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Abstract

Basedon experienceslearnedfrom the BIG [9, 16, 17]
informationgatheringagentwehavegeneratedanew ap-
proachto sophisticatedinformationgatheringagentcon-
struction. Thenew architectureremovessomeresearch-
gradeAI components,replacesothers,andreframesthe
problemspaceto supportstrongerdomainproblemsolv-
ing. Theendresultis anarchitecturethatwill supportcri-
sis responseinformationgathering,travel planning,and
music-centereddigital library informationgathering. In
this paperwe discussthenew architecture,provideratio-
nale for changeand restructuring,and identify the new
technologies.Examplesareframedin thetravel planning
domainasthis applicationis theclosestto actualdeploy-
ment. Theadvantageof usingagenttechnologyin these
applicationsis that it enablesthe softwareto meetreal-
time deadlines,respondto the dynamicsof the Internet
environment,reasonaboutclient preference,andplan to
achievetheobjectives.An agentapproachwill alsofacil-
itate futurework in distributing thecomputationto mul-
tiple agents.

1 Introduction

The web is a rich and fertile information resource. It
is alsoa time consumingandcomplex resourceto use,
for humansand software agentsalike. Web-basedin-
formation is generallyunstructuredor semi-structured,
hasvaryingdegreesof quality, andis oftencontradictory.
ThelargerInternetenvironmentis similarly unruly– sites
maybeupor down,network bandwidthmayvary, remote
queriesmaytakepredictablylongeratcertaintimesof the
dayor responsetimesmayspike in a seeminglyrandom
fashion.While advancingtechnologies,e.g.,XML, may
alleviatesomeof theproblemsof working with theweb,
we do not foreseeit becominga globally cohesive infor-

mationresourceat its baselevel in thenearterm– dueto
its size,highly distributedandindividualnature,anddue
to theintellectualpropertyissuesinvolved.

In our research,we attemptto addressthe complex
dynamicsof the web as it exists today, and to do so in
sucha way asto leveragelikely near-termadvancessuch
as the widespreaduseof XML. Our researchbuilds on
the hypothesisthat muchweb-relatedinformationgath-
ering is doneto supporta decisionprocess,e.g.,which
productto buy or whetherit is safeto travel to somedis-
tant country. Our overall objective is to enablea human
userto describethe inputsto his or herdecisionprocess
and from said specificationto automatethe gathering,
extraction, andassimilationof information, and to per-
form somelower level decisionfunctions,e.g.,suggest-
ing which productto purchaseor pruning productsthat
clearly do not meetthe specification.This is a specific
classof informationgatheringactivity andwebelievethat
for many suchapplicationson-lineinformationgathering
is requiredbecausethe informationneedis highly cus-
tomizedand situatedin time, i.e., the more up to date
informationwehave, thebetter.

Implementationally, theagentcomponentsandarchi-
tecturedescribedin this paperarebeingusedto support
crisis responseplanning(e.g., chemicalspill response),
travelplanning,andmusic-centereddigital library efforts.
In this paperwe focus primarily on the travel planning
domainbecauseit is the closestof theseefforts to ac-
tual deployment.Thearchitectureof this work is derived
from our previous work in sophisticatedproblemsolv-
ing agentsin general,e.g.,[15], andthe BIG [9, 16, 17]
informationgatheringagentin particular. BIG (resource-
BoundedInformationGathering)is anagentthatcan,with
little informationa priori , recommendsoftwareproducts
to usersby performingonlinesearchanddiscovery, gath-
ering, and processingof free format information. BIG
usesa large setof research-gradeAI technologies,e.g.,



blackboardproblemsolving[3, 4], informationextraction
[21], andDesign-to-Criteriascheduling[26, 25, 24] for
soft real-timeagentcontrol1, andtheintegrationof these
technologiesis an interestingtopic in andof itself. BIG
is an ambitiousresearchartifact. However, BIG’s com-
plexity is anobstaclewhenit comesto actualonlineuse
in real applicationsettings.Componentslike the black-
boardproblemsolver and the MUC-style (messageun-
derstandingconference)informationextractorsare800lb
problemsolvinggorilla’s thatmaynot beneededfor cer-
tain applicationswheretheproblemstructureis well de-
finedandpredictableresultsaremoreimportantthanat-
temptingactive-search-and-discoveryonline.

