircraftareservicedby multiple differentser-
vice crews thathave differentcapabilitiesandrequiredifferentresourcesand
thatmustcoordinateto effectively preparetheaircraftfor anothermission.For
instance,it may not be desirableto servicethe engineswhile new ordinance
is beingloaded.Similarly it maynot bepossibleto servicetheengineswhile
refuelingtakesplace.In contrast,it maybepossibleto overlapsomeactivities,
e.g.,replacingthecockpitavionicswhile refuelingtheaircraft.
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TheSimulationEnvironmentandStatusDisplay

In this section,we explore theuseof agenttechnologiesto coordinateair-
craft serviceteamsandpresenta new TÆMS[5] coordinationalgorithmused
to coordinateserviceteamactivity. Theperformanceof thealgorithmis com-
paredto a centralizedschedulingoraclethat generatesoptimal schedulesfor
theteams– thoughthecentralizedschedulingproblemis exponential,theor-
acleprovidesa goodbasisfor comparisonon smallerprobleminstances.A
screenimageof the applicationis shown in Figure4. Note the “busy” task
structurein thecenterof thescreen– it is partof theof thecentralizedcoor-
dinationproblemthattheagentssolve throughdistributedandlocal reasoning
with partialviews (thecentralizedview is thatof thesimulationenvironment).
In the following sections,we specify the problemspace,de�ne a new key-
basedcoordinationalgorithm, and comparethe algorithmto the centralized
oracle.
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We usetheexpressionTÆMSagentsto describeour agenttechnologybe-
causethe cornerstoneof our approachis a modelinglanguagecalledTÆMS
(TaskAnalysisEnvironmentModelingandSimulation)[5]. TÆMSis a way
to representtheactivities of a problemsolving agent– it is notablein that it
explicitly representsalternative differentwaysto carryout tasks,it represents
interactionsbetweenactivities,it speci�esresourceuseproperties,andit quan-
ti�es all of thesevia discreteprobabilitydistributionsin termsof quality, cost,
andduration.Theendresultis a languagefor representingactivities thatis ex-
pressive andhasprovenusefulfor many differentdomainsincludingtheBIG
informationgatheringagent[18], the IntelligentHomeproject(IHome) [15],
the DARPA ANTS real-timeagentsensornetwork for vehicletracking[11],
distributedhospitalpatientscheduling[4], andotherslike distributedcollabo-
rative design,processcontrol,agentsfor travel planning,agentdiagnosis,and
others.

Figure6 shows portionsof TÆMStaskstructuresfor MissionControland
threeof the serviceteams. Considerthe Mission Control task structure. It
is a hierarchicaldecompositionof a top level goal which is simply to Pre-
pare and Launch Aircraft . Thetop level goal,or task,hastwo sub-
taskswhich are to Prepare and Launch Wing1 and Prepare and
Launch Wing2 . Eachof thesetasksaredecomposedinto subtasksto service
aparticularaircraftin thegivenwing,e.g.,Prepare F16.1 For Launch ,
and�nally into primitiveactions.Tasksarerepresentedwith oval boxes,prim-
itiveactionswith rectangles.Notethatmostof thedecompositionsareomitted
from the �gure for clarity. The detailsareshown for the Prepare F16.1
For Launch task– it is decomposedinto asingleprimitiveaction,Launch
F16.1 , whichdenotesthetimerequiredfor MissionControlto launchtheair-
craft whentheplaneis ready. Theoperative word hereis ready. In orderfor
a given aircraft to be launchedon its next mission,it mustbe serviced.The
serviceactivitiesarenotcarriedoutby MissionControl. In the�gure, Mission
Control's dependenceon theactivities of theserviceagentsis denotedby the
edgesleadinginto Launch F16.1 from theactionsof otheragents.These
edges,calledenablesin TÆMS,denotethattheotheragentsmustsuccessfully
perform their tasksbeforethe Launch F16.1 activity can be carriedout
by MissionControl. Theseenablesarenon-local-effects(NLEs) andidentify
pointsoverwhichtheagentsmustcoordinate.ThetimeatwhichMissionCon-
trol canexecuteLaunch F16.1 is dependenton whentheotheragentsper-
form their tasks.A differenttypeof NLE existsbetweentheWeaponsControls
RepairagentandtheAvionicsRepairagent– thetwo F16.1actionscannotbe
performedsimultaneouslyandthatis anotherpointoverwhichtheagentsmust
coordinate. In this problem,this spatial/temporalinteractionof the service



teamsis thecoordinationproblemonwhichwefocus.Theformerenabling-of-
the-launch-taskinteractiononly requiresthattheserviceagentsnotify Mission
Controlof whenthey planto performtheiractivitiesbecausein thisapplication
Mission Control setsandmaintainsdeadlinesandthe otheragentsnegotiate
over the temporal/spatialMUX NLEs to satisfy the stateddeadlinesif pos-
sible. Note that within a taskstructuredeadlinesandearliest-start-timesare
inherited(unlessthoselower in thetreearetighter)sothetemporalconstraints
on Prepare and Launch Wing1 alsoapply to Launch F16.1 . The
samedeadlinesarepropagatedthroughtheenablescoordinationto theservice
teamagents– notethatF16.1's enginesmustbeservicedby 240also.

Note that all of the primitive actions(leaf nodes)also have Q (quality),
C (cost), and D (duration)discreteprobability distributions associatedwith
them. For simplicity in this paperwe do not useuncertaintyandall values
will have a densityof 100%. Repairingthe enginesof F16.1thustakes200
time units while servicingthe enginesof F16.2,which arelessdamaged,re-
quires150 time units. The two activities producequalitiesof 12 and 9 re-
spectively. The sum() function undermost of the parenttasksis called a
quality-accumulation-function or qaf. It describeshow quality (akin to utility)
generatedat the leaf nodesrelatesto the performanceof the parentnode. In
this casewe sumthe resultantqualitiesof the subtasks– otherTÆMS func-
tionsincludemin, max,sigmoid,etc.Quality is adeliberatelyabstractconcept
into which otherattributesmaybemapped.In this paperwe will assumethat
quality is a functionof theimportanceof therepair. �

In the sampletaskstructurethereis alsoan elementof choice– this is a
strongpartof theTÆMSconstructandimportantfor any dynamicenvironment
in which resourcesor time may be constrained.The Repair Aircraft
Engines task,for example,hastwo subtasksjoinedunderthesum() qaf. In
thiscasetheEngineRepairagentmayperformeithersubtaskor it mayperform
both dependingon what activities it hastime for andtheir respective values.
The explicit representationof choice– a choice that is quanti�ed by those
discreteprobability distributions attachedto the leaf nodes– is how TÆMS
agentsmakecontextually dependentdecisions.

