Abstract This paperexaminegwo approachet multi-agentcoordination.Oneapproach
is primarily decentralizedput hassomecentralizedaspectsthe otheris pri-
marily centralizedbut hassomedecentralizedispectsThe approachesrede-
scribedwithin the context of the applicationghat motivatedthemandarecom-
paredandcontrastedn termsof applicationcoordinatiorrequirementandother
developmentconstraints.

In this paperwe examinetwo differentapproacheso multi-agentcoordi-
nationin the context of two differentmulti-agentapplications.In oneappli-
cation,a centralizedapproachs usedto coordinatethe actvities of different
agents. In another a distributed approachs usedbut interestingly the dis-
tributed approactstill containselementsof centralizationor global synchro-
nization. Thesetwo applicationsarenot a completesetof applicationclasses
for multi-agentsystemgMAS) but they illustrate possiblepointsin a larger
continuum. The interestingelementof the applicationsis how differentdo-
maincharacteristicteadto differentapproacheto coordination.

Beforewe delwve into theapplicationsit is worthwhileto askthebasicques-
tion of “what is coordinatiorandwhendowe needit?” Typically amulti-agent
systemgMAS) modelof developmentis pursuedwhendistributed process-
ing anddistributed controlarerequired. As with otherdistributed processing
models.oneimportantproblemof MAS researclis how to obtainglobally co-
herentbehaior from the systemwhenthe agentsoperateautonomouslyand
asynchronoushin generalwhentheagentshareresourcesr thetasksbeing
performedby theagentdnteracttheagentanustexplicitly work to coordinate
their actvities. Considera simple physicalexample. Let two maintenance



robots,R1 andR2, beassignedhejoint taskof moving along tablefrom one
roomto another Let both robotsalso have an assortmenbdf otherindepen-
dentactvities that mustbe performed,e.g.,sweepinghe oor. Assumethat
neitherrobotcanlift thetableby him/herself.In orderfor the robotsto move
the table togetherthey mustcoordinatetheir actvities by 1) communicating
to determinewheneachof the robotswill be ableto schedulehe tablemov-
ing actiity, 2) possiblynegotiatingover the time at which they shouldmaove
the table together 3) agreeingon a time, 4) shawving up at the table at the
speci edtime, 5) lifting thetabletogetherandsoforth. Thisis anexampleof
communication-basezbordinatiorthatproducestemporakequencingf ac-
tivities enablingtherobotsto interactandcarryoutthejoint task(overashared
resource- thetable). Without the coordinationprocessit is unlikely thatthe
tablewould ever be moved asdesiredunlessthe robotsrandomlydecidedto
movethetableatthesamemomentin time. Notethatif therobotsaredesigned
to “watch” eachotherand“guess”whenthe otheris goingto move the table
thatthis is aninstanceof coordinationby planinferenceandstill countsasa
coordinatiorepisodeln generalachieiing globalcoherencéen a MAS where
tasksinteractrequirescoordination.

In the robot/tableexample,the coordinationepisodes peerto-peer Imag-
ine now aroom full of maintenanceobots,eachhaving multiple joint tasks
with otheragentsandall sharingphysicalresourcesuchastoolsand oorspace
or X/Y coordinatesWithout coordinatiorsaidroomfull of robotswould have
muchin commonwith a preschool‘free play session"with robotsmoving
about,unableto performtasksdueto obstacleavoidancesystemsalwaysdi-
vertingthemfrom their desireddirectionsor dueto thelack of arequiredtool.
Therearetwo primarywaysto coordinatethis roomfull of robots— eitherin
a distributed peerto-peer(or groupto group)fashionor in a centralizedash-
ion. Whencoordinations distributedeachagents responsibléor determining
whento interactwith anothermgentandthenhaving adialogto determinenow
they shouldsequenceheir actvities to achieve coherence.When coordina-
tion is centralizedyenerallyoneagentplansfor theothersor manages shared
resourceNotethatin the exampleabove coordinatiorfocuseson whento per
form agiventask.Coordinatiorcanalsobeaboutwhich tasksto perform,what
resoucesto use,howto performatask,andsoforth.

While the robot domainis good for illustrating conceptuallythe coordi-
nation problem,the needfor coordinationis not limited to robots. Software
agentshumansandsystemsomposeaf mixesof agentshumansandrobots
[20] all have aneedfor somekind of coordination Whenthetasksor actvities
of differentpartiesinteract,in asettingwherecontrolis distributed(partiesare
autonomous)goordinationis needed.

In this paperwe examinetwo differentMAS applicationsandthe coordi-
nationtechniqueghatare usedto achieve global coherenceOneapplication,



I.L.S.A., is a multi-agentelder caraiver system. The otherapplicationis a
systenmfor dynamiccoordinatiorof distributedaircraftserviceteams.Coordi-
nationrequirementsn thesetwo systemsare similar — achieve global coher
enceanddothisin “real-time” (respons¢ime fastenoughfor theapplication).
However, in thesetwo systemsthe coordinationsolutionsimplementedare
differentandthesedifferencesaredriven by thedifferentcharacteristicef the
underlyingproblemspaces.

I.L.S.A.is amulti-agentsystemthatmonitorsanindividual in his/herhome
andautomatesspectof the caregiving process.For instance).L.S.A. may
notify acaraiverif theindividual beingmonitoredshouldgo too longwithout
eating. |I.L.S.A. andsystemdike it have beenof recentinterestto both the
researctandcommercialcommunitie§1-3, 6, 8, 13, 14, 21, 22]. I.L.S.A.is
currentlydeplo/ed at several cargiver facilitiesandhomesandis undegoing
evaluation. In this sectionwe explore the generalcoordinationissuein the
eldercareproblemspaceanddiscusgheresponsglanningand coordination
portionsof I.L.S.A..

Inl.L.S.A., differentagentsareresponsibldor sensingreasoningaboutthe
sensodata,decidingon a courseof action,andinteractingwith the carayivers
andthe individual for which the systemis giving care. Without coordination
in I.L.S.A. it would be possiblefor the systemto exhibit undesirablecharac-
teristics. For instance the agentsmight overlurdenthe individual for which
careis beinggiven by issuinga seriesof separateemindersall within a few
minutesof oneanothere.g., it istime to take your medicatiord, “it is time for
lunch? “you haven't beenmaoving asmuchtoday’ “I believe the ovenis on”
Imaginethe impactof having a telephonering or a beepergo off every few
minuteswith a differentreminderfunction. Worsestill, imagineif the client
wereto fall andthe emegeng noti cation beingsentto a carayiver wasde-
layedsothatthe clientcouldberemindedo eathis/herlunch. Or imaginethat
sameclient,whois unableto getup, listeningto the phonering wherethering
is causedoy a reminderthatit is time to take a nap. I.L.S.A.'s MAS requires
coordination. Throughcoordinationwe canorganizethe responsegroduced
by the differentagentsandachiare globally coherentehaior for the system
asawhole.

For the purposeof this discussiorwe will usethe moniker “Lois” to de-
notetheindividual of whichI.L.S.A. is takingcareandtheterm“caregiver” to
denotesomehealthcareprofessionathat may assistl.L.S.A. in dealingwith
certainsituations.
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In whatimmediatelyfollows, we provide more detail aboutthe agentco-
ordinationproblemin I.L.S.A., discussthe procesf selectingbetweendis-
tributed and centralizedcoordination,de ne the coordinationtechniqueused
in I.L.S.A. andidentify future coordinationissues.

In the currentimplementatiorof .L.S.A. thecoordinatiorproblempertains
to organizingactvities over sharedresources- namelythe interfacesto the
cargjiversandLois. Thereareothercandidategor coordinationthatwerenot



addressedincluding the coordinationof multiple I.L.S.A. instancesand the
coordinationof agentswithin I.L.S.A. overtaskrelationships.

I.L.S.A!s overall architecturds documentedn [9]. Herewe focuson the
subsebf thearchitecturehatdealswith 1) decidinghow to respondo agiven
situationthatexistswith Lois, and2) coordinatingthe differentresponsethat
may be on going at ary given momentin time. This functionality is loosely
calledresponselanningand coodination andthe subsetof the architecture
that performsthesefunctionsis shavn in Figure 1. Responselanningin
I.L.S.A.is carriedoutby multiple domainagentseachof which hasa particu-
lar areaof expertise.For instancethereis a domainagentthatmonitorsLois'
medicationand issuesremindersto herif sheforgetsto take her medication
on scheduleandissuesnoti cations and alertsto carayiversif Lois doesnot
correcther medicationsituation. Otherdomainagentsspecializein toileting,
eating falls, mobility, andsleepingto nameafew. Thedomainagentseceve
multiple differenttypesof input from otheragentsn the system.Speci cally:

= Theintentrecognition[7] agentprovidesinformationon the plansLois
is likely to be performing. For instance Lois might be cookingdinner
with somespeci ed probability

»  The sensorclusteringagentprovides ltered sensordata, e.g., toilet
ushes or informationfrom motion detectors.This agentalsoprovides
theclockpulse.

» Thedatabasegentprovidesthedomainagentswith informationoncon-
ditions for which they areto monitor (e.qg., track the consumptionof
medicationX) andhow they shouldrespondf a particularcircumstance
arises.Forinstanceif Lois failsto take hermedication,rst remindher,
thennotify cargiver X usingdevice Y, thenif sheremainsinappropri-
atelyunmedicatedssueanalertto carayiver Z usingdevice K.

s Domainagentsalsoreceve feedbackirom a responseoodinator (be-
low) agentand resultsback from the device agentswhen appropriate
(e.g..indicatingthecaragiver X hasaccepteanalertandwill handlethe
condition).

