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Abstract— An increasing need exists for automated support
for monitoring the activity of distrib uted teams of cooperating
agents,both human and machine. We characterize the domain-
independent challenges posed by this problem, and describe
how properties of domains in�uence the challengesand their
solutions. We describe a monitoring framework for integrating
many domain-speci�c and task-speci�c monitoring techniques
and then using the conceptof value of an alert to avoid operator
overload. We describe an implementation of this framework in
teams of autonomousground and air vehicles.

Index Terms— monitoring, robot teams,value of an alert

I . INTRODUCTION

As automationandreliablehigh-bandwidthcommunication
networks becomemore common,our ability to monitor and
control largerandincreasinglycomplex teamsof autonomous
agentsbecomesmore critical. The need derives from the
requirementthatanautonomousagentbeawareof its progress
toward its goals,both individual and teamrelated.However,
it also derives from the requirementthat humansoverseethe
operationof teamsof increasinglycomplex agents,both au-
tonomousandsemi-autonomous.We characterizethedomain-
independentchallengesposedby both theseproblems,and
describehow propertiesof domainsin�uence the challenges
and their solutions.We will concentrateon dynamic, data-
rich domainswhere humansare ultimately responsiblefor
team behavior but individuals within the team operatein a
largely autonomousfashion.Thus, the automatedaid should
interactively supporteffective and timely decisionmakingby
either the human,interactively, or the autonomousagent,au-
tomatically. We presenta domain-independentcategorization
of the typesof alertsa plan-basedmonitoring systemmight
issueto a useror anagent,whereeachtypegenerallyrequires
different monitoring techniques.We describea monitoring
framework for integrating many domain-speci�c and task-
speci�c monitoring techniquesand thenusing the conceptof
valueof an alert to avoid operatoroverload.

We have usedour framework for executionmonitoring to
implementExecutionAssistants(EAs) in two different, real-
world domains.One domain (Army small unit operations)
has hundredsof mobile, geographicallydistributed agents,
a combinationof humans,robots, and vehicles. The other
domain (teamsof autonomousground vehicles(AGVs) and
unmannedair vehicles(UAVs)) hasa handfulof cooperating
robots.In this paperwe will focuson the latter domain.Both

domainsinvolve unpredictableadversariesin thevicinity. Our
approachcustomizesmonitoring behavior for each speci�c
task,plan, andsituation,aswell as for userpreferences.Our
EAs alerteitherthehumancontrolleror theautonomousagent
appropriatelywhen reportedevents threatenplan execution
or physically threatenteam members.Alerts are generated
in a timely mannerwithout inundating the user or reactive
control systemwith too many alerts(lessthan 10% of alerts
areunwanted,as judgedby domainexperts).

A. Monitoring Challenges: Interactiveand Automatic

Therehasbeengreatinterestin plangenerationalgorithms,
but lesswork on usingplansto dynamicallycontrolexecution.
Much executionmonitoring work describesmonitors in spe-
ci�c domains,sowe �rst characterizethedomain-independent
challengesof monitoringagentteams.

Several “universal” challengesof executionmonitoringare
not particular to dynamic, data-rich domainsor interactive
monitoring, for example,sensitivity of the monitor, temporal
sensitivity, synchronizationbetweenagents,and adversarial
reasoning.Theseissuesshould be part of a monitoring on-
tology and are addressedin our EAs, but we do not stress
them here,as they are discussedelsewhere[1], [2], [3], [4],
[5], [6], [7].

Weareconcernedwith executionmonitoringof agentteams,
where team membersmay be any combinationof humans
and/or machines.We concentrateon the challengesthat are
uniqueto executionaids in dynamicdomains,andcategorize
thesechallengesinto the following four categories.

� Adaptivity. The output of an execution assistantmust
meethumanrequirementsandpreferencesfor monitoring
behavior, providing high-valuealertsandsuggestions.

� Plan and situation-speci�c monitoring. Coordinating
the activities of many team membersrequires a plan
sharedby the team.

� Reactivity. Any executionmonitor must react to events
and uncertainty introduced by the environment. The
system remains reactive with high rates of incoming
informationand fastdecisioncycles.

� High-value, user-appropriate alerts. The challengeis
to not give falsealarmsandto not inundatethe decision
maker with unwantedor redundantalerts.