By establishinga domainindependentlanguage(TÆMS) for representing
agentactivity, we have beenableto designandbuild a coresetof agentcon-
structioncomponentsand reusethem on a variety of different applications
(mentionedabove). TÆMSagentsarecreatedby bundlingour reusabletech-
nologieswith a domainspeci�c component,generallycalleda domainprob-
lem solver, that is responsiblefor knowing andencapsulatingthedetailsof a
particularapplicationdomain.

It is suf�cient tounderstandthatTÆMSagentshavecomponentsfor schedul-
ing andcoordinationthatenablethemto 1) reasonaboutwhat they shouldbe
doingandwhen,2) reasonabouttherelativevalueof activities,3) reasonabout
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A Single TáMS-basedAgent Readyto CoordinateIts Activities With Other
Agents

temporalandresourceconstraints,and4) reasonaboutinteractionsbetween
activities beingcarriedout by differentagents.A high-level view of a TÆMS
agentis shown in Figure5; everythingexceptfor thedomainproblemsolver is
reusablecode.Notethateachmoduleis a researchtopic in its own right. The
agentscheduleris theDesign-to-Criteria[19, 25, 27] schedulerandthecoor-
dinationmoduleis derivedfrom GPGP[4]. Othermodules,e.g.,learning,can
beaddedto thisarchitecturein asimilar (conceptual)plugandplay fashion.
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For thedynamicaircraft readiness(DAR) projectwe simulatedaircraft re-
turningfrom anengagementandneedingrepairsandreadinessoperationsto be
performed.Threetypesof aircraftaremodeledin theprototype:F16s,A10s,
andC9 surveillancecraft. Whenan aircraft returnsit is potentially in need
of (to varying degrees):1) fuel, 2) missiles,3) repairsto engines,4) repairs
to cockpit avionics, or 5) repairsto cockpit weaponscontrols.� Eachincom-
ing aircraftis assigneda deadlineby which it is to bereadyfor redeployment.
Mission Control is responsiblefor assigningthe deadlineandfor identifying
theareasof theaircraftthatneedservice.

Thereare� ve teamson thegroundthatreadytheaircraftfor theirnext mis-
sion. Eachteamis controlledby a coordinationdecisionsupportagentthat
usesTÆMSagenttechnologyto reasonaboutwhattheteamshouldbedoing,
when,andwith which resources.In this scenariothe following teamshandle
aircraftpreparation:1) refuel,2) rearm(replacesdepletedmissiles),3) avion-
ics repair, 4) weaponscontrolsrepair, and5) enginesrepair. As aircraft land
the Mission Control agentnoti�es the serviceteamsof the aircrafts' service
needsandreadinessdeadlines.Theagentsthencommunicatewith oneanother
andreason,in adistributedfashion,abouthow theirtasksmayinteractandhow
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TasksInteractionsIndicatedby NLEfor Non-LocalEffect. In thispaper, NLEsareall
mutualexclusionwheretasksthatinteractcannotbeperformedonthesameaircraftat thesame
time (spatial+ temporalMUX). OtherNLEs supportedincludeeffects like hinderingwhere
taskscanbeperformedtogetherbut will slow eachotherdown in somequanti®edway.

bestto selectandsequenceoperationssothatthemostaircraftcanbereadyby
their respective launchtimes(if possible– not all probleminstancescontain
fully satis�ableconstraints).Theagentsperformthiscoordinationusinganew
coordination-key algorithmpresentedin latersections.

In this scenariothetasksrequiredto repairanindividual planedo not need
to beperformedin any speci�c sequence,however, therearesetsof tasksthat
cannotbeperformedsimultaneouslybecausethey involve thesamegeographic
regionsof the aircraft. For instance,the enginescannotbe servicedwhile a
planeis rearmedasbothof theseactivities take placeon or nearthewings. In
contrast,avionicscanbeservicedwhile anaircraftis rearmedbecauseavionics
residein thecockpitregionandtherearmingtakesplaceonor aboutthewings.
A full speci�cationof taskinteractionsis shown in Table1.

Thereareseveralcharacteristicsof thisprobleminstancethatmake it ahard
problem:

The situation is dynamic – it is unknown apriori in whatstatetheplaneswill
bewhenthey returnfrom theirmission.Thustheagentsmustcoordinate
anddecidewhichoperationsto performin real-time.

Agentsmust makequanti�ed / value decisions – differenttaskshavediffer-
entvaluesandrequiredifferentamountsof timeandlaborresources.For
instance,it may not be necessaryto refuel the aircraft beforethe next
missionbut servicingavionicsmaybecritical.

Coordination is dynamic – theoperationsbeingperformedby therepairteams
interactandtheoccurrenceof theinteractionsarealsonot known a pri-
ori. For instance,until anaircraftlandsit isnotknown whetheranengine
will needservicingat thesametime thata refuelingcrew is attempting
to servicetheaircraft.

Deadlinesare present – aircraft have a deadlineby which repairsmust be
completedanddifferentaircraftmayhave differentdeadlines.Without



deadlinesan inef�cient algorithmwill generallystill serviceall of the
aircraft. Deadlinesrequirethe agentsto reasonaboutend-to-endpro-
cessesandto coordinatewith otheragentsto optimize their activities.
(This type of agentcoordinationproblemis conceptuallydynamicdis-
tributedscheduling.)