From this datathe domainagentsmonitor the ervironment, monitor Lois'
condition,andrespondwhennecessaryDomainagentsrespondo problems
by interactingwith Lois or oneor moreof the carayivers. Responsefall into
four categories: remindes (to Lois), noti cations (to carayiversof somecon-
dition), alerts (to carayivers of someseriouscondition),andalarms (to care-
giversof somelife threateningondition). Thedomainagentresponsearethe
coordinationfocal point. The responsecoordinationproblemin I.L.S.A. has
thefollowing properties:



Thedomainagentoperateasynchronouslgandautonomoushandgen-
erally do not interactto solve problems. The implication is that ary
domainagentmay generatean actionrequestat ary time. For our pur
posest is sufcient to view actionrequestasa requesto interactwith
acaraiver or Lois via oneof the Ul devices.

TheagentshareseveralresourceshamelytheUl devicesandindirectly
the caragyiversandLois.

In additionto the resourcdnteraction,actionrequestgpotentiallyinter

sectonatemporalbasis.In this casefor thereto bearesourceoordina-
tion problemtherequestsnustoccurwithin acertaintemporalproximity
to oneanotheror within a systemstatewindow (below).

The responsespacefor a particularindividual caragiver or a particu-
lar client (Lois) is relatively sparsei.e., the numberof interactionghat
the systemneedsto have with ary givenindividual is small over time.

We can make this characterizatiobecausehe endpointsof theseac-

tion requestarehumanandboundedoy humancapacity For instance,
Lois cannotprocessl0,000interactionsa minute nor cana given care
provider.

In contrasttheloadof agivendevice mayberelatively highwhencom-
paredto theloadonanindividual carayiver or Lois. Considemanl.L.S.A.

installationwherethe only interactionmediumfor Lois and all care-
giversis thetelephone Thetelephondtself maybe a bottleneckunless
usagds coordinatedaccordingly

In additionto interactingover sharedresourcesactionrequestsnteract
with eachotherthroughpriority. For instancejf thefalls domainagent
issuesan alert becauset hasdeterminedhat Lois hasfallen, the alert
conditionshouldtake precedencever a previously issued,but not yet
ful lled, requesto notify a caraiver thatLois is behindon hermedica-
tion.

Action requestslsointeractthroughsystemstate. For instance|f the
panicagentissuesan alarmbecausé.ois haspressecher panicbutton,
reminderdrom the otherdomainagentgto Lois) mustbe suppressed.

Differentresponsebave differenthumaninteractionprotocolghatl.L.S.A.
mustfollow. Forinstanceremindersgo to Lois. Noti cations aresent
to carayivers but the cargyivers do not needto explicitly acknavledge
them.Alerts aresentto cargjiversandrequireexplicit acceptance plus
alertscausd.L.S.A. to cycle over alist of carayiversuntil oneis found
whowill acceptresponsibilityfor handlingthealert. Alarmsaresentto a



list of selectectarayiversall atonce,in parallel. Eachof theseresponses
is further conditionedby device, e.g.,carayiver Bob might alwayswant
to benoti ed via cell phoneratherthanbeeper

»  Oneof the designgoalsof I.L.S.A. is to keepthe architectureopenso
that3rd partiescanaddcustomor enhancedunctionality

= Thedomainagentswill executein closeproximity to oneanotheror will
have areliablenetwork connectiorbetweerthem. Thisis necessarjor
themto obtaininformationaboutthe ernvironmentandto monitorLois.

Onthesurface,theresponseoordinationproblemspacdn I.L.S.A. is akin
to thatfoundin the UMASS IHome[15] project.In IHomeagentsnanagedif-
ferentappliancesuchasthe hot waterheater dishwasherwashingmachine,
coffee maler, andcoordinatetheir actvities to improve the quality of life for
the occupantse.g.,makingsurethatthereis sufcient hotwaterfor morning
shaverswhile still gettingthe laundrydoneandthe disheswashedIn IHome
coordinationcenterson sharedesourcesike hot water electricity noise,and
a sharedmobile robot (simulated)that can perform selectedaskswithin the
ervironment.

In bothIHomeandI.L.S.A. two primaryapproachefor solvingthe coordi-
nationproblemsexist — centralizedanddistributed. In IHomebothcentralized
anddistributed approachesre usedand the motivation for eachselectionis
morewell understoododaythanit wasatthetime thedecisiorwasmade.For
resourceghatare characterizeés 1) not centralizedand 2) not heavily con-
testeda decentralizeépproachs used.In thedecentralizeédpproachagents
areresponsiblefor coordinatingon their own behalf,i.e., thereis no single
agentthat senes asthe moderatoror controllerfor thatresource.The noise
resourcas anexampleof aresourceover whichtheagentsoordinatdan adis-
tributedfashion.For resourceshatarecentralizedsuchashotwaterwhichis
producedocally by the hot waterheateranagentis assignedhe taskof con-
trolling and coordinatingusageof the centralizedesource.In the caseof hot
water ahotwaterheateragenthandlegheallocationof hotwaterto individual
agentdor their use.

Whatarethe importantdifferencesetweerthe hot waterresourceandthe
noiseresourcen IHome? How do thesedifferencegelateto I.L.S.A.? The
hot waterresourcds inherentlycentralized.The noiseresourceds inherently
distributed (spatially). This is animportantdistinctionbecauseaot all agents
thatmale noiseactuallyneedto coordinatén IHome. For instancethetelevi-
sionagentwould notneedto coordinatevith thevacuumcleaningagentf they
arelocatedin differentroomsof the home. In this case,a centralizedcoordi-
nationmechanisms unnecessargndundesirabldassuminghatthe process
of determiningwhetheror not the agentsneedto coordinateis low cost). In



contrast,the hot waterusedby the dishwasheralways comesfrom the same
sourceasthe hotwaterusedby the shaver which alwayscomesrom thesame
sourceasthehotwaterusedby thewashingmachineandsoforth. In thiscase,
theseagentsalways needto coordinatetheir activities andtheir coordination
will oftenspanmorethananindividual pair of agents Additionally, in IHome,
hotwaterprovesto beafairly contentiousesourcesocentralizeccoordination
senesto reducemessagéraf c andcoordinationoverhead.

To summarizeaxis alongwhich to evaluatea coordinationapproachsug-
gestedoy IHomeincludel) how mary agentaiseagivenresource?) whether
the resourceis inherently centralizedor distributed, 3) how contentiousthe
agentsarefor the resource.Anotherissuethatarisesin IHomeis whenmul-
tiple resourcesare requiredby a given agentbeforeary processingcan be
performed,e.g., the washingmachineneedsnoise, electricity and hot water
resourceso function. This classof resourcdassuesdoesnot occurin I.L.S.A.
thoughthe rst threecriteriaareusefulmetricsin I.L.S.A..

Now considerl.L.S.A!'s coordinationproblemas speci ed abore. If we
distill thatinformationandcorrelaterelateditemswe canenumerate subset
of importantissuedo considemwhenevaluatingl.L.S.A.'s coordinatiomeeds:

= All of thedomainagentactionrequestinteractoverthesetof Ul devices
(directly) andthe setof carayivers Lois (indirectly).

= Action requestalsointeractwith eachotherthroughsystemstateand
priority. Note that systemstateis a global condition(e.g.,systemis in
alarmstatesosuppressll remindergo Lois).

= The numberof actionrequestexpectedto be issuedby the systemis
computationalijpboundedntheupsideby thesumof theprocessinga-
pabilitiesof the caragiversplusthe capabilityof Lois, i.e.,thenumberof
requestshe systemwill generateandprocesawill besmallby computer
standards.

m  The actionrequestsare lightweight actvities that do not requirelarge
amountf processindo evaluate.

= The agentsdo not needto engagein ngyotiation actvities or perform
compl crossagenttasksequencingctuities.

m Becausd.L.S.A. mustadhereto a setof protocolsfor issuingnoti ca-
tions, alarms,alerts,andreminders,if domainagentsare given direct
accesdo the devicesthey musteachimplementportionsof the proto-
cols (someof the protocolrequirementsareimplementedyy the device
agents).

m |.L.S.A. shouldsupporttheadditionof 3rd party/ aftermarketagentso
thesystem.
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CentralizedCoordinationPacingandMultiplexing ReminderandNoti®cations+
Eachindividualin the Systemhasa DifferentSetof Buckets

Thesepropertiescanbedistilled into afew key attributes:

Nuisancefactor —becauséhe agentanteractover a humansharedesource,
thereis an addedissueof minimizing the nuisancdactor Without co-
ordination,for instanceijt is possiblefor differentdomainagentgo ring
Lois' phoneevery two minutesto issuedifferentreminders.

Flexibility — individual tasksare not rigidly x edtemporally They do not
have hard deadlinesout insteadmustbe performedaccordingto some
overall policy, e.g.,alertsmustbeissuedasfasta possible.

Global constraints exist andthey mustbeenforced.Theseinclude: 1) global
system-widepoliciesfor responsenanagement.g.,whenthesystenis
in analarmstateremindersarenotissued?) globalsystem-widecontact
protocolsfor a given responsdype, e.g., for alertscontactauthorized
contactee®n their devices sequentiallyin order of priority, stopping
whenonecontacteacceptghealert.