Thedomainfeaturesandmonitoringchallengeswith which
we are concernedare commonin many domainsin addition



Planconstraintviolated
Policy constraintviolated
New opportunitydetected
Adversarialactivity detected
Constraintviolation, opportunity, or

adversarialactivity projected
Contingency plan suggested
Systemproblemdetected
Reportingrequirementtriggered

Fig. 1. Top-level categoriesin alert ontology.

to robot teamsand SUOs. For example, they occur in the
monitoring of spacecraft[8], [3] and monitoring in medicine
[6] for ICU patientsor for anesthesia.Thesedomainsarealso
data rich — medical clinicians have “dif �culty in using the
vastamountof information that canbe presentedto themon
currentmonitoringsystems”[9], [6]. In particular, theproblem
of �ooding human userswith false or redundantalarms is
ubiquitousin medicalmonitoring[10], [11]. Onestudyfound
that 86% of alarms in a pediatric ICU were false alarms
[12]. Falsealarmsdistracthumansfrom moreimportanttasks.
Sucha falsealarm rate would most likely make the monitor
uselessin fast-pacedoperations.Researchin thesedomains
has concentratedon automatedmonitoring, with little or no
emphasison interactive monitoring.

One casestudy shows how the featuresof the commu-
nication systemand the use of legacy agentscan indicate
a different monitoring approachfor two similar problems.
Kaminka et al. [1] addressa problemsimilar to ours: many
geographicallydistributedteammemberswith a coordinating
plan in a dynamicenvironment.They usean approachbased
on applying plan-recognitiontechniquesto the observable
actions of team members,rather than communicatingstate
information among team members,which they refer to as
report-basedmonitoring. Report-basedmonitoring works in
our domainsbecausewe rely less on unmodi�able legacy
agents,have morereliablecommunications,andhave enough
bandwidthavailablewith our network anddisseminationalgo-
rithms.Kaminka'sapproachprovidesmoreautomatedsupport,
but we must addressthe problem of modeling the value of
information to the user. We believe that if Kaminka's system
wasextendedto interactwith humans,our alert ontologyand
techniquesfor avoidingoperatoroverloadwouldbeapplicable.

I I . TYPES OF ALERT

Alerts areusedto focusthesystem's, or user's, attentionon
anaspectof thesituationthattheexecutionaid hasdetermined
to be of high value.An alert may indicatethat a responseis
required,or may just be informative. Many different typesof
alert can be given, and it is useful to categorize alerts, thus
providing the beginning of a reusable,domain-independent
ontology for executionmonitoring.

Figure 1 shows the top-level categories for alerts that we
identi�ed by starting with a supersetof the categories we
foundusefulin our two domainsandthengeneralizingthemto

cover a broadrangeof domains.It is assumedthat execution
is directed by a plan that is shared by the team. These
categories generally require different monitoring techniques
anddifferentresponsesto detectedproblems.For example,ad-
versarialactivity could have beena subclassof other relevant
classes,but it requiresdifferent monitoring techniques.The
friendly locationdatais precise(within theerror of GPS)and
trustworthy, while adversarialdatacomesfrom fusionengines
running on data from sensornetworks. The adversarialdata
is highly uncertain,may comeat signi�cantly different rates,
and generallywill have different algorithmsfor determining
the value of information, as adversarialentities are actively
trying to thwart your plan andperhapsare trying to kill you.

The top-level categories in our ontology differ along the
following dimensionsthat are importantto monitoring:

� Propertiesof data sources(e.g., reliability and uncer-
tainty)

� Ratesof incomingdata
� Method of acquiring data (e.g., receiving messages,

pulling data from databases,doing plan recognition)
� Monitoring algorithms(including tradeoff of complexity

of analysiswith reactivity)
� Desiredresponsesto alerts
� Valueof informationalgorithms
The different monitoring techniquesfor eachcategory are

often domain speci�c, and can even be task speci�c in
somecases,adaptingthe monitoring as tasksin the plan are
executed.Our monitoring framework integratesthesevarious
techniquesand then usesthe conceptof value of an alert
to control interaction with the user. A descriptionof each
category in the ontology is given by Wilkins et al. [13].

I I I . VALUE OF INFORMATION AND ALERTS

Algorithmsthatalertonconstraintviolationsandthreatsin a
straightforwardmannerinundatetheuserin dynamicdomains.
Unwantedalertswere a problemin both our domainsand in
many otherdomainsaswell, suchasmedicalmonitoring[10].
To be useful,an executionaid mustproducehigh-value,user-
appropriatealerts.Alerts andtheir presentationmayalsohave
to be adjustedto the situation,including the user's cognitive
state(or the computationalstateof a softwareagent).