Tasksare interdependent – tasksinteractin twodifferentways:1)overshared
resourcesin a spatial/temporalfashion,2) multiple tasksmustbe per-
formed to accomplisha goal, e.g., � 	�� ������� �
	��
	��������
��� ��	���	 �����

����������������� �
��	 � �! � 	��#" ���$��% �����&	 ��'(�#� �
��	 � �) +*,*,* (thoughin TÆMS
thisgenerallypertainsto degreesof satisfactionratherthanabooleanor
binaryvalue).

Not alwayspossibleto meetall deadlines –notall probleminstancesaresolv-
ablein thesensethatin a givenscenario,it maybepossiblethattheop-
timal solutionis to missoneaircraftdeadlineratherthanmissingmany
deadlines.Whencontrol is distributed, this characteristiccanmake it
particularlydif�cult to converge on a solutionbecauseit is dif�cult to
know whetheranoptimalresulthasbeenachieved(without a complete,
global view anda centralizedschedulingtechnology). This character-
istic meansthat it is fairly easyfor a coordinationalgorithmto leadto
many planesbeingpartiallyservicedandnoneof themactuallymeeting
their deadlines.

Thisprobleminstancerequiresthreeclassesof simulationactivities: 1) sim-
ulatingtheoutcomeof thelastmissionin termsof aircraftcondition,2) simu-
latingtheactivitiesof MissionControlandtheinitial damageassessmentteam,
3) simulatingthe activities of the repaircrews. While detaileddescriptionis
beyondthescopeof thepaper, from a high level, theaerialbattleis simulated
usingeithera problemspacegeneratoror a humangeneratorwho selectsair-
craft from apaletteand“breaks”theaircraft.Theactivitiesof MissionControl
andtheinitial damageassessmentteamarecapturedin TÆMStaskstructures
that are producedby the generationtools. In essence,the Mission Control
agent“sees”anaircraftfor the�rst timeat its speci�edlandingtimeandat that
sametimeadescriptionof theaircraft's serviceneedsis transmittedto Mission
Control in TÆMSformat. MissionControlthendisseminatestheinformation
to the serviceteams.The activities of the serviceteamsaresimulatedusing
theTÆMSagentsimulationenvironment[24]. In thisenvironmenttheagents,
whicharedistributedondifferentmachinesandexecuteasdifferentprocesses,
communicateand carry out simulatedtasks. The simulatedtasks,like real
tasks,take a speci�edamountof time to executeandconsumeresources,e.g.,
replacinganavionicsmoduleof type1 consumesonetype1 avionicsmodule.

Spaceprecludesa detailedspeci�cation of tasksand attributes,however,
it is importantto note that different tasksrequiredifferent resources,differ-
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Portionsof the TáMS Task Structuresfor Mission Control and Threeof the
ServiceTeamAgents

entamountsof resources,andrequiredifferenttime to perform.For instance,
refuelingan aircraft that is fully depletedrequiresmore time andconsumes
morefuel (a resource).Otherexamples:repairingenginesdamagedto level 4
(heavily damaged)requiresmoretime thanenginesthataredamagedto level
1 (lightly damaged),rearmingfour missilesrequiresmoretime thanrearming
two missiles,etc. Similarly, differentaircraftconsumedifferentresourcesand
not all aircraftneeda particularclassof service.For instance,theC9 surveil-
lanceaircraftdoesnot carrymissilesanddoesnot containa weaponscontrols
module. In contrast,both the A10 andthe F16 carry missilesandboth have
weaponscontrolsmodulesbut the modulesfor the two aircraft aredifferent
andrequiredifferentamountsof time to service. The teamsthemselvesalso
maintaindifferentresources,e.g.,therefuelingteamis theonly teamthatcon-
sumesthe fuel resource.However, in the probleminstancediscussedin this
papertheteamsdonot interactoverconsumableresourcessothecoordination
problemis oneof spatialandtemporaltaskinteraction.

Thecharacteristicsof thesolutionto thisparticularapplicationproblemcan
be found in otherproblemdomains.The underlyingtechnicalproblemis to
coordinatedistributedprocessesthataffect oneanotherwhentheenvironment
is dynamicandthecoordinationproblemcannotbepredictedof�ine / a priori
but insteadmustbesolvedasit evolves.

� ”�� �
› › š=œ ¡•—��W™8¡`›…— � ¡���� 
 �	�

Thegoalsof coordinationin thedynamicaircraftreadinessapplicationare:
1) to adaptto a dynamicsituation,2) to maximizethenumberof planesthat
arecompletelyrepairedby their respective deadlines,3) to provide mutualac-



cessto sharedphysicalresources,4) achieve globaloptimizationof individual
serviceteam(agent)schedulesthroughlocalmechanismsandpeer-to-peerco-
ordination. Whenexaminingthe coordinationproblem,it becameclear that
this applicationdomainhasa uniquepropertynot generallyfound in TÆMS
agentapplications– for agentswhosetasksinteract,all of their taskswill in-
teract.By wayof example,all of theenginerepairtasksinteractwith all of the
refuelingtasksinteractwith all of the rearmingtasks.Similarly for the tasks
thatpertainto thecockpit.All avionicstasksinteractwith all weaponscontrols
tasks.

The implicationsof this propertyfor coordinationarethat: 1) thereis no
reasonfor a serviceteamthat operateson the wing region to interactwith a
teamthat operatesin the cockpit and vice versa� , 2) agentsthat operateon
thesamespatialarea(wing or cockpit)mustalwayscoordinatetheiractivities.
This translatesinto a discretepartitioningof theagentsinto coordinationsets,
i.e., ��� 	 ��� ��� ����� �	�#� 	 " ���
	�
 ������� 	���
 � 	#� ��	#'�
 � 	#� 	 ��� . ��� 	 ��� �����������

���

���#� 	 " ���
	 ����������������
 � 	 " ���
	 � 	#��"����$��% �����&	 ��'(��� , where ��� 	 ��� �
� �������

��� 	 ��� �����������
���

� ��� . Within eachcoordinationset the tasksof the member
agentsform a fully connectedgraphvia TÆMSnon-local-effects. This means
that for any agentof a given set,e.g.,the enginerepairagentof ��� 	 ���!� �"��� ,
to schedulea repair task it mustdialog with the otheragentsto ensurethat
mutualexclusionover the sharedresource,e.g., the wing on planeF16.1,is
maintained.