MessageReceived(Message m) {
if (message.sender() == domainAgent)
messageRecipients = getRecipients(message);
if (message.type() is Alarm) {
Alarm_state = true;
deliverMessageToDevicesAgent(message,
messageRecipients);
} else if (message.type() is Alert) {
deliverMessageToDevicesAgent(message,
messageRecipients);
} else { /Ireminders and notifications
if (alarmState)
refuseMessageDelivery(message);
else {
createMessageHolderForResponse(message);
for each recipient in messageRecipients {
bucket = findMessageBucket(recipient);
if (bucket does not exist) {
wakeUpTime = currentTime+timeWindow;
bucket = createBucket(recipient,
wakeUpTime);

bucket.addMessage(message);

}
}

} else { //message sender is device agent
if (message.type() is Alarm) {
if (lastAlarmCleared(message)) alarmState = false;
forwardResponseToDomainAgent(message);
} else if (message.type() is Alert)
forwardResponseToDomainAgent(message);
} else { /Ireminders and notifications
lowPriorityMessageRecipient =
message.getLowPriorityMessageRecipient();
deliveryResult = message.getDeliveryResult();
for each lowPriorityMessage in message {
responseHolder = findResponseHolder(
lowPriorityMessage);
responseHolder.addResponse(
lowPriorityMessageRecipient,
deliveryResult);
if (responseHolder.receivedLastResult())
forwardResponseToDomainAgent(
responseHolder);

Pseudocodef the Respons@lanners Control Algorithm

Computational predictability —theratio of responseto computationapro-
cessingpowerwill besmallin generabecausell responsemusteven-



tually involve a humancaregiver or client. The “distribution to avoid a
bottleneck’view doesnt applyhere.

Whenevaluatinga distributed coordinationapproachptherfactorsto con-
siderinclude: highercostof technologydevelopmentapplicationspeci ¢ po-
tentialfor highercomputationatostin agentcontrolproblemsolvingoverhead
andnetwork bandwidth,generallymuchharderto detug algorithms,andthat
in this applicationwe canachieve a globalview of the interactionspace(the
agentgdo not have privagy concernsasthey doin e-commercepplications).

The endresult? Centralizations appropriatefor responsecoordinationin
I.L.S.A.. Thisis duein partto theway in whichthelightweightactionrequests
may interactanddueto theratio of requestdo cargyiversthatthe systemwill
exhibit in orderto be useful. Centralizationprovidesan ef cient pathfor re-
sponsecoordinationthat we believe will scalewith the systemin the caseof
I.L.S.A.. Centralizationis also particularly appropriatefor I.L.S.A. because
the actionrequestsare lightweight and not strongly situatedtemporally i.e.,
the domainagentsdo not needhard( x ed) real-timetime performanceguar
anteeghus consequencesf an action requestbeing delayedby anotherare
slight (if ary). Centralizedcoordinationis still required(versusno coordina-
tion) to ensurehatthe agentsdo not overwhelmthe caragyiversor Lois andto
ensurdhatimportantmessagearesentin atimely fashion.Centralizatioralso
enableaisto encapsulateertaintrustedbehaiors in anagentof our own de-
sign. If coordinationwvereperformedn apeerto peerfashionapoorly written
or malicious3rd party agentcould wreakhavoc with the systemby not coor
dinatingwell (or at all). Centralizationalso encapsulateeumaninteraction
policy implementationi.e.,only oneagentneedgo carryouttheprotocolsfor
contactingLois or a carayiver (e.g., rst try pager thentry telephonejf still
noresponsegontactthe next listed caragiver usingthetelephoneetc.).

The centralizedapproachto coordinationis implementedoy the response
coordinator agent,shavn in Figurel. This agentis responsibldor accepting
all actionrequestgreminders,noti cations, alarms,alerts)from the domain
agents,coordinatingthe requestsand interactingwith the device agentsas
follows:

» |f multiplereminderdor Lois occurwithin someperiodoftime there-
mindersaremultiplexedinto asinglemessagsothatLois only receves
onephonecall or oneemail messagehat containsthe setof reminders.
Figure?2 illustratesthe algorithm. The generalideais to createtempo-
ral bucketsinto which all requestshatoccurwithin theirboundariesre
tossed. Whenthe edgeof the temporalwindow arises,the reminders
containedn the bucket aremultiplexed andsent. Theimplicationsare
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 samecargiver occur within the same
intenal of time, they are multiplexed using the samealgorithmasre-

minders,presentedn Figure2. However, the binningalgorithmis end-
pointdependent noti cations areinsertednto differentbucketsor bins
thanremindersandnoti cations to differentcarajiversareinsertedinto

differentbuckets.

Whenalarmsandalertsaregeneratedihey areimmediatelydispatched
to the appropriatedevicesaccordingto the appropriatgorotocol (which
theresponseoordinatoimplements)ge.g.,contactall carayiversin par
allel usingtheir rst contactdevice. Thenmove the systeminto alarm
modeuntil a caragiver resohesthesituationor acknavledgesthealarm.

If the systemis in a modesuchthat remindersto Lois areto be sup-

pressede.g.,analarmhasbeenissued)theactionrequestarereturned
to thedomainagentdnsteadof beingissuedo Lois. Thedomainagents
aretold why therequestsvererefusedandareableto reissugherequest
atsomepointin thefuture. If theconditionhasclearedn themeantime,
the new requestare granted.Note that the task of trackingthe system

stateandknowing whenit is cleareds alsocentralizedwvith theresponse
coordinator

Note that device load is moderatedy the binning algorithmshawn in
Figure2. If device loadbecomes performancassuewe canadjustthe
algorithmor implementotherprotocolsg.g.,storelow priority messages
for longerperiodsof time, easilyby changingheresponse&oordinators
control algorithm. (Currentlyaspectof this classof concernsarealso
carriedforwardinto theimplementatiorby usingpriority queuesatthe
device agentlevel so that alarmsand alerts are always issuedbefore
remindersandnoti cations.)

Whenactionrequestsareissuedthe device agentsrespondwith anac-

knowledgmenbf thecommunicatiorandpossiblywith informationthat
the enduser(client or carayiver) hasgenerated For instancewhenan

alertis sentto a cargjiver he/shecanacceptresponsibilityfor thealertor

acknavledgereceiptof the noti cation without acceptingesponsibility
for the alert. The datafrom the device agentsis sentbackto the re-

sponseoordinatowho thenforwardsthe dataontothedomainagent(s)
if appropriateTheresponse&oordinatomeedgo bein thedevice-back-
to-domain-ageribopin orderto managesystenmodesg.g.,alertmode
(to determinghatthealertmodeis endedheresponseoordinatoneeds
the caragiver's responsgarticulars).



Pseudocodéor the response&oordinatoragents control algorithmappears
in Figure3. To illustrateits use,consideranexample.Assumethatthe current
timeis andthatthe systemis in a normal opemtionsmode(i.e., notin an
alertmodeandLoisishome).At themedicatioragentissuesareminderto
Lois to take medication becausesheis now 1/2 an hour pasther scheduled
dosetime. Assumethatno remindershave beenissuedfor Lois within thelast
seseral hours. In responsedo this, therc (responseoordinator)will createa
new bucket for reminderdo Lois, putthereminderinto the bucket, andsetan
alarmto wake up at time in thefuture— for this examplelet us
assumehat hasavalueof veminutes.At theeatingagent
issuesareminderto Lois to eatbreakhstasshehasnot donesoandherusual
breakhsttime haspassed.In responseo this the rc checksfor buckets, as-
certainghatoneis currentlyactive, insertsthe eatingreminderinto the bucket
andgoesbackto waiting for thealarmit setwhenthe rst reminderarrived. At

themedicationagentissuesa new reminderto Lois to consumenedication

becauseheis now 1/2 an hour pastthat scheduledloestime also. Therc
insertsthe new reminderinto the existing bucket and resumeswaiting for its
wake up notice. At therc recevesits wakeup noti cation from the time
agent,wakesup, checksthe stateof its cachedactionrequestsandissueghe
reminderdo Lois. Assumen thisscenaridhatLois prefersremindergo come
via telephoneall andautomatedaudioratherthanvia webpadbecauséervi-
sionis notvery goodandthewebpads dif cult for herto focuson. At the
phoneringsandl.L.S.A. remindsLois to take medications and andto eat
breakast. Withouttherc I.L.S.A. would have calledLois threetimesduring
this scenario.Now, at let the falls agentdetectthat Lois hasfallenon the
stairs. The falls domainagentthensendsthe rc an alarmactionrequest.In
respons¢o therequestherc immediatelyshiftsthe systeminto analarmstate
andpasseshe alarmto the appropriatecarayivers. In the caseof analarm,all
registeredcarayiversarenoti ed in parallelon their 1stchoiceof device. Thus
in this casel.L.S.A. sendghe alarmto caragyiver Betty via webpad caraiver
Bill via telephoneandcaraiver Becky via pager While I.L.S.A. is commu-
nicatingthe alarmto the caragivers,the mobility agentdetermineghatLois is
not gettingherusualamountof exerciseandissuesa reminderto herto move
aboutandexercise. Whenthe rc recevesthe reminderrequestjt checksthe
systemstate determineghatl.L.S.A. is currentlydealingwith analarmsitua-
tion, andrejectstheremindemrequest.The mobility agentrecevestherefusal,
doesnot clearits own trigger andwaitsfor someintenal beforetrying again.
In theinterim, carayiver Bill hasagreedo seeto Lois andhasindicatedthis
tol.L.S.A.. Whentheindicationreachesherc it clearsthe system-widelarm
modeand sendsnoti cations to the othercarayiversthat Bill is handlingthe
situation.