Basedon experienceslearnedfrom the BIG project,
we have generateda modifiedapproachto sophisticated
informationgatheringagentconstruction.Theobjectives
of the revisedarchitectureare: 1) to improve the under-
standabilityandpredictabilityof theinformationagent(s),
2) to simplify the processof re-deploying the artifacts
in differentapplicationdomains,3) to facilitatea multi-
agentapproachto problemsolving as in the WARREN
portfolio managementsystem[6], and4) to enableoth-
ersto moreeasilyreproducetheagentor to build on the
work. The new architectureremovessomeAI compo-
nents,replacesothers,andre-framesthe problemspace
to supportstrongerdomainproblemsolving. While we
have removed many componentsfrom BIG’s prototypi-
calarchitecture,themostnotablearetheblackboardplan-
ner/problemsolver, theMUC classof informationextrac-
tion technologies,and the documentclassifierrequired
to keepBIG from gettingdistracted(andrecommending
Adobe Acrobat as the word processorof choice) [16].
We have also rebuilt all of the new agentcomponents
from scratchwith theexceptionof theDesign-to-Criteria
scheduler– noteson theimplementationcanbefoundin
Section4. New technologiesbeingdeployed in the cur-
rent architectureincludean informationgatheringplan-
nerandadecisionmakingcomponentthatis active in the
assimilationof information. The architectureand these
componentsaredescribedin greaterdetail in thefollow-
ing sections.

It is important to note that the applicationdomains
targetedby this researchare more focusedand limited
thanthosetargetedby theBIG project. BIG is designed
with theunderlyingobjective of creatinganapproachto
agentinformation gathering(for decisionsupport)that
is general,flexible, andemploys powerful technologies
for reasoningaboutinformationandextractedinforma-
tion. For example,BIG associatescertaintieswith infor-
mationextractedfrom documentsandattemptsto resolve
conflicting dataor uncertaindata. This issuesarisebe-

1Soft real-timeis usedhereto denoteamix of real-timein thehard-
realtime senseand“f astenoughfor theapplication”real-timewhich is
theway theexpressionis typically usedin AI.

causeBIG attemptsto supportgatheringfrom arbitrary
sitesandprocessingof information in arbitrary formats
in muchthe sameway that a humanuserwould. In the
currentline of research,wehavereplacedarbitraryonline
search,discovery, and processingwith a predefinedli-
braryof onlineresourcesto whichanagentmaygofor in-
formation.Theagentalsohasa customizedextractorfor
eachknown site– anapproachtypically usedin informa-
tion gatheringagents,e.g.,[8].2 Theimplicationsof this
arethatour agentsdo not attemptto locatenew informa-
tion resourcesonlinewhile respondingto a user’s query,
thus, the agentsaremore predictablebut also lessable
to adapt. For example,if all known sitesaredown, our
agentscannotsimply begin searchingvia AltaVista for
new resources.However, in the BIG project, it became
clear that arbitrary searchand discovery is a very hard
problemthat requiresall of BIG’s heavyweightproblem
solving, e.g., associatingcertaintieswith dataextracted
from web documents.This is why the activity of learn-
ing to usea resourceand using the resourceare often
split as in [8]. The modifiedarchitecturealsodiffers in
that we have replacedthe complex fusion performedby
BIG’sblackboardwith theactivity of explicitly modeling
the informationproduced/requiredby individual actions
andby a decisionmakingcomponentthat reasonsabout
informationassembly(wheretheinformationqualityand
type is highly predictable). In a way, explicit planning
pluscustominformationextractorsreplaceBIG’s black-
boardproblemsolvingandgeneralextractorsto produce
moredeterministicagentbehaviors. Primarysimilarities
betweenBIG andthecurrentwork arethatagentsreason
abouttimelimitationsandresourceboundsto producere-
sultsin soft real-timeandthatbothattemptto addressthe
“entire picture” to produceusableresults.In the follow-
ing sectionswe shift gearsandfocuson an instantiation
of our modifiedagentarchitecture.Researchissuesand
componentsarethusdiscussedin thecontext of thetrip-
planningapplication.