Our approachis groundedin the conceptof determining
thevalueof analert.First, thesystemmustestimatethevalue
of new information to the user. Information theory derives
from communicationtheory and the work by Shannon[14].
In information theory [14], the valueof information refersto
the reduction in uncertaintyresulting from the receipt of a
message,andnot to the meaningthat the messagehasto the
receiver [15]. By contrastwe usethetermvalueof information
(VOI) to refer to the pragmaticimport the information has
relative to its receiver.

Thus, the practical value of information derives from its
usefulnessin making informed decisions.However, alerting
the user to all valuable information could have a negative
impact in certain situations,suchas when the alert distracts
the userfrom more importanttasks,or whentoo many alerts



overwhelm the user. We thereforeintroduce the conceptof
value of an alert (VOA), which is the pragmaticimport of
taking an action to focus the user's attentionon a piece of
information.VOA takesVOI into accountbut weighsit against
the costsandbene�ts of interruptingthe user. VOI andVOA
are highly correlatedin most situations,and most general
commentsaboutVOI apply to VOA as well. However, VOA
maybe low while VOI is high if theuseris highly stressedor
preoccupiedwith more importanttasks.It is also possibleto
have a high VOA andlow VOI whentheinformationis crucial
to anupcomingdecisionandtheusermayhave forgottenit, or
may be behaving in a way that indicatesa lack of awareness.

A. EstimatingVOI and VOA

In interactive, dynamic, real-world domains, we cannot
model all alternatives, their payoffs, nor all the other knowl-
edge and probabilities required with enough precision to
compute the “theoretical” VOI and VOA. Therefore, we
computeVOI and VOA qualitatively in our domains,using
severaldomain-speci�cquantitativemeasuresin thequalitative
reasoningprocess.Issuing an alert is a discreteevent, and
generallythereare a small numberof optionsfor presenting
an alert. Therefore,estimatingVOA is primarily a problem
of categorizing the potential alert into a small number of
alert presentationtypesor modalities.We needto determine
when the VOA crossesthresholds(de�ned by the VOI/VOA
speci�cation) indicating, for example, that it is valuable to
issue an alert, or that the alert should be issued as high
priority. In our framework, the thresholdsarecustomizableby
the userand can be missionspeci�c, changingautomatically
as different missions in the plan are executed. The VOI
algorithmsalso determinewhat information to include in an
alert.

Different alert presentationsare handled by assigninga
qualitative priority to eachalert. For example,our Execution
Assistant(EA) divides alertsby VOA into threeequivalence
classesfor levels of priority. The agentmay reactdifferently
to eachof thepriority levelsandthey arepresenteddifferently
to the userandthe automatedagent.

B. VOI and VOA Criteria

As describedabove, the VOI and VOA algorithms will
generallybeheuristic,domainspeci�c, andusercustomizable.
Herewe identify mostof the inputsthat will be applicableto
mostinteractive,dynamicdomains.We startedwith a superset
of the VOI criteria we found useful in our two domains
and then generalizedthem to be domain independent.(The
propertiesof the userlisted below are estimatesfrom system
modelsof theuser, astheuser'smentalstateis notaccessible.)

� The plan
� Policies
� User's awarenessof curr ent situation
� System's view of curr ent situation
� User's cognitive load
� Resources, especiallytime, available for analysisor re-

sponse

� Inf ormation about adversarial agents
� Characterization of uncertainty
� Age of information and age of user's awareness
� Source of information
TheplanprovidesseveralVOI criteria:theplanmayprovide

explicit andimplicit decisionpoints,high-valueplaces,times,
teammembers,and so forth. The value of a task,constraint,
adversarialaction, or team memberis often determinedby
the plan structureandplan annotations.The tasksin the plan
can invoke task-speci�c VOI algorithms within our moni-
toring framework. Domain policies (or specializedreasoners
that implementthem)andreportingrequirementsprovide the
knowledge necessaryto determinethe value of alerts about
varioustypesof constraintviolationsandreports.For example,
in our domains,we monitor the physicalsafetyof our agents.
Alerts on life-threateningsituationshave the highestpriority.

We notedthat VOI tendsto zeroto the extent that the user
is alreadyaware of the information. Thus, determiningVOI
mustdependon assessingthe currentview of the situationto
determineif arriving reportsoffer new informationor simply
con�rm the existing view. In data-richdomains,we assume
that the executionaid may have a more detaileddescription
of the situationthan the user(for the aspectsof the situation
that are describedby incoming data),becausethe user may
be performing other tasksand monitoring the situationonly
whenhe is alertedby theEA. Therefore,thevalueof alerting
the user will depend on how much the new information
differs from theuser's lastsituationupdate,even if thesystem
hasmore recentdata that differs only slightly from the new
information.