In this example,the centralizatiorof responseoordinationis whatenables
thesystento multiplex noti cations for Lois andto enforcesystem-widepoli-
ciesaboutmodes(e.g., whenin an alarm state,dont issuereminders)and
policies aboutcontactingcaragivers. Without a centralizedrc eachdomain
agentwould have to implementall the system-widepolicies,andbetrustedto
do so, andeachdomainagentwould have to dialog with the othersto deter
mineif noti cations or remindersouldbemultiplexed. Thisrequirescomple
coordinatiorcontrolin eachdomainagentandatemporakontrolreasoninga-
pability in thedomainagentdeyondthatrequiredwith thecentralizedsystem.
Thebottomline is thatcentralizatiorgreatlysimpli es thecontrolin thisappli-
cationandit ensureshattrustedHoneywell agentdmplementhesystem-wide
policies.

It isimportantto notethatcentralizatiorin thegeneal casemaynotalways
bedesirable Centralizatiorcanleadto alocalizedperformancéottleneckand
createsa systemwith a singlepoint of failure. If the agentsarespatiallydis-
tributed centralizationalsointroducesnetwork uncertainty lateng, and con-
nectiity issuessothatevenif the centralizedcoordinatoris still online and
functioningagentswho areunableto connectareunableto coordinate.Other
issueswith centralizationncludescaleandcomputationalimitations— if co-
ordinationrequiresdeeptemporalanalysisit is unlikely thatary singleagent
couldhandlethe coordinatiornproblemof evenafairly modestMAS. Otheris-
suesthatareparticularlyimportantfor agent-based-commercarelocalized
control andinformation hiding or privagy. In general,we strongly adwocate
a distributed approachike that usedin our supply chainresearch26] and
otherresearchhatis basedon TAEMS [4], DTC agentscheduling[25], and
GPGPagentcoordination[4]. However, asenumeratedbove, I.L.S.A.'s re-
quirementsare differentand the characteristic®f the currentand nearterm
problemspaceleadusto a centralizedapproach.It appeardikely that other
cargiver applicationswill have similar characteristicand motivatea similar
centralizedesponseoordinationapproach.

Aircraft returningfrom anengagememeedrefuelingandpotentiallyneed
new ordinanceandrepairs.Theaircraftareservicedoy multiple differentser
vice crens that have differentcapabilitiesandrequiredifferentresourcesand
thatmustcoordinateo effectively prepargheaircraftfor anothemission.For
instance,jt may not be desirableto servicethe engineswhile newv ordinance
is beingloaded. Similarly it may not be possibleto servicethe engineswhile
refuelingtakesplace.In contrastjt maybepossibleto overlapsomeactiities,
e.g.,replacingthe cockpitavionicswhile refuelingtheaircratft.



The SimulationEnvironmentandStatusDisplay

In this section,we explore the useof agenttechnologiedo coordinateair-
craft serviceteamsandpresenta new TAEMS|[5] coordinationalgorithmused
to coordinateserviceteamactvity. The performancef the algorithmis com-
paredto a centralizedschedulingoraclethat generate®ptimal schedulegor
theteams- thoughthe centralizedschedulingproblemis exponential the or-
acle provides a good basisfor comparisonon smallerprobleminstances.A
screenimageof the applicationis shavn in Figure4. Note the “busy” task
structurein the centerof the screen- it is part of the of the centralizedcoor
dinationproblemthatthe agentssolve throughdistributedandlocal reasoning
with partialviews (the centralizedview is thatof the simulationervironment).
In the following sections,we specify the problemspace,de ne a newv key-
basedcoordinationalgorithm, and comparethe algorithmto the centralized
oracle.



We usethe expressionT £AMSagentsto describeour agenttechnologybe-
causethe cornerstonef our approachs a modelinglanguagecalled TEMS
(TaskAnalysisEnvironmentModeling and Simulation)[5]. TAEMSIis away
to representhe actvities of a problemsolving agent— it is notablein that it
explicitly representsalternatve differentwaysto carry out tasks,it represents
interactiondbetweeractuities, it speci esresourcaisepropertiesandit quan-
ti es all of thesevia discreteprobability distributionsin termsof quality, cost,
andduration.Theendresultis alanguagdor representingctivities thatis ex-
pressie andhasproven usefulfor mary differentdomainsincludingthe BIG
informationgatheringagent[18], the Intelligent Home project(IHome) [15],
the DARPA ANTS real-timeagentsensometwork for vehicletracking[11],
distributedhospitalpatientscheduling4], andotherslik e distributed collabo-
rative design processontrol,agentdor travel planning,agentdiagnosisand
others.

Figure6 shaws portionsof TAEMStaskstructuredor Mission Controland
threeof the serviceteams. Considerthe Mission Control task structure. It
is a hierarchicaldecompositiorof a top level goal which is simply to Pre-
pare and Launch Aircraft . Thetop level goal,or task,hastwo sub-
taskswhich areto Prepare and Launch Wingl andPrepare and
Launch Wing2 . Eachof thesetasksaredecomposeihto subtaskso service
aparticularaircraftin thegivenwing, e.g.,Prepare  F16.1 For Launch,
and nally into primitive actions.Tasksarerepresentegith oval boxes,prim-
itive actionswith rectanglesNotethatmostof thedecompositionareomitted
from the gure for clarity. The detailsareshavn for the Prepare F16.1
For Launch task-it is decomposeahto asingleprimitive action,Launch
F16.1 , whichdenoteghetimerequiredfor MissionControlto launchtheair-
craft whenthe planeis ready The operatve word hereis ready In orderfor
a given aircraftto be launchedon its next mission,it mustbe serviced. The
serviceactvities arenot carriedout by MissionControl. In the gure, Mission
Control's dependencen the activities of the serviceagentds denotedby the
edgedeadinginto Launch F16.1 from the actionsof otheragents.These
edgescalledenablesn TAEMS,denotehattheotheragentsnustsuccessfully
performtheir tasksbeforethe Launch F16.1 actvity canbe carriedout
by Mission Control. Theseenablesarenon-local-efiects (NLES) andidentify
pointsoverwhichtheagentsmustcoordinate Thetime atwhich MissionCon-
trol canexecuteLaunch F16.1 is dependenbnwhentheotheragentger
formtheirtasks.A differenttypeof NLE existsbetweertheWeapongontrols
Repairagentandthe Avionics Repairagent— thetwo F16.1actionscannotbe
performedsimultaneouslandthatis anothepointoverwhichtheagentanust
coordinate. In this problem, this spatial/temporalnteractionof the service



teamds thecoordinatiorproblemonwhichwe focus. Theformerenabling-of-
the-launch-tasknteractiononly requireghatthe serviceagentotify Mission

Controlof whenthey planto performtheir activities becausén thisapplication
Mission Control setsand maintainsdeadlinesand the other agentsnegotiate
over the temporal/spatiaMUX NLEs to satisfy the stateddeadlinesf pos-

sible. Note thatwithin a task structuredeadlinesand earliest-start-timesare

inherited(unlesghoselower in thetreearetighter) sothetemporalconstraints
onPrepare and Launch Wingl alsoapplyto Launch F16.1 . The

samedeadlinesarepropagatedhroughthe enablescoordinatiorto the service
teamagents- notethatF16.15 enginesnustbeservicedby 240also.

Note that all of the primitive actions(leaf nodes)also have Q (quality),
C (cost),and D (duration)discreteprobability distributions associatedvith
them. For simplicity in this paperwe do not useuncertaintyand all values
will have a densityof 100%. Repairingthe enginesof F16.1thustakes 200
time units while servicingthe enginesof F16.2,which arelessdamagedre-
quires 150 time units. The two actvities producequalitiesof 12 and 9 re-
spectvely. The sum() function undermostof the parenttasksis called a
quality-accumulatioriunction or gaf. It describesiow quality (akinto utility)
generatedht the leaf nodesrelatesto the performanceof the parentnode. In
this casewe sumthe resultantqualitiesof the subtasks- other TAEMS func-
tionsincludemin, max,sigmoid,etc. Quality is adeliberatelyabstractoncept
into which otherattributesmay be mapped.In this paperwe will assumehat
quality is afunctionof theimportanceof therepair

In the sampletask structurethereis alsoan elementof choice— thisis a
strongpartof the TAEMSconstructindimportantfor any dynamicervironment
in which resourcesr time may be constrained. The Repair  Aircraft
Engines task,for example,hastwo subtaskgoinedunderthesum() qgaf.In
thiscaseheEngineRepairagentmayperformeithersubtasior it mayperform
both dependingon what actiities it hastime for andtheir respectie values.
The explicit representatiorof choice— a choicethat is quanti ed by those
discreteprobability distributions attachedo the leaf nodes— is hov TAEMS
agentanake contectually dependentiecisions.