Thiscoordinationproblemcouldbesolvedin typicalGPGP[5, 4, 16] fash-
ion. However, GPGPoperatesin apairwisepeer-to-peerfashion.For agentsin

��� 	 ��� ��� �"��� thismeansthatcoordinationcouldrequireasigni�cant amountof
timeto propagateandresolve theinteractingconstraintsandit is uncleargiven
thedynamicsof theenvironmentandthespeedwith which coordinationmust
occurwhetherconvergenceonareasonable,if suboptimal,solutionwouldever
occur. � Becauseof thestronginterconnectednessof thetasksandthepartition-
ing of agentsinto coordinationsets,wedevelopedanew algorithmfor problem
classesof this type.#

The algorithm usesa coordination key datastructureand conceptsfrom
token-passing[23, 12] algorithmsto coordinatethe agents.The generalop-
erationof thealgorithmis that thereis onecoordinationkey percoordination
setthat is passedfrom agentto agentin a circular fashion.Whenanagentis
holding the coordinationkey for its coordinationset, it can1) declareits in-
tendedcourseof action/ schedules,2) evaluateexisting proposalsfrom other
otheragents,3) con�rm or negateproposalsof otheragents,4) make its own
proposals,or 5) readcon�rmationsor negationsof its own proposalsby other
agents.Thecoordinationkey itself is thevehicleby which this informationis
communicated.Eachkey containsintendedcoursesof action,proposals,and



If (coordinationKey is not null) and

   (needCoordinate or coordianationKey.othersNeedCoordinate) {


primarySchedule = evaluate(taems,

coordinationKey.getPrimaryDontCommitments());


if (coordinationKey.getSecondaryDontCommitments()

    interractWith taems.getDeadlineCommitments()) {


secondarySchedule = evaluate(taems,

coordinationKey.getSecondaryDontCommitments());


if (primarySchedule.quality > secondarySchedule.quality) {

preferredSchedule = primarySchedule;


                  coordinationKey.discardSecondaryDontCommitments();

} else {


preferredSchedule = secondarySchedule;

coordinationKey.replacePrimary-


DontCommitmentsWithSecondaryDontcommitments()

}


} else {

preferredSchedule = primarySchedule;


}

taems.setSchedule(preferredSchedule);

violatedDeadlines = taems.getViolatedDeadlines(preferredSchedule);

newViolatedDeadlines = violatedDeadlines.getNewDeadlines();

whatifDontCommitments = coordinationKey.getPrimaryDontCommitments();

whatifDontCommitments.discardInteractions(newViolatedDeadlines);

whatifSchedule = evaluate(taems, whatifDontCommitments);

if (whatifSchedule != preferredSchedule)


coordinationKey.addSecondaryDontCommitments(whatifSchedule);

whatifViolatedDeadlines = taems.getViolatedDeadlines(whatifSchedule);

taems.markAsOldDeadlines(whatifViolatedDeadlines)


}

oldViolatedDeadlines = violatedDeadlines.getOldDeadlines();

communicateDeadlineViolation(oldViolatedDeadlines);
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Pseudo-codeof anIndividual Agent's CoordinationReasoning

proposalresponses,andthis informationis modi�ed astheagentscirculatethe
givenkey. Thepseudo-codeof thealgorithmis shown in Figure7.

Thecoordinationkey algorithmis effective but approximateandheuristic.
The crux of the matteris that in orderfor the agentsto coordinateoptimally
over a singleissue,e.g.,whenagentX shouldperformtask �

£

, thekey must
circulatethroughthe coordinationsetmultiple times. The numberof times
that eachagentmusthold the key is dependenton the changesmadeduring
eachiteration. In theworst caseeachagentwill have to re-sequenceeachof
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TheCentralizedExhaustiveSchedulingOracleHasAn OmnipotentView ± Figure
Shows OneSchedulingInstance

its � activitiesoncefor everychangethatis made,but thesechangespropagate
to the other agentsso the circulation-to-convergence factor is � � �

�

� rather
than � � ��� � (where � is a constant). The coordinationkey algorithmabove
multiplexeschangessothatin agivenpassthroughacoordinationsetmultiple
changesareconsideredby theagentsat once.

We hypothesizedthat in someprobleminstancesthe algorithmwould fail
to �nd an optimal solutionbut that in mostprobleminstancesit would per-
form well. To test this hypothesiswe createda centralizedglobal scheduler
that createsschedulesfor all of the agentteamsvia exhaustive search. The
centralizedschedulingproblemis exponential,however, for instanceshaving



Mean# SolutionsPossible
Exp Num MissingX Aircraft Deadlines

Class Trials X=0 X=1 X=2 X=3 X=4 X=5 X=6

A 32 .31 1.09 .75 .31 .13 0 0
B 32 .31 2 3.1 3.6 2.9 0 0
C 32 0 3.2 13 24.1 16.3 2.53 .4
D 28 0 3.1 16.8 33.0 49.6 36.3 2.7

Characteristicsof SolutionGeneratedby CoordinationKeys
Exp Num Median StdDev %-tile %-tile %-tile
Class Trials Mean %-tile %-tile of %-tile Same Better Worse