Ideally, we would like to model the user's cognitive load,
and give lower values to noncritical alerts when the user
is consumedwith addressingmore critical aspectsof the
situation.Similarly, we do not want to overloadthe system's
computationalresourcesor ability to remain reactive, so the
value of certain information may depend on the time or
resourcesavailable to analyzeit.

When determiningthe value of information about adver-
saries,it is often useful to comparedeveloping patternsto
any information about the adversary's plans or tendencies,
which could be obtainedfrom humanintelligenceanalystsor
generatedby plan-recognitionor pattern-matchingalgorithms.
As mentionedabove, information that reducesuncertaintyis
valuablein domainswith high uncertaintyand active adver-
saries.VOI canbe estimatedif we have a characterizationof
the uncertaintypresentin our currentview of the situation.

The ageof informationis alsoa factor in VOI — outdated
reportsmay have zerovalueif newer informationhasalready
arrived.Whenmodelingthe user's awareness,elapsedtime is
a factor. The user will be aware of alerts issuedin the last
few minutes,but may no longer be aware of somethingthat
wasbroughtto her attentionyesterdayor last week.Thus,the
valueof a proposednew alertmay increasewith elapsedtime
sincea similar alert was issued.

Whena variety of sourcesof informationexists, the source
is a factor in VOI. Often, different information sourceshave
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inherently different levels of certainty, authority, or impor-
tance. For example, the EA can accept reports from both
humanobservers and automatedsensors.An EA with such
inputs might want to weigh humanobservations differently
dependingon the humanandthe situation.

IV. IMPLEMENTING EXECUTION MONITORS - ROBOT

TEAMS

The domain is composedof a teamof robots to coopera-
tively trackandpursueenemyentitiesthathave beendetected.
Each AGV or UAV is an autonomousagent with its own
view of the world, on-boardreasoningcapabilities,and set
of resources(suchaspower, computation,anda uniquesetof
sensors).Duringamission,theremaybelimited opportunityto
communicatewith thehumancontroller. Therefore,theagents
must rely on oneanotherto completethe mission.

A. Architecture

The SRI robot architectureis basedon several years of
researchat SRI into intelligent reactive control, planning,
negotiation, and robot motion control [16], [17], [18], [19],
[20]. It is similar to systemslike SAFER[21] andSRTA [22]
in its ability to dealwith multiple goalsat onceandevaluate
whento discardgoals.Figure2 shows our Multi-Level Agent
Adaptation(MLAA) architecture.Monitoring is pervasive and
serves eachlayer in the architectureas well as the user(not
shown).

The coordinationmodule receives goal requestsfrom the
humancommanderor otheragents.Theagentparticipatesin a
negotiationprocessto determineits role in achieving thegoal.
During negotiation, the agent consultsthe strategic planner
to createa plan, or plan segment (referred to as a recipe),
and assessthe recipe's viability given current commitments.
If the negotiation processresults in the goal and its recipe
being accepted,the EA Plan Managerinstantiatesthe recipe
and initiates its execution. The Plan Initializer also creates
monitoring sentinelsfor use by the EA to detect deviation
from the recipeduring execution.The executionof a recipe
involves activation of tasksthat must be blendedwith other
active tasksto maximizethesatisfactionof multiple goals.For

example,if the robot needsto reacha waypointby a settime,
take a pictureof a locationnearby, andalsoremainconcealed,
thetaskblendermodi�es thepathplannerat runtimeto achieve
all threetasks.Finally, the lowest layer in the architectureis
theinterfacebetweenthetaskingarchitectureandthephysical,
or simulated,robot controller.