By establishingga domainindependentanguagg TAMS) for representing
agentactvity, we have beenableto designandbuild a coresetof agentcon-
struction componentsand reusethem on a variety of different applications
(mentionedabore). TAEMS agentsarecreatedby bundling our reusablgech-
nologieswith a domainspeci ¢ componentgenerallycalleda domainprob-
lem solver, thatis responsibldor knowing andencapsulatinghe detailsof a
particularapplicationdomain.

It is sufcient to understanthatTAEMSagentdhave componentfor schedul-
ing andcoordinationthatenablethemto 1) reasoraboutwhatthey shouldbe
doingandwhen,2) reasorabouttherelative valueof actuities, 3) reasorabout
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temporaland resourceconstraintsand 4) reasonaboutinteractionsbetween
actvities beingcarriedout by differentagents A high-level view of a TEMS
agentis shavnin Figure5; everythingexceptfor thedomainproblemsolheris
reusablecode.Notethateachmoduleis aresearctiopicin its own right. The
agentscheduleiis the Design-to-Criterig 19, 25, 27] schedulerandthe coor
dinationmoduleis dervedfrom GPGP[4]. Othermodulesg.g.,learning,can
beaddedo this architecturen a similar (conceptualplug andplay fashion.

For the dynamicaircraftreadines§DAR) projectwe simulatedaircraftre-
turningfrom anengagemerdandneedingepairsandreadinesgperationso be
performed.Threetypesof aircraftaremodeledin the prototype:F16s,A10s,
and C9 sunwillancecraft. Whenan aircraft returnsit is potentiallyin need
of (to varying degrees): 1) fuel, 2) missiles,3) repairsto engines4) repairs
to cockpit avionics, or 5) repairsto cockpitweaponscontrols. Eachincom-
ing aircraftis assigned deadlineby whichit is to bereadyfor redeplgment.
Mission Control is responsibldor assigningthe deadlineandfor identifying
theareaof theaircraftthatneedservice.

Thereare veteamsonthegroundthatreadytheaircraftfor their next mis-
sion. Eachteamis controlledby a coordinationdecisionsupportagentthat
usesTZEMS agenttechnologyto reasoraboutwhattheteamshouldbedoing,
when,andwith which resourcesin this scenariahe following teamshandle
aircraftpreparation:l) refuel, 2) rearm(replacesdepletednissiles),3) avion-
ics repair 4) weaponsontrolsrepair and5) enginesrepair As aircraftland
the Mission Control agentnoti es the serviceteamsof the aircrafts' service
needsandreadinessleadlinesTheagentshencommunicatavith oneanother
andreasonin adistributedfashionabouthow theirtasksmayinteractandhow



Repair | Repair Repair
Engines| Avionics | WeapCtrl | Refuel | Rearm
Engines NLE NLE
Avionics NLE
WeapCitrl NLE
Refuel NLE NLE
Rearm NLE NLE

Taskslnteractiondndicatedby NLE for Non-LocalEffect In thispaperNLEsareall
mutualexclusionwheretasksthatinteractcannotbe performedonthe sameaircraftatthesame
time (spatial+ temporalMUX). Other NLEs supportednclude effectslike hinderingwhere
taskscanbe performedogethembut will slow eachotherdown in somequanti®edway.

bestto selectandsequenceperationsothatthemostaircraftcanbereadyby
their respecire launchtimes (if possible— not all probleminstancesontain
fully satis ableconstraints)Theagentgerformthis coordinatiorusinganew
coordination-ky algorithmpresentedh latersections.

In this scenariadhetasksrequiredto repairanindividual planedo not need
to be performedn ary speci ¢ sequencehowever, therearesetsof tasksthat
cannotbeperformedsimultaneouslypecauséhey involve thesamegeographic
regions of the aircraft. For instance the enginescannotbe servicedwhile a
planeis rearmedasboth of theseactvities take placeon or nearthewings. In
contrastavionicscanbeservicedwhile anaircraftis rearmedecausevionics
residein thecockpitregion andtherearmingtakesplaceon or aboutthewings.
A full speci cationof taskinteractiongs shavn in Tablel.

Therearesereralcharacteristicsf this probleminstancehatmakeit ahard
problem:

The situation is dynamic —it isunknavn a priori in whatstatetheplaneswill
bewhenthey returnfrom their mission.Thustheagentsnustcoordinate
anddecidewhich operationgo performin real-time.

Agentsmust make quanti ed / value decisions —differenttaskshave differ-
entvaluesandrequiredifferentamountof time andlaborresourceskor
instance,it may not be necessaryo refuel the aircraft beforethe next
missionbut servicingavionics maybecritical.

Coordination is dynamic —theoperationdeingperformedoy therepairteams
interactandthe occurrenceof theinteractionsarealsonot known a pri-
ori. Forinstanceuntil anaircraftlandsit is notknovn whethermanengine
will needservicingat the sametime thata refuelingcrew is attempting
to servicetheaircraft.

Deadlinesare present — aircraft have a deadlineby which repairsmustbe
completedanddifferentaircraft may have differentdeadlines.Without



deadlinesan inef cient algorithmwill generallystill serviceall of the
aircraft. Deadlinesrequirethe agentsto reasonaboutend-to-endoro-
cessesaandto coordinatewith otheragentsto optimizetheir actvities.
(This type of agentcoordinationproblemis conceptuallydynamicdis-
tributedsceduling)

Tasksare interdependent —tasksnteractin two differentways: 1) overshared
resourcesn a spatial/temporafashion,2) multiple tasksmustbe per
formedto accomplisha goal, e.g.,

(thoughin TEMS
this generallypertaingo degreesof satishctionratherthanabooleanor
binaryvalue).

Not alwayspossibleto meetall deadlines —notall probleminstancesresolv-
ablein thesensedhatin a givenscenariojt maybe possiblethatthe op-
timal solutionis to missoneaircraftdeadlineratherthanmissingmary
deadlines.When controlis distributed, this characteristiccan make it
particularly dif cult to converge on a solutionbecausat is dif cult to
know whetheranoptimalresulthasbeenachieved (without a complete,
global view and a centralizedschedulingtechnology). This character
istic meangthatit is fairly easyfor a coordinationalgorithmto leadto
mary planesbeingpartially servicedandnoneof themactuallymeeting
theirdeadlines.

Thisprobleminstanceequireshreeclasse®f simulationactvities: 1) sim-
ulatingthe outcomeof thelastmissionin termsof aircraftcondition,2) simu-
latingtheactvities of MissionControlandtheinitial damagessessmei¢am,
3) simulatingthe actwities of the repaircrens. While detaileddescriptionis
beyondthe scopeof the paper from a high level, the aerialbattleis simulated
usingeithera problemspacegeneratoor a humangeneratowho selectsair-
craftfrom a paletteand“breaks”theaircraft. Theactvities of MissionControl
andtheinitial damageassessmeneéamarecapturedn TAEMStaskstructures
that are producedby the generatiortools. In essencethe Mission Control
agent'sees”anaircraftfor the rst timeatits speci edlandingtime andatthat
samdime adescriptiorof theaircraft's serviceneedss transmittedo Mission
Controlin TEMS format. Mission Controlthendisseminatethe information
to the serviceteams. The actvities of the serviceteamsare simulatedusing
the TAEMS agentsimulationervironment[24]. In thiservironmenttheagents,
whicharedistributedon differentmachinesandexecuteasdifferentprocesses,
communicateand carry out simulatedtasks. The simulatedtasks,like real
tasks take a speci ed amountof time to executeandconsumeesourcese.g.,
replacinganavionicsmoduleof type 1 consume®netypel avionics module.

Spaceprecludesa detailedspeci cation of tasksand attributes, however,
it is importantto note that different tasksrequire differentresourcesdiffer-



Portionsof the TAMS Task Structuresfor Mission Control and Threeof the
ServiceTeamAgents

entamountof resourcesandrequiredifferenttime to perform. For instance,
refuelingan aircraft thatis fully depletedrequiresmoretime and consumes
morefuel (aresource) Otherexamples:repairingenginesdamagedo level 4
(heavily damaged)yequiresmoretime thanenginesghataredamagedo level
1 (lightly damaged)rearmingfour missilesrequiresmoretime thanrearming
two missiles,etc. Similarly, differentaircraftconsumedifferentresourcesnd
not all aircraftneeda particularclassof service.For instancethe C9 sunweil-
lanceaircraftdoesnot carry missilesanddoesnot containa weaponsontrols
module. In contrast,boththe A10 andthe F16 carry missilesand both have
weaponscontrolsmodulesbut the modulesfor the two aircraft are different
andrequiredifferentamountsof time to service. Theteamsthemselesalso
maintaindifferentresourcesg.g.,therefuelingteamis the only teamthatcon-
sumesthe fuel resource.However, in the probleminstancediscussedn this
papertheteamsdo notinteractover consumabl@éesourcesothe coordination
problemis oneof spatialandtemporaltaskinteraction.

Thecharacteristicef the solutionto this particularapplicationproblemcan
be found in otherproblemdomains. The underlyingtechnicalproblemis to
coordinatedistributed processethataffect oneanothewhenthe ervironment
is dynamicandthe coordinationproblemcannotbe predictedof ine / a priori
but insteadmustbe solvedasit evolves.