A 32 1.13 1.0 1.0 0 .80 0 .20
B 32 1.5 .98 1.0 .12 .58 .02 .41
C 32 2.1 .97 1.0 .08 .38 .03 .62
D 28 2.4 .98 1.0 .04 .26 .02 .73
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ResultsComparingCoordinationKeys to Exhaustive and Optimal Centralized
ScheduleGeneration

lessthan 11 total repairsthe exhaustive scheduleris responsive enoughfor
experimentation.� Becausetheprobleminstancepresentedhereusesa subset
of TÆMSfeatures,thecentralizedscheduleris designedto solvearepresenta-
tion of exactly thesubsetneeded,i.e., it doesnotperformdetailedTÆMSrea-
soningbut insteadmaintainsthe requiredconstraints(e.g.,deadlines,earliest
starttimes,serviceteamscanonly serviceoneaircraftat a time,andonly one
serviceteamcanwork in acockpitor thewing regionatagivenpoint in time).
The centralizedscheduleralgorithmis outlinedin Figure8. The function of
thecentralizedscheduleris twofold. First, it determinestheminimumnumber
of aircraftdeadlinesthatwill bemissedby anoptimalsolution.In somecases
all deadlinescanbemetandin othersaircraftdeadlinesrepresentunsatis�able
constraints.The secondrole of the centralizedscheduleris to determinethe
relative sizeof the differentsolutionspaces.For instance,for a given prob-
lem theremay be zero solutionsthat don't miss any deadlines,X (optimal)
solutionsthat miss one aircraft deadline,Y solutionsthat miss two aircraft
deadlines,Z solutionsthatmissthreeaircraftdeadlines,etc.By tabulatingthis
informationwe candeterminea percentilerankingfor thesolutionsproduced
by thedistributedcoordinationkey algorithm.Thecentralizedschedulerdoes
not competewith thedistributedcoordinationkey algorithmon a completely
level playing �eld. The centralizedschedulerseesall the repairsthat will be
neededfor all planeson a givenprobleminstanceat time 0. Theagentsin the
distributedsystemonly seerepairsastheaircraft land. Thus,for the instance
shown in Figure8, the serviceteamagentswill not seeaircraft A10.1 until
time 25 (whenit lands).At this time they maybecommittedto a suboptimal



courseof actionthat thecentralizedomnipotentschedulerwill avoid because
it canseeA10.1's repairsat time 0 alongwith all of theotherrepairsthatwill
needto bescheduled.This differenceis dueto a needto keepthecentralized
schedulerdevelopmentcostsdown andhasits rootsin design/implementation
issueswith thesimulationenvironment.A relatedbiasin favor of thecentral-
ized scheduleris that the distributedcoordinationmechanismsoperatein the
samesimulatedclock asthe repairsthemselves. This enablesthe simulation
environmentto control andmeasurecoordinationcostsbut causesa skew in
termsof the apparentcost of coordinationrelative to domaintasks,e.g., in
somecasesthetenclicks (about5 secondsin wall clock time) that theagents
requireto coordinatewill take asmuchsimulationtime asit takestheservice
teamsto rearmonemissileon an aircraft. The skew is of primary relevance
whencomparingthedistributedalgorithmto thecentralizedschedulerandis
lessof anissuewhencomparingdifferentdistributedalgorithms.

Table2 presentstheresultsof comparingthecoordinationkey algorithmto
the optimal andexhaustive centralizedscheduler. Eachrow is the statistical
aggregationof onesetof trials whereeachsetof trials is drawn from onedif-
�culty class.Therows lower in thetablerepresentincreasinglymoredif�cult
probleminstances– aircrafthaving morerepairsandtighterdeadlinesrelative
to their landingtimesandthetimerequiredfor their repairs

�

. All rowsexcept
for thelast represent32 randomtrials. Row D contains28 becauseof theoc-
casionalexceptionthrown by theexhaustive schedulercausedby runningout
of RAM. As thedif�culty increases,notethatthedensityof thesolutionspace
increasesandshifts right. This is representedby the columnsX=0, X=1, ...,
which containthemeannumberof solutionsproducedby theoraclethatmiss
0 deadlines,1 deadline,etc.,respectively. As theprobleminstancesgetharder
moreaircraftarelikely to missdeadlines.Notethatthecoordinationkey algo-
rithm generallyperformswell for all of thetestedconditions.TheMeanvalue
denotestheaveragenumberof aircraftdeadlinesmissedduringa batchof tri-
als.Themoredescriptivestatisticsarethoseaboutthepercentilerankingof the
solutionsgeneratedby coordinationkeys. This is becausehow well thekeys
algorithmperformsis determinednot by theabsolutenumberof misseddead-
lines(theaverageof which is presentedin themeancolumn)but insteadby the
solutionspossiblefor agiventrial. For instance,in sometrialsthebestsolution
possiblemay misstwo deadlines.As the dif�culty increasesthe meanvalue
for the keys algorithmincreasesbecausetherearemoreinstanceswherethe
optimalsolutionis to missonedeadline,or two deadlines,etc. Looking at the
percentiles,in experimentclassA thekeys algorithmperformedin the100th
percentile,in experimentclassB the98thpercentile,in experimentclassC the
97th percentile,andin classD (the mostdif�cult class),the 98th percentile.
Thepercentileratingis computedasfollows:



Thecentralizedschedulergeneratesall of theuniqueschedulesthatexist
for agivenindividual trial.

Theseschedulesarebinnedaccordingto thenumberof deadlinesmissed,
e.g.,in X of theschedules0 aircraftmissa deadline,in Y of thesched-
ules1 aircraftmissesa deadline,in Z of theschedules2 of theaircraft
missa deadline,etc. Think of thecentralizedschedulerasproducinga
histogramof possiblesolutionswheresolutionsarebinnedby thenum-
berof deadlinesmissed.

Let %

�������

� bethenumberof aircraftdeadlinesmissedby thecoor-
dinationkey algorithmin trial i.

Let � ��� %

�

� denotethe histogrambin in which %

�������

� falls (the
bin thatpertainsto %

���	�
�

� misseddeadlines).
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��� � is thetotalnumberof solutionsgeneratedby thecentralizedsched-
uler for trail i. � 	�	�� 	 �����&' 	 �!����� ������� is the percentilerankingfor the
coordinationkey algorithmfor trial i of thesetof 32.
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�"!�# betheoverall percentilerankingfor

onebatchof 32 trials.

In all casesthe medianpercentileis 100% and the standarddeviation is
low. Becausetherearegenerallymultiplesolutionsthatperformaswell asthe
solutionsactuallygeneratedby thecoordinationkeys, its percentileis broken
down in the last threecolumnsof Table2. The columnmarked %-tile Same
indicatesthemean% of possiblesolutionsthatmissexactlyasmany deadlines
asthekeys algorithmdid. %-tile Betterindicatesthenumberthatperformed
strictly better(missingfewer aircraftdeadlines)and%-tile Worseindicatethe
numberthat performedstrictly worse. Note that as the problemspacegets
harderthenumberof solutionspossiblethatareworsethanthosefoundby the
keys algorithmincreases.At the sametime the bandof solutionsasgoodas
thosegeneratedby keys narrows,asdoesthebandof solutionsthatarestrictly
betterthanthosefoundby thekeys algorithm.