The monitoring in Figure 2 is done by the EA, applying
VOI and VOA calculations,and issuing alerts. The initial
monitoring issuesapparentwithin the autonomousvehicle
domaincanbe divided into the following four categories:

� Monitoring thecompletionof, or progresstoward,a basic
action(e.g.,go to a waypoint)

� Monitoring the satisfactionor completionof themultiple
tasks to which the robot is currently committed (e.g.,
pursueevader, patrolarea,photographtargetevery 2 hrs)

� Monitoring theactivity of unknown or adversarialentities
� Monitoring the stateof the communicationnetwork, the

robot, and other team members(e.g., communication
network quality or integrity, robot mobility, or battery
level)

Comparingthesecategories to our ontology in SectionII,
the �rst two involve the generalalert types plan constraint
violated and constraint violation projected. However, they
exist at differentlevels of abstractionandoften have different
temporalimpactandassociatedmonitoringrequirements.The
third categorycleanly�ts theadversarial activitydetectedalert
type andtriggersalertsfor both autonomouscontrol anduser
reporting.The fourth category is essentialboth to team-based
automatedoperationand effective user interaction, and in-
volvespolicy constraint violatedalerts,reportingrequirement
alerts,andsystemproblemdetectedalerts.

B. TheExecutionAssistant

A rich plan representationallows team membersto share
context and communicatewith the user. Primitive actions
in this domainare basicmotion control and communication
requeststo the physical robot. A goal request from the
user is decomposedinto individual agentplans(recipes)and
intentions to aid or interact with other agents.Recipesare
composedof partially orderedsequencesof tasksthat in turn
evolve into primitive actions.The EA Managercontinually
appliesits Acts to respondto new goalsand factspostedin
its database.TheActs correspondto algorithmsfor monitoring
requirementsat each layer in the MLAA. Some implement
useralertsandothersimplementautonomouscontrol.

The inputs to the EA are plansto execute,policy declara-
tions,statusreports(including location,speedandorientation)
from its own sensorsuite, and messagesfrom other agents.
Thesemessagesincludestatusreportsof otheragents,reports
on missionsuccessor failure,sharedinformation,andrequests
for help. Dependingon communicationconditionsor policy
restrictions,an agent may, or may not, receive from team
membersstatusreports(up-to-datelocations)of all friendly
agentsand other entities within visual range.Sentinelsare
extracted from plans and policy declarations,are evaluated
whenstatusreportsarereceived,andmay producealerts.The



alerts producedare designedto serve both the user and the
autonomouscontrolvia theplanmanagercomponent,although
theneedsof eachvary considerably. The robot agentneedsto
reactwhen the successof its individual tasksare threatened,
and the usermustact if the overall missionis threatened.

For our initial experimentation,all monitoring alertswere
derived from regular statemessagesfrom eachteammember.
A statemessagereportsthecurrentlocation,velocity, attitude,
andsensorimprecisionof an agent.An Act is invoked every
time a locationreport is postedin the EA Managerdatabase.
Such postings happenseveral times each second,because
each robot receives two such messagesevery secondfrom
its own sensorsand two from eachteammember, basedon
network conditions. It also receives similar state messages
aboutentitieswithin its own �eld of vision. This meansthat
in a team of three robots, each agent will be handling a
minimumof at leastsix statemessagespersecondandpossibly
many moredependingon theenvironment.In addition,agents
shareinformationthroughmessagesthat we arenot currently
consideringexcept when they updatestateknowledgeabout
adversarialentities. Currently, the EA is being extendedto
serve the higher layersof the architecture.Our initial imple-
mentationof the EA detectsthe following typesof alert.

� At-goal – robot at currentwaypoint
� Stuck – robot stuckandnot at currentwaypoint
� Divergent – robot diverging from currentwaypoint
� No-status– robot no longer reportingits state
� Target-visible– robothasa targetwithin its sensorrange
� Lost-target – robot lost track of target during pursue

mission
� Target-gone– targetmovedoutof assignedsectorduring

pursuemission
� Collision – robot anticipatesthat it will hit a nearby

object in the next few seconds
� Handoff – robot has delegated/accepteda task to/from

anotherteammember
� Goal-failur e – robot is projectedto fail the given task,

initially appliedto goalswith �x ed temporaldeadlines
As describedin SectionIII, we developedalgorithmsthat

heuristicallyestimateVOI andVOA usingdomainknowledge.
We avoid excessive alerts by issuing only high-VOA alerts.
Our techniquesinclude

� Keepingevent historiesfor eachfriendly teammember,
for map coordinatesand for important map locations
namedin the plan (e.g.,decisionpoints)

� Having alerts“expire” in thesensethatthey canno longer
be usedto suppressfuture alerts

� Usingalert historiesfor suppressingalertsby time (simi-
lar alert given recently),strength(threatnot signi�cantly
stronger),anddistance(threatnot signi�cantly closer)

� Merging several relatedalertsthat apply to subordinates
into onealert for the commonparent

� Providing parametersso the usercan customizealerting
behavior andVOI/VOA estimates

Historiesare usedto determinethe VOI and VOA, and to

detect Stuck, Divergent, and No-statusalerts. For example,
thehistory indicatesthe time andtherobot locationat the last
progresscheck,soif thecurrentwaypointhasnot changedand
therobot is furtheraway from thewaypoint,thenthevalueof
issuinga Divergentalert shouldbe calculated.