Thegoalsof coordinationin the dynamicaircraftreadinesspplicationare:
1) to adaptto a dynamicsituation,2) to maximizethe numberof planesthat
arecompletelyrepairecby their respectie deadlines3) to provide mutualac-



cessto sharedbhysicalresources4) achiare global optimizationof individual

serviceteam(agent)scheduleshroughlocal mechanismandpeerto-peerco-
ordination. Whenexamining the coordinationproblem, it becameclearthat
this applicationdomainhasa uniquepropertynot generallyfoundin TAEMS
agentapplications- for agentswhosetasksinteract,all of their taskswill in-

teract.By way of example all of theenginerepairtasksinteractwith all of the
refuelingtasksinteractwith all of the rearmingtasks. Similarly for the tasks
thatpertainto thecockpit. All avionicstasksinteractwith all weapongontrols
tasks.

The implicationsof this propertyfor coordinationarethat: 1) thereis no
reasonfor a serviceteamthat operatesn the wing region to interactwith a
teamthat operatedn the cockpit andvice versa, 2) agentsthat operateon
the samespatialarea(wing or cockpit)mustalwayscoordinateheir actvities.
Thistranslatesnto a discretepartitioningof theagentsdnto coodination sets
ie., :

, Where
. Within eachcoordinationsetthe tasksof the member
agentdorm afully connectedyraphvia TAEMSnon-local-efiects This means
thatfor ary agentof a given set,e.g.,the enginerepairagentof ,
to schedulea repairtaskit mustdialog with the otheragentsto ensurethat
mutual exclusionover the sharedresourceg.g.,the wing on planeF16.1,is
maintained.

This coordinationproblemcouldbe solvedin typical GPGPI5, 4, 16] fash-
ion. However, GPGPoperates$n apairwisepeerto-peerfashion.For agentsn

thismeanghatcoordinationcouldrequireasigni cant amountof
time to propagatendresole theinteractingconstraintsandit is uncleargiven
the dynamicsof the ervironmentandthe speedwith which coordinationmust
occurwhethercorvergenceonareasonabldf suboptimalsolutionwouldever
occur Becausef thestronginterconnectedness thetasksandthepartition-
ing of agentdnto coordinatiorsets we developedanew algorithmfor problem
classe®f thistype.

The algorithm usesa coorination key datastructureand conceptsfrom
token-passing23, 12] algorithmsto coordinatethe agents. The generalop-
erationof the algorithmis thatthereis onecoordinationkey percoordination
setthatis passedrom agentto agentin a circularfashion. Whenan agentis
holding the coordinationkey for its coordinationset,it can1) declareits in-
tendedcourseof action/ schedules?) evaluateexisting proposaldrom other
otheragents33) con rm or negateproposalof otheragents4) make its own
proposalspr 5) readcon rmationsor negationsof its own proposaldy other
agents.The coordinatiorkey itself is the vehicleby which this informationis
communicated Eachkey containsintendedcourseof action,proposalsand



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);

Pseudo-codef anindividual Agent's CoordinationReasoning

proposafresponsesndthisinformationis modi ed astheagent<irculatethe
givenkey. The pseudo-codef thealgorithmis shavn in Figure?.

The coordinationkey algorithmis effective but approximateandheuristic.
The crux of the matteris thatin orderfor the agentsto coordinateoptimally
over asingleissue,e.g.,whenagentX shouldperformtask , the key must
circulatethroughthe coordinationset multiple times. The numberof times
that eachagentmusthold the key is dependenbn the changesnadeduring
eachiteration. In the worst caseeachagentwill have to re-sequenceachof



TheCentralizedExhaustve SchedulingOracleHasAn Omnipotentiew + Figure
Shavs OneSchedulingnstance

its actvities oncefor every changdhatis made but thesechangepropagate
to the other agentsso the circulation-to-conergerce factoris rather
than (where is a constant). The coordinationkey algorithmabaove
multiplexeschangesothatin a givenpasshrougha coordinationsetmultiple
changesreconsideredy theagentsatonce.

We hypothesizedhatin someprobleminstanceghe algorithmwould fail
to nd an optimal solution but that in mostprobleminstancest would per
form well. To testthis hypothesisve createda centralizedglobal scheduler
that createsscheduledor all of the agentteamsvia exhaustve search. The
centralizedschedulingproblemis exponential,however, for instanceshaving



Mean# SolutionsPossible
Exp | Num Missing X 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 31| 36 | 29 0 0
C 32 0 3.2 13 | 241 | 16.3| 253 | 4
D 28 0 3.1 |16.8| 33.0| 496 | 36.3| 2.7
Characteristicef SolutionGeneratedy CoordinationKeys
Exp | Num Median | StdDes | %-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 15 .98 1.0 A2 .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

Results Comparing CoordinationKeys to Exhaustve and Optimal Centralized
ScheduleSeneration

lessthan 11 total repairsthe exhaustve scheduleris responsie enoughfor
experimentation. Becausehe probleminstancepresentedhereusesa subset
of TAEMSfeaturesthecentralizedschedulers designedo solve arepresenta-
tion of exactlythesubseneededi.e.,it doesnotperformdetailedT £EMSrea-
soningbut insteadmaintainsthe requiredconstraintge.g.,deadlinesgarliest
starttimes,serviceteamscanonly serviceoneaircraftatatime, andonly one
serviceteamcanwork in acockpitor thewing region atagivenpointin time).
The centralizedscheduleralgorithmis outlinedin Figure8. The function of
thecentralizedscheduleis twofold. First, it determineghe minimumnumber
of aircraftdeadlineghatwill be missedby anoptimalsolution.In somecases
all deadlinesanbemetandin othersaircraftdeadlinesepresentinsatis able
constraints.The secondrole of the centralizedscheduleiis to determinethe
relative size of the differentsolution spaces.For instance for a given prob-
lem theremay be zero solutionsthat dont missary deadlines X (optimal)
solutionsthat miss one aircraft deadline,Y solutionsthat miss two aircraft
deadlinesZ solutionsthatmissthreeaircraftdeadlinesetc. By takulatingthis
informationwe candeterminea percentilerankingfor the solutionsproduced
by the distributed coordinationkey algorithm. The centralizedscheduledoes
not competewith the distributed coordinationkey algorithmon a completely
level playing eld. The centralizedschedulerseesall the repairsthatwill be
neededor all planeson a givenprobleminstanceattime 0. Theagentdsn the
distributed systemonly seerepairsasthe aircraftland. Thus,for theinstance
shawvn in Figure 8, the serviceteamagentswill not seeaircraft A10.1 until
time 25 (whenit lands). At this time they may be committedto a suboptimal



courseof actionthatthe centralizedomnipotentschedulemwill avoid because
it canseeAl10.1's repairsat time 0 alongwith all of the otherrepairsthatwill
needto be scheduled.This differenceis dueto a needto keepthe centralized
scheduledevelopmentcostsdonn andhasits rootsin design/implementation
issueswith the simulationervironment. A relatedbiasin favor of the central-
ized scheduleiis that the distributed coordinationmechanism@peraten the
samesimulatedclock asthe repairsthemseles. This enableghe simulation
ervironmentto control and measurecoordinationcostsbut causesa skew in
termsof the apparentcost of coordinationrelative to domaintasks,e.g., in
somecaseghetenclicks (about5 secondsn wall clock time) thatthe agents
requireto coordinatewill take asmuchsimulationtime asit takesthe service
teamsto rearmone missileon an aircraft. The skew is of primary relevance
whencomparingthe distributed algorithmto the centralizedscheduleandis
lessof anissuewhencomparingdifferentdistributedalgorithms.

Table2 presentsheresultsof comparingthe coordinatiorkey algorithmto
the optimal and exhaustve centralizedscheduler Eachrow is the statistical
aggregationof onesetof trials whereeachsetof trials is dravn from onedif-

culty class.Therows lowerin thetablerepresenincreasinglymoredif cult
probleminstances- aircrafthaving morerepairsandtighterdeadlineselative
to their landingtimesandthe time requiredfor theirrepairs . All rows except
for thelastrepresenB2 randomtrials. Row D contains28 because®f the oc-
casionalexceptionthrowvn by the exhaustve scheduleicausedy runningout
of RAM. As thedif culty increasespotethatthe densityof the solutionspace
increaseandshiftsright. This is representedby the columnsX=0, X=1, ...,
which containthe meannumberof solutionsproducedoy the oraclethatmiss
0 deadlines] deadlinegtc.,respecirely. As theprobleminstancegetharder
moreaircraftarelikely to missdeadlinesNotethatthe coordinatiorkey algo-
rithm generallyperformswell for all of thetestedconditions.The Meanvalue
denoteghe averagenumberof aircraftdeadlinesmissedduringa batchof tri-
als. Themoredescriptve statisticsarethoseaboutthe percentilerankingof the
solutionsgeneratedy coordinationkeys. This is becausédiow well the keys
algorithmperformsis determinechot by the absolutenumberof misseddead-
lines(theaverageof whichis presentedh themeancolumn)but insteadby the
solutionspossiblefor agiventrial. For instancein sometrialsthebestsolution
possiblemay misstwo deadlines.As the dif culty increaseshe meanvalue
for the keys algorithmincreasedecausdhereare moreinstancesvherethe
optimalsolutionis to missonedeadline or two deadlinesetc. Looking atthe
percentilesjn experimentclassA the keys algorithmperformedin the 100th
percentilejn experimentclassB the98thpercentilejn experimentclassC the
97th percentile,andin classD (the mostdif cult class),the 98th percentile.
Thepercentileratingis computedasfollows:



m Thecentralizedschedulegeneratesll of theuniquescheduleshatexist
for agivenindividual trial.

s Theseschedulesrebinnedaccordingo thenumberf deadlinesnissed,
e.g.,in X of theschedule® aircraftmissa deadlinejn Y of the sched-
ules1 aircraftmissesa deadline,in Z of the schedule® of the aircraft
missa deadlinegtc. Think of the centralizedschedulemas producinga
histogramof possiblesolutionswheresolutionsarebinnedby the num-
berof deadlinesnissed.

m Let be the numberof aircraftdeadlinesnissedby the coor
dinationkey algorithmin trial i.

m Let _ denotethe histogrambin in which falls (the
bin thatpertaingto misseddeadlines).

m Let ool bethe of the densitiesof solutionsthat
arein bins or to _ . Bins _ represensolutions
thatareworsebecauseéhey entailmissingmoredeadlines.

m Let _ = ool , Where

is thetotal numberof solutionsgeneratedby the centralizedsched-
uler for trail i. is the percentilerankingfor the

coordinatiorkey algorithm%or trial i of thesetof 32.

m Let _ _
_ bethe overall percentilerankingfor
onebatchof 32 trials.