While thedatasuggeststhat thealgorithmperformswell on average,there
arecircumstanceswherethealgorithmperformslesswell. We examinedsev-
eralsuchinstancesin detailandwhile wehave intuitionsaboutwhenthealgo-
rithm will performin a suboptimalfashion,theexperimentsin which perfor-



manceis suboptimalpertainto a morebasicissue.To illustratelet usassume
a three-aircraftprobleminstancewith thefollowing characteristics:

Aircraft F16 arrivesat time 15 with a deadlineor take-off time of 400
andrequiresrepairof enginesdamagedto level 2 (the durationof this
repairis 100).

Aircraft A10 arrivesat time18with adeadlineof 450andrequirescom-
pleterefueling(thedurationof this taskis 100).

Aircraft C9 arrivesat time 24 with adeadlineof 240andrequiresrepair
of enginesdamagedto level 2 (the durationof this repair is 100) and
refuelingof aquartertank(durationof this tank25).

TheF16landsat time 15 andtheengineserviceteamobtainsthecoordina-
tion key andschedulestheenginerepairof theF16to runfrom time17to 117.
TheA10 landsat time 18 andat time 19 therefuelteamgetsthecoordination
key andschedulesrefuelingof theA10 to last from 19 to 119. WhentheC9
landsat time 24 the engineserviceteamis thusoccupiedwith the F16 until
time 117andtherefuelingteamis occupiedwith theA10 until time 119. To
respondto theC9's landingandrepairneeds,theengineserviceteamobtains
thecoordinationkey at time25andschedulesC9's repairto runfrom time117
to time217.At asubsequenttime-step,therefuelingteamattemptsto schedule
C9'srefueling,however, becausebothrefuelingandenginerepairaremutually
exclusive tasks,theearliesttime the refuelingteamcanscheduletheC9 is at
time 217. This meansit is impossibleto servicetheC9 by its deadline(take-
off time) of 240. In responseto this pendingfailure, the refuel serviceteam
attemptsto negotiatewith theengineserviceteamvia thecoordinationkey to
obtaina wing accessslot between119and217. However, theengineservice
teamneedsthattime slot to completeits portionof theC9's enginerepairson
time. The endresult is that the C9's deadlinecannotbe met. For this same
probleminstance,however, the centralizedschedulerwas able to producea
solutionin whichall of thedeadlinesaremet.

The underlyingissueis that serviceactivities arenot interruptiblein this
probleminstance– otherwiserepairteamscould run from aircraft to aircraft
andtheoptimizationproblemwould bemuchsimpler. If activities wereinter-
ruptible,whentheC9 �rst landedeithertheengineserviceteamor therefuel
serviceteamcoulddisengagefrom their respectivecurrentactivities (servicing
theF16or theA10) andattendto theC9, which is theaircraftwith thetight-
estdeadline.The reasonthecentralizedscheduleris ableto producea better
solutionin this probleminstance– a solutionwhich eludesthedistributedco-
ordinationapproach– is that thecentralizedoracleseesall of therepairtasks
a priori. It thusconsidersthepossibilityof not servicingtheF16or A10 im-



mediatelyuponarrival so that theC9 canbeservicedby enginesor refueling
immediatelyuponits arrival andall deadlinescanbemet.

This particularperformanceissuederives from the somewhat imbalanced
playing�eld (discussedearlier)betweenthedistributedalgorithmandthecen-
tralizedoracle.Interestingly, wecanhypothesizetwo instanceswherethedis-
tributedalgorithmwill fail to performwell, evenon a level playing �eld, but
suchinstancesoccurinfrequentlyin randomlygeneratedprobleminstances–
eventhosewith tight deadlineconstraintsandnumerousrepairsperaircraft.�

One instancewherethe the coordinationkey algorithmwill perform less
well entails semi-independentcoordinationproblemsthat occur simultane-
ouslyin thecoordinationsetof morethantwo agents.Imaginea coordination
setof therearm,refuel,andenginerepairagents.Let thekey passfrom agent
to agentin the following order: rearmto refuel to engine(thenthe cycle re-
peats).Now, let usassumethatat time � therearmagentneedsa timeslot that
is held by the engineagent,andthat refuel needsa time slot that is held by
therearmagent.The implicationsarethatmultiple unrelatedproposalsmust
resideon onekey for part of the coordinationsettraversal,i.e., the proposal
from rearmto engineandtheproposalfrom refuelto rearmbothresideon the
key duringtherefuelto engineto rearmcircuit. Thekey algorithmis designed
with the assumptionthat, in general,multiple proposalswill pertainto a sin-
gle (sometimesmulti-step)coordinationprocess.Therefore,whentheengine
agentreceivesthecoordinationkey it eitheracceptsor rejectsthesetof current
proposals(from therearmandrefuelagents)enmasseeventhoughit mayonly
be affectedby the rearmagent's proposal. In this case,whenthe setof pro-
posalsarrivesandtheengineagentdeterminesthat it cannotsatisfytherearm
agent's request,it rejectstheproposalsenmasseandtheproposalfrom refuel
to rearmis never evaluatedby the rearmagent. This may result in a missed
opportunityfor therefuelagent.Theshortcomingdescribedherecanbe�x ed
by makingtheagentsmoreselective in proposalrejection.

Another instancewherethe coordinationkey algorithmmay performless
well is whena long chainof multi-stepinter-locking resourcereleasesarere-
quired. The factor at work is the algorithm's approximatelimited-cycle-to-
actionmodel. However, asnoted,neitherclassof problemsoccurfrequently
with randominstances.We arecurrentlyexploring creatinga generatorand
experimentsto testperformanceunderthesecircumstances.
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Wehaveexaminedtwo differentapproachesto coordinatingtheinteractions
of multipleagents.In thecaseof theresponsecoordinatorin I.L.S.A., amany-
to-oneresponsecollection,aggregation,anddispatchwasused.In thecaseof



theaircraftserviceteamsin theDAR application,a distributedapproachwith
sharedknowledgebetweenthe distributed agentswasused. The motivation
for eachapproachis statedin their respective sections.An interestingissue
to consideris what if onewereto pushthe differentapproachestoward one
extreme,fully centralized,or another, fully distributed.