The value of issuingan alert takes into considerationcus-
tomizablelatency thresholdsandrepetitionparameters,which
are associatedwith both the automatedagentand the user.
Some of the agent parametersare customizedto improve
performance,while othersare a function of the behavior of
the robot. For example,the valueof a divergent alert will be
a function of the expectedvelocity of the agent,becausean
agenttravelingatahighspeedwill divergemorequickly thana
slow agent.Similarly, achangein orientationwill in�uence the
valueof analertbecausea turningagent,while not decreasing
the distanceto the waypoint,may indeedbe makingprogress
toward the goal.

An example of how monitoring is used to facilitate au-
tonomouscontrol is illustratedby thesituationwhereanagent
is patrolling a designatedarea. When an evader becomes
visible, the agentreceives a Target-visiblealert, which is of
type adversarial activity detected. Reactingto either a high-
priority policy to pursueevadersor an explicit plan step,the
agentcommitsto a new goalPursuenamed-evader. This goal
is achieved by the activation and blending of three tasks:
Follow named-evader, Relocatenamed-evader and Search-
for named-evader. Thus,the robot will maintainpursuiteven
whenthe evaderslips in andout of its �eld of vision.

The user's preferredstrategy might be to report the �rst
sightingof theevaderor to track its position,notingwhenever
it disappearsfrom view. However, the autonomouscontrol
requiresnoti�cation only if the likelihoodof recoveringvisual
contactis deterioratingandtherobotis searchingaimlessly. At
this point, a Target-Lostalert,which is of typeplan constraint
violated, will besentto theagent's EA Manager(andpossibly
the user).In this example,a policy exists for reactingto this
type of alert. It will causethe pursuitgoal to be droppedand
the original Patrol plan to be resumed.

C. Evaluation

The EA is being evaluated within an SRI experimental
framework calledthe SRI AugmentedReality Simulator[23].
The framework allows our autonomousagentarchitectureand
softwareto betestedwithin anentirelysimulatedenvironment,
on a team of physical robots,or a mixture of the two. The
physicalrobotsarethreeActivMedia Pioneerrobotsequipped
with GPS, as shown in Figure 3. Initial experimentswere
carried out in a simulated environment. We then ran the
system in an entirely physical world with a team of two
cooperatingrobotssearchingfor andpursuingtwo independent
evader robots.We have also run in environmentscomposed
of a combinationof physicalrobotsandsimulatedentitiesto
illustratescalabilityandoperationwith UAVs. Themonitoring
technologywas effective in ensuringrobust execution in all
environments,and in giving human operatorsinsight into
the stateand activity of each robot. This insight facilitated



Fig. 3. SRI experimentalPioneerUGV.

debuggingandtheprocessof moving from thesimulatedworld
to the physicalrobotsasproblemswerequickly identi�ed.

The initial EA implementationwas evaluatedwith respect
to the usefulnessof its output, value of alert, and real-
time performancewith realistic data streams.Our analysis
shows thatall the importantsituationsarealerted,bothduring
simulatedexecutionsandduring testswith actualrobots.The
latter arenever exactly reproducible.

V. CONCLUSIONS

We characterizedthe domain-independentchallengesposed
by an executionaid that interactively supportshumansmoni-
toring the activity of distributed teamsof cooperatingagents,
both humanand machine.The most important issuesfor in-
teractive monitoringareadaptivity, plan-andsituation-speci�c
monitoring,reactivity, andhigh-value,user-appropriatealerts.
We presenteda top-level domain-independentcategorization
of the typesof alertsa plan-basedmonitoring systemmight
issueto a user. The differentmonitoringtechniquesgenerally
requiredfor eachcategory areoften domainspeci�c andtask
speci�c.

By using an asynchronousmultiagentarchitectureand an
extendedversionof the PRS reactive control system,we mon-
itored the execution of plans with acceptablelatency, given
a dozenor more incomingeventsper second.Our evaluation
showed that our plan-awareEAs generatedappropriatealerts
in a timely mannerwithout overwhelming the user or the
autonomousdecisionsystemwith too many alerts,although
a small percentageof the alertswereredundant.
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