In all casesthe medianpercentileis 100% and the standarddeviation is
low. Becauseherearegenerallymultiple solutionsthatperformaswell asthe
solutionsactuallygeneratedby the coordinationkeys, its percentileis broken
down in the lastthreecolumnsof Table2. The columnmarked %-tile Same
indicateghe mean% of possiblesolutionsthatmissexactly asmary deadlines
asthe keys algorithmdid. %-tile Betterindicatesthe numberthat performed
strictly better(missingfewer aircraftdeadlineshnd%-tile Worseindicatethe
numberthat performedstrictly worse. Note that asthe problemspacegets
harderthe numberof solutionspossiblethatareworsethanthosefoundby the
keys algorithmincreases At the sametime the bandof solutionsasgoodas
thosegeneratedby keys narravs, asdoesthe bandof solutionsthatarestrictly
betterthanthosefoundby the keys algorithm.

While the datasuggestshatthe algorithmperformswell on average there
arecircumstancewherethe algorithmperformslesswell. We examinedser-
eralsuchinstancesn detailandwhile we have intuitionsaboutwhenthealgo-
rithm will performin a suboptimalfashion,the experimentsan which perfor



manceis suboptimalpertainto a morebasicissue.To illustratelet usassume
athree-aircrafprobleminstancewith thefollowing characteristics:

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

= Aircraft A10 arrivesattime 18 with adeadlineof 450andrequirescom-
pleterefueling(the durationof thistaskis 100).

= Aircraft C9arrivesattime 24 with a deadlineof 240andrequiresrepair
of enginesdamagedo level 2 (the durationof this repairis 100) and
refuelingof a quartertank (durationof this tank25).

TheF1l6landsattime 15 andthe engineserviceteamobtainsthe coordina-
tion key andschedulesheenginerepairof theF16to runfromtime 17to 117.
The Al10 landsattime 18 andattime 19 the refuelteamgetsthe coordination
key andschedulesefuelingof the A10 to lastfrom 19to 119. Whenthe C9
landsat time 24 the engineserviceteamis thusoccupiedwith the F16 until
time 117 andthe refuelingteamis occupiedwith the A10 until time 119. To
respondo the C9's landingandrepairneedsthe engineserviceteamobtains
thecoordinatiorkey attime 25andschedule€£9'srepairto runfromtime 117
totime217. At asubsequerime-steptherefuelingteamattemptgo schedule
C9'srefueling,however, becausdothrefuelingandenginerepairaremutually
exclusive tasks,the earliesttime the refuelingteamcanschedulehe C9 is at
time 217. This meangt is impossibleto servicethe C9 by its deadline(take-
off time) of 240. In responséo this pendingfailure, the refuel serviceteam
attemptdo neggotiatewith the engineserviceteamvia the coordinationkey to
obtaina wing accessslot betweenl19and217. However, the engineservice
teamneedghattime slotto completeits portion of the C9's enginerepairson
time. The endresultis that the C9's deadlinecannotbe met. For this same
probleminstance however, the centralizedschedulemwas ableto producea
solutionin which all of thedeadlinesaremet.

The underlyingissueis that serviceactvities are not interruptiblein this
probleminstance- otherwiserepairteamscould run from aircraftto aircraft
andthe optimizationproblemwould be muchsimpler If actvities wereinter
ruptible,whenthe C9 rst landedeitherthe engineserviceteamor therefuel
serviceteamcoulddisengagdrom theirrespectie currentactiities (servicing
the F16 or the A10) andattendto the C9, which is the aircraft with thetight-
estdeadline.The reasorthe centralizedscheduleiis ableto producea better
solutionin this probleminstance- a solutionwhich eludesthe distributed co-
ordinationapproach- is thatthe centralizedoracleseesall of therepairtasks
a priori. It thusconsiderghe possibility of not servicingthe F16 or A10 im-



mediatelyuponarrival sothatthe C9 canbe servicedby enginesor refueling
immediatelyuponits arrival andall deadlinesanbe met.

This particularperformancdssuederives from the somavhat imbalanced
playing eld (discusse@arlier)betweerthedistributedalgorithmandthecen-
tralizedoracle.Interestingly we canhypothesizdéwo instancesvherethe dis-
tributedalgorithmwill fail to performwell, evenon alevel playing eld, but
suchinstanceoccurinfrequentlyin randomlygenerategrobleminstances-
eventhosewith tight deadlineconstraintandnumerougepairsperaircraft.

Oneinstancewherethe the coordinationkey algorithmwill performless
well entails semi-independentoordinationproblemsthat occur simultane-
ouslyin the coordinationsetof morethantwo agents.maginea coordination
setof therearm,refuel,andenginerepairagents.Let thekey passfrom agent
to agentin the following order: rearmto refuel to engine(thenthe cycle re-
peats).Now, let usassumdhatattime therearmagenmeedsatime slotthat
is held by the engineagent,andthat refuel needsa time slot thatis held by
therearmagent. The implicationsarethat multiple unrelatedproposalanust
resideon onekey for partof the coordinationsettraversal,i.e., the proposal
from rearmto engineandthe proposafrom refuelto rearmbothresideon the
key duringtherefuelto engineto rearmcircuit. Thekey algorithmis designed
with the assumptiorthat, in generalmultiple proposalswill pertainto a sin-
gle (sometimesnulti-step)coordinationprocess.Therefore whenthe engine
agentrecevesthecoordinatiorkey it eitheraccept®or rejectsthesetof current
proposalgfrom therearmandrefuelagentsenmasseventhoughit mayonly
be affectedby the rearmagents proposal. In this case whenthe setof pro-
posalsarrivesandthe engineagentdetermineghatit cannotsatisfytherearm
agents requestjt rejectsthe proposaleen masseandthe proposalfrom refuel
to rearmis never evaluatedby the rearmagent. This may resultin a missed
opportunityfor therefuelagent. The shortcomingdescribecherecanbe x ed
by makingtheagentanoreselectve in proposakejection.

Anotherinstancewherethe coordinationkey algorithmmay performless
well is whena long chainof multi-stepinterlocking resourceeleasesrere-
quired. The factor at work is the algorithms approximatdimited-cycle-to-
actionmodel. However, asnoted,neitherclassof problemsoccurfrequently
with randominstances.We are currently exploring creatinga generatoand
experimentdo testperformanceinderthesecircumstances.

We have examinedtwo differentapproachet coordinatingheinteractions
of multiple agentsln thecaseof theresponseoordinatoiin I.L.S.A., amary-
to-oneresponseollection,aggregation,anddispatchwasused.In the caseof



theaircraftserviceteamsin the DAR application,a distributed approachwith
sharedknowledge betweenthe distributed agentswas used. The motivation
for eachapproachis statedin their respectie sections. An interestingissue
to consideris whatif onewereto pushthe differentapproachesoward one
extreme fully centralizedpr anotherfully distributed.

With respectothel.L.S.A. application-responseoordinatiorcouldbede-
centralized However, theinterestingpropertythatappearedn therepairteam
coordinationapplication,namelythe degreeof interconnectiity, alsoappears
in I.L.S.A. responseoordination. If responseoordinationin I.L.S.A. were
distributed, therewould needto be multiple differentcoomdination setswhere
eachsetrelatedto coordinatingthe responsesntendedfor a given recipient
(caragyiversor Lois). In the aircraft serviceapplication,coordinationcenters
on sharedspatialregionsof a given plane— all tasksof a given setof service
teamspotentiallyalwaysinteract. For responsegeingroutedto the samere-
cipient,thisis alsotrue thoughthe degreeof interactionis not “potential” but
x edat , where isthenumberof responseg question.Oncea setof co-
ordinationsetsarede nedin I.L.S.A., algorithmssuchasthe keys algorithm
couldbeused.However, theformationof the coordinationsetsthemselesre-
qguiresonlinereasoningbecauseherecipientlist canbe changedlynamically
in I.L.S.A.. Thuswheneer a changes madeto the responseontactlist, the
coordinatiormodulesof eachof the agentsvould needto benoti ed andthen
engagdan a protocolto form the necessargoordinationsets(or anothersin-
gle agentcould do thereasoningor themanddistribute the results). Another
interestingcaveatof I.L.S.A. is thattheresponsaoti cation protocolsaredif-
ferentfor differenttypesof events.For instanceanalert mustbedistributedto
numerougsontactpersonnelWwhereasanoti cation mustbesent,andacknavl-
edged,by a single caragiver. However, if a caragyiver doesnot acknavledge
a noti cation, then a different caraiver mustbe noti ed. This implies that
the coordinationsetsin I.L.S.A. musteither by default, include all possible
responseandidate®r that whena fallbackresponsearaiver is beingnoti-
ed, the agentsdynamicallyform a new coordinationset(or the issuerof the
responsgoins anexistingone).