With respectto theI.L.S.A.application– responsecoordinationcouldbede-
centralized.However, theinterestingpropertythatappearedin therepairteam
coordinationapplication,namelythedegreeof interconnectivity, alsoappears
in I.L.S.A. responsecoordination. If responsecoordinationin I.L.S.A. were
distributed,therewould needto bemultiple differentcoordinationsetswhere
eachset relatedto coordinatingthe responsesintendedfor a given recipient
(caregiversor Lois). In the aircraft serviceapplication,coordinationcenters
on sharedspatialregionsof a givenplane– all tasksof a givensetof service
teamspotentiallyalwaysinteract. For responsesbeingroutedto thesamere-
cipient,this is alsotruethoughthedegreeof interactionis not “potential” but
�x edat � , where � is thenumberof responsesin question.Oncea setof co-
ordinationsetsarede�ned in I.L.S.A., algorithmssuchasthekeys algorithm
couldbeused.However, theformationof thecoordinationsetsthemselvesre-
quiresonlinereasoningbecausetherecipientlist canbechangeddynamically
in I.L.S.A.. Thuswhenever a changeis madeto theresponsecontactlist, the
coordinationmodulesof eachof theagentswouldneedto benoti�ed andthen
engagein a protocolto form the necessarycoordinationsets(or anothersin-
gle agentcoulddo thereasoningfor themanddistribute theresults).Another
interestingcaveatof I.L.S.A. is thattheresponsenoti�cation protocolsaredif-
ferentfor differenttypesof events.For instance,analert mustbedistributedto
numerouscontactpersonnelwhereasanoti�cation mustbesent,andacknowl-
edged,by a singlecaregiver. However, if a caregiver doesnot acknowledge
a noti�cation, then a different caregiver mustbe noti�ed. This implies that
the coordinationsetsin I.L.S.A. musteither, by default, includeall possible
responsecandidatesor that whena fallbackresponsecaregiver is beingnoti-
�ed, theagentsdynamicallyform a new coordinationset(or the issuerof the
responsejoinsanexistingone).

While thekeysalgorithmusedin theaircraftserviceteamapplicationis dis-
tributed, the sharedknowledgeandsynchronouscoordinationwithin a given
coordination sethascommonaltieswith a centralizedapproach.If onewere
to pushthe aircraft serviceteamapplicationto a centralizedapproach,there
could still be differentcoordination setsanda singleagentwithin a coordi-
nationsetcouldbe assignedthe taskof doing the coordinationreasoningfor
that set. This, of course,hasthe undesirablepropertiesof centralization–
including introducinga potentialcomputationalbottleneckdependingon the
schedulingapproachused(optimalversusapproximateor heuristic).Pushing
keys theotherdirection,into a morefully distributedmodewhereeachagent



coordinatesin apeer-to-peerfashioncouldleadto system-widethrashingover
theinterconnectedissuesthatwerebeingcoordinatedover individually. Note,
however, thatwe have notexperimenteddirectlywith this andtheobservation
is basedona high-level analysisandexperience.
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With respectto I.L.S.A., coordinationcurrentlycentersonsharedresources,
i.e., the interfaceto thecaregiversandto Lois. In the future it maybeneces-
saryto coordinatetheactivitiesof theotheragentsin thesystem.For instance,
if thecomputationaltasksbeingperformedby theagentsbecomeheavyweight
enoughthatthey over burdentheprocessor, performanceof certaintasksmay
have to becoordinatedto avoid unacceptablesystemslow downs.Anotherex-
ampleis if thesensorinterpretationagentswereto only performcertainanaly-
sistasksif theoutputwereneededby oneor moreof theagentsin thesystem.
In the currentmodel, the agentswithin the systemdo not explicitly reason
aboutthe interactionsin their activities anddo not coordinateover saidinter-
actions.If agentswereto reasonaboutsuchinteractions,it is highly probable
thatdistributedtemporaltaskcenteredcoordinationlike thatusedin our other
work, basedonTÆMS/DTC/GPGP[17, 5, 4, 25,10,26], will beappropriate.

Anotherareain which coordinationwill play a role in I.L.S.A. is whenthe
I.L.S.A. systemis deployed in a multi-unit carefacility. In this setting,one
I.L.S.A. systemwill take careof oneclient but thepool of humancaregivers
will be commonacrossthe set of I.L.S.A. systems(or at leastsubsetsmay
be common). The individual I.L.S.A. systemswill thus needto coordinate
over non-emergency tasksto optimizecaregiver time andto prevent thrashing
behavior (caregiversbeingoverbooked, not having suf�cient time with each
client, etc.). I.L.S.A.-to-I.L.S.A.coordinationis anotherareathat,on thesur-
face,appearsto lend itself to a decentralizedanddistributedcoordinationap-
proachlike thatusedin TÆMSresearch,e.g.,[4].

In general,centralizationis appropriatefor responsecoordinationof anin-
dividual I.L.S.A. instance. The automatedcaregiver applicationhasdiffer-
entcharacteristicsandrequirementsthanothers,e.g.,distributedsupplychain
management,that mandatea distributedapproach.The centralizedapproach
hasproveneffectivein deploymentandwebelievehasdecreasedthenumberof
currentandpotentialdeploymentissues.Centralizationshouldbeconsidered
an appropriateoption for domainslike automatedcaregiver systemsthough
distributedcoordinationtechnologiesarerequiredto addressdifferent(classes
of) applications.

With respectto dynamicaircraft readiness,in the future, we would like
to comparethe coordinationkey algorithmto a distributed pairwise(classic
GPGPstyle)algorithm.We believe thekey-basedapproachwill performbet-



terbut this is only conjectureat thispoint. Becausethecharacterof thespatial
interactionsin this problemdiffers from that typically modeledin TÆMSthe
standardGPGPcoordinationtechniquescouldnotbeemployedwithoutmodi-
�cations to TÆMS.Dueto timeandresourceconstraints,andadesireto com-
paredistributed coordinationto a centralizedoptimal oracle,resourceswere
directedin thatfashion.

Heretounmentionedis thepossibility of creatingan ef�cient optimal cen-
tralizedschedulerfor theserviceteams.As presentedherethetaskspaceap-
pearssuf�ciently constrainedto lend itself to centralizedapproachesthat do
not requireexhaustive search.This is partly an artifact of the taskspaceas
framedfor this application– we areusinga small subsetof TÆMS features
andthe non-local-effects (NLEs or task interactions)presentedin this paper
all involve mutualexclusion.In thegeneralcase,taskinteractionsmayimpact
eachother's quality, cost,anddurations(not justdictatemutualexclusion)and
theelementof choiceis largerthanpresentedhere– thesecharacteristicscom-
binedwith differing deadlinesoftenthwart typical non-exhaustive centralized
schedulingmethodologies.More importantly, however, is the motivation for
distribution. Distribution enablesincrementaladditionof repairteams,gives
eachteamlocalautonomy(if thesimulatedteamswerehuman,they couldex-
ercisetheirown judgmentandtheTÆMStechnologieswouldcoordinatewith
the human's choiceswhenthe coordinationrecommendationis over-ridden),
removesa centralpoint of failure,andremovesthe issueof computationalor
communicationoverheadthatoccurswith onecentralizedschedulingnode.In
the broadersense,centralizationis often not possibleor not desirabledueto
privacy concerns,theneedto avoid acentralpointof failure,scalabilityissues,
or thepotentialprocessingdelay. In many instances,it is alsonot required–
considerthe discretespacesrepresentedby the differentcoordinationsetsin
this applicationbut imaginea network of 100,000agents– not all of these
wouldneedto interact,coordinate,or evenbeawareof oneanother.

� ” ��Ÿ �&— ›�� ��
�œ � � 
�—¢™ �

BoththeI.L.S.A. projectandthekeysbasedcoordinationwork rely onprior
art and the work of others. TÆMS and TÆMS agentshave a long history
and we would like to acknowledgethosemany other researcherswho have
contributed to their growth andevolution – someof the individualsareVic-
tor Lesser, Keith Decker, Alan Garvey, Tom Wagner, Bryan Horling, Regis
Vincent,PingXuan,Shelley XQ. Zhang,Anita Raja,RogerMailler, andNor-
man Carver. We would also like to acknowledge the supportof Mr. John
Beaneof Honeywell on this project. The I.L.S.A. project is a large effort at
Honeywell Laboratoriesandmany individualshavecontributedto theintellec-
tual underpinningsof theproject. Someof thecontributorsare: ChrisMiller,



Karen Haigh, David Toms, Wendy Dewing, Steve Harp, ChristopherGeib,
JohnPhelps,Peggy Wu, ValerieGuralnik,RyanVanRiper, ThomasWagner,
StevenHickman,andothers

The I.L.S.A. projectwasperformedunderthe supportof the U.S. Depart-
mentof Commerce,NationalInstituteof StandardsandTechnology, Advanced
TechnologyProgram,CooperativeAgreementNumber70NANB0H3020.The
aircraftserviceworkwassponsoredby theDefenseAdvancedResearchProjects
Agency (DARPA) and the Of�ce of Naval Researchunderagreementnum-
berN00014-02-C-0262andby Honeywell Internationalunderprojectnumber
I10105BB4. The U.S. Governmentis authorizedto reproduceanddistribute
reprintsfor Governmentalpurposesnotwithstandingany copyright annotation
thereon. Disclaimer: The views andconclusionscontainedhereinare those
of the authorsand shouldnot be interpretedas necessarilyrepresentingthe
of�cial policiesor endorsements,eitherexpressedor implied, of theDefense
AdvancedResearchProjectsAgency (DARPA), Of�ce of Naval Research,the
NationalInstituteof StandardsandTechnology, theU.S.Governmentor Hon-
eywell International.

�

›•™ 
��

1. For applicationdomainsin which theactivities of theagentsaremostlyindependent,or theactions
carriedout by theagentsareparticularlylightweight(sotheimplicationsof anintersectionareslight, e.g.,
resourcesareunlimited),explicit coordinationmaynotbenecessary.

2. Beyondthescopeof this paperis theuseof quality for commitmentsatisfactionin this application
andits role in thecontrolheuristics.

3. Notethatthis is a smallsubsetof thepossibleitemsneedingserviceor inspection± this simpli®ca-
tion is alongadimensionthatdoesnotgreatlyimpacttheutility of thecoordinationalgorithm.

4. An indirectinteractionoccurswhentheprobleminstancecontainsdeadlinesthatcannotbemet. In
suchcasesboth wing andcockpit agentsshouldforgo work on selectedplanesin order to avoid having
anentire¯eetof aircraft thatarepartially complete,noneof which arereadyfor their next mission. This
interactionis dealtwith usingvaluefor commitmentsatisfactionandalgorithms/experimentspertainingto
thattopicmustbepresentedseparatelydueto spacelimitations.

5. Notethatthis would alsoapplyto otheragentsetsif theproblemwereexpanded.

6. Comparisonbetweenthenew key algorithmandapairwisetechniqueis discussedin theconclusion.

7. The centralizedschedulerrequireson the order of 10 minutesto schedule11 repairson a dual-
processorXenon2Ghzlinux workstation.A probleminstanceof thatsizewill generateonor about241,920
schedulessomesubsetof whichareunique.

8. The seven trial parametersare: (1) land time, (2) takeoff time deadlines,(3) level of avionics
damage,(4) level of weaponscontroldamage,(5) level of enginesdamage,(6) level of rearmdamage,and
(7) refuellevel.

9. If therepairsarespreadovera largenumberof aircraftthereis little spatialresourcecontentionand
serviceteamscanbasicallyfunctionin parallel.
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