While thekeys algorithmusedin theaircraftserviceteamapplicationis dis-
tributed, the sharedknowledge and synchronousoordinationwithin a given
coowdination sethascommonaltieswith a centralizedapproach.If onewere
to pushthe aircraft serviceteamapplicationto a centralizedapproachthere
could still be different coodination setsanda single agentwithin a coordi-
nationsetcould be assignedhe taskof doing the coordinationreasoningor
that set. This, of course,hasthe undesirablepropertiesof centralization—
including introducinga potentialcomputationabottleneckdependingon the
schedulingapproachused(optimal versusapproximateor heuristic). Pushing
keys the otherdirection,into a morefully distributed modewhereeachagent



coordinatesn a peerto-peerfashioncouldleadto system-widdhrashingover
theinterconnectedssuegshatwerebeingcoordinatedver individually. Note,
however, thatwe have not experimentedirectly with this andthe obseration
is basedn a high-level analysisandexperience.

With respecto|.L.S.A., coordinatiorcurrentlycenterson sharedesources,
i.e.,theinterfaceto the carayiversandto Lois. In the futureit may be neces-
saryto coordinateheactvities of the otheragentdn the system.For instance,
if thecomputationatasksbeingperformedby theagentdbecomenearyweight
enoughthatthey over burdenthe processqmperformancef certaintasksmay
have to be coordinatedo avoid unacceptablsystemslon downs. Anotherex-
ampleis if thesensointerpretatioragentsvereto only performcertainanaly-
sistasksif the outputwereneededy oneor moreof theagentsn the system.
In the currentmodel, the agentswithin the systemdo not explicitly reason
aboutthe interactiondn their actvities anddo not coordinateover saidinter
actions.If agentsavereto reasomaboutsuchinteractionsit is highly probable
thatdistributedtemporaltaskcenteredccoordinationlik e thatusedin our other
work, basedon TEMS/DTC/GPGHL17,5, 4, 25, 10, 26], will beappropriate.

Anotherareain which coordinationwill play arolein I.L.S.A. is whenthe
I.L.S.A. systemis deplosed in a multi-unit carefacility. In this setting,one
I.L.S.A. systemwill take careof oneclient but the pool of humancaragivers
will be commonacrossthe setof I.L.S.A. systems(or at leastsubsetanay
be common). The individual I.L.S.A. systemswill thus needto coordinate
over non-emegeng tasksto optimizecargyiver time andto preventthrashing
behaior (caraivers beingoverbooled, not having sufcient time with each
client, etc.). I.L.S.A.-to-I.L.S.A. coordinationis anotherareathat, on the sur
face,appeardo lenditself to a decentralizednddistributed coordinationap-
proachlike thatusedin TAEMSresearche.g.,[4].

In generalcentralizatioris appropriatdor responseoordinationof anin-
dividual I.L.S.A. instance. The automatedcarayiver applicationhas differ-
entcharacteristicandrequirementshanothers,e.g.,distributed supplychain
managementhat mandatea distributed approach.The centralizedapproach
hasproveneffectivein deploymentandwe believe hasdecreasethenumberof
currentandpotentialdeploymentissues.Centralizatiorshouldbe considered
an appropriateoption for domainslike automatedccarayiver systemsthough
distributedcoordinationtechnologiesrerequiredto addresglifferent(classes
of) applications.

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



terbut thisis only conjectureatthis point. Becausehe characteof the spatial
interactionsn this problemdiffers from thattypically modeledin TAEMSthe
standardsPGPcoordinationtechniquegouldnot be emplg/edwithout modi-
cations to TAEMS. Dueto time andresourceconstraintsanda desireto com-
paredistributed coordinationto a centralizedoptimal oracle,resourcesvere
directedin thatfashion.

Heretounmentioneds the possibility of creatingan ef cient optimal cen-
tralizedschedulefor the serviceteams.As presentederethe taskspaceap-
pearssufciently constrainedo lenditself to centralizedapproacheshat do
not requireexhaustve search. This is partly an artifact of the task spaceas
framedfor this application— we are usinga small subsetof TAEMS features
andthe non-local-efflects (NLEs or taskinteractions)presentedn this paper
all involve mutualexclusion.In thegenerakasetaskinteractionanayimpact
eachothers quality, cost,anddurationgnotjust dictatemutualexclusion)and
theelementof choiceis largerthanpresentedhere— thesecharacteristiceom-
binedwith differing deadlineftenthwart typical non-exhaustve centralized
schedulingmethodologies More importantly however, is the motivation for
distribution. Distribution enablesncrementaladdition of repairteams,gives
eachteamlocal autonomy(if the simulatectceamswerehuman they couldex-
ercisetheir own judgmentandthe TAEMStechnologiesvould coordinatewith
the humans choiceswhenthe coordinationrecommendatiois overridden),
removesa centralpoint of failure,andremoresthe issueof computationabr
communicatioroverheadhatoccurswith onecentralizedschedulinghode.In
the broadersensecentralizations often not possibleor not desirabledueto
privagy concernstheneedto avoid a centralpointof failure,scalabilityissues,
or the potentialprocessinglelay In mary instancesit is alsonot required—
considerthe discretespacegepresentedby the differentcoordinationsetsin
this applicationbut imaginea network of 100,000agents— not all of these
would needto interact,coordinatepr evenbe awareof oneanother

Boththel.L.S.A. projectandthekeys basedtoordinationwork rely on prior
art andthe work of others. TAEMS and TAEMS agentshave a long history
and we would like to acknavledgethosemary other researchersvho have
contributed to their grownth and evolution — someof the individuals are Vic-
tor Lesser Keith Decler, Alan Ganey, Tom Wagney Bryan Horling, Regis
Vincent,Ping Xuan, Shellgy XQ. Zhang,Anita Raja,RogerMailler, andNor-
man Caner. We would also like to acknavledge the supportof Mr. John
Beaneof Honegywell on this project. The I.L.S.A. projectis a large effort at
Honeywell Laboratorieandmary individualshave contritutedto theintellec-
tual underpinningof the project. Someof the contributorsare: Chris Miller,



Karen Haigh, David Toms, Wendy Dewing, Steve Harp, ChristopherGeib,
JohnPhelps,Paygy Wu, Valerie Guralnik, RyanVan Riper, ThomasWagnery
StevenHickman,andothers

Thel.L.S.A. projectwas performedunderthe supportof the U.S. Depart-
mentof CommerceNationallnstituteof StandardandTechnologyAdvanced
TechnologyProgramCooperatie AgreementNumber7ONANBOH3020.The
aircraftservicework wassponsoredby the DefenseAdvancedResearctProjects
Ageng/ (DARPA) andthe Of ce of Naval Researclunderagreementum-
berN00014-02-C-0262ndby Honegywell Internationalunderprojectnumber
110105BB4. The U.S. Governmentis authorizedto reproduceanddistribute
reprintsfor Governmentapurposesiotwithstandingary copyright annotation
thereon. Disclaimer: The views and conclusionscontainedhereinare those
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Nationallnstituteof StandardsindTechnologytheU.S. Governmentor Hon-
eywell International.

1. For applicationdomainsin which theactiities of the agentsaremostlyindependentpr the actions
carriedout by the agentsareparticularlylightweight (sotheimplicationsof anintersectiorareslight, e.g.,
resourcegreunlimited), explicit coordinatiormay notbe necessary

2. Beyondthescopeof this paperis the useof quality for commitmentsatishctionin this application
andits role in the controlheuristics.

3. Notethatthisis asmallsubsebf the possibletemsneedingserviceor inspectiont this simpli®ca-
tion is alonga dimensiorthatdoesnot greatlyimpactthe utility of the coordinationalgorithm.

4. An indirectinteractionoccurswhenthe probleminstancecontainsdeadlineghatcannotbe met. In
suchcaseshoth wing and cockpit agentsshouldforgo work on selectedplanesin orderto avoid having
anentire eetof aircraftthat are partially complete ,noneof which arereadyfor their next mission. This
interactionis dealtwith usingvaluefor commitmentsatishctionandalgorithms/gperimentspertainingto
thattopic mustbe presentedeparatelylueto spacdimitations.

5. Notethatthis would alsoapplyto otheragentsetsif theproblemwereexpanded.
6. Comparisorbetweerthenew key algorithmanda pairwisetechniques discussedh theconclusion.

7. The centralizedschedulerequireson the order of 10 minutesto schedulell repairson a dual-
processoXenon2Ghzlinux workstation.A probleminstanceof thatsizewill generat®nor about241,920
schedulesomesubsebf which areunique.

8. The seven trial parameterare: (1) land time, (2) takeof time deadlines,(3) level of avionics
damage(4) level of weapongontroldamage(5) level of enginesdamage(6) level of rearmdamageand
(7) refuellevel.

9. If therepairsarespreacbver alarge numberof aircraftthereis little spatialresourcecontentionand
serviceteamscanbasicallyfunctionin parallel.
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