2 Related Work

This researchfalls into the generalcategory of “moving
up the food chain” [10] andconstructingstrongerinfor-
mationsupportthanis providedby pureinformationre-
trieval technologies[2, 14]. In mosthigher level work,
the objective is to returnsomethingother thana list of
URLs to the users. Examplesof this include personal
shoppingagentsthatperformpricecomparisonssuchas
theoriginalBargainFinder[13] andtheShopBot[8], though
othertypesof personalagentsabound[1, 20]. Someof
the major differencesbetweenthe work presentedhere

2WhenXML becomesprevalent, the customextractorscansimply
bereplaced.



andotherpersonalinformationagentsarethatour agent
reasonsexplicitly abouttimeandresourcelimitationsand
that our agentperformsmorecomplex assemblyof ex-
tractedinformation. For example,BargainFinderessen-
tially returnspriceswhereastheagentpresentedhererea-
sonsaboutgatheredinformationandpreferenceandre-
turnscompleteditineraries. A morecompleteexamina-
tion of BIG andour agentversusothertechnologiescan
befoundin [17].

3 Tripbot: An Architecture Instan-
tiation

Along with theexponentialincreaseof variousonlinein-
formationresources,therearemoreandmoreonlineser-
vicesavailablerelatedto thetravel-planningdomain.For
example,Travelocity (travelocity.com), Expedia(expe-
dia.com),InternetTravel Network (itn.com),andTravel-
Web(travelWeb.com)etc. areall popularsitesfor travel
services,suchasair flights,hotelsandrentalcars.When
planninga trip online, a traveler often requiresa num-
ber of servicesthat are closely interrelated. Although
eachservicemay have individual constraints,the whole
itinerary is alsolikely to beconstrainedby someoverall
factorssuchasactivity schedulingor totalbudgets.How-
ever, mosttravel servicesitesrequiretheuserto schedule
different typesof servicesindividually ratherthancon-
siderthemtogetherasa completeitinerary, andmostof
them do not support tradeoff analysis. Therefore,the
usershave to assembletheseservicestogetherby them-
selvesand to make sureall the servicesarecompatible
andsatisfyall individual andoverall constraints.For a
longertrip involving many activities, therearegenerally
too many alternativesandconstraintsfor simpleandfast
evaluationby humans– which makestrip planninga te-
diousandtime-consumingtask. Our solutionis to con-
structanautonomoustrip planningagent,calledTripBot,
to help peoplereduceinformationoverloadby carrying
out certainclassesof travel planningand itinerary con-
structionautomatically.

3.1 Architecture Overview

Figure1 shows the prototypicalarchitectureas instanti-
atedfor the TripBot travel planningagent.Control flow
beginsandendswith theGUI at theleft sideof thefigure.
Thekey components,in controlflow order, are:

GUI The web baseduser interfaceis where the travel
planningprocessbegins.Via theinterfaceusersex-
presstrip objective criteria,e.g.,travel dates,cost
limits, anddesiredvacationclasses(beachyversus

mountains).Usersalsospecifypreferencesfor dif-
ferentformsof entertainment,e.g.,concerts,plays,
golf courses,andspecifypreferencesfor hoteltypes
andrentalcarsclasses.Input alsoincludesthede-
siredtime for the agentto search,e.g.,“spendno
morethan5 minutesplanningmy trip.” This input
formshardandsoftconstraintsontheagent’sinfor-
mationgatheringprocessandonthewayit chooses
betweenpossibleitinerarycomponents.

Query Processor Query data is generatedby the GUI
andpassedto thequeryprocessorwhichin turnex-
pandscertainkeywordsusinga semanticallyorga-
nizedlexicon. For example,if auserincludes“hik-
ing” asa keyword in the recreationcategory, then
a closely synonymousactivity, if available in the
lexicon, suchas “rock-climbing” could be added
to thequery, with lower priority thanprimarykey-
words.This enablestheagentto searchfor related
informationwhenit useskeyworddriven,site-specific,
searchengines.

Capability Assessor The raw query dataplus the sup-
plementarydataproducedby thequeryprocessoris
passedto thecapabilityassessorcomponent.This
componentis a plannerthat plans to satisfy the
query. The planner, describedin greaterdetail in
Section3.3, plansfrom first principalsbut instead
of producingafully orderedsequenceof actions,or
apartiallyorderedsequenceof actions,theplanner
enumeratesa subsetof the agent’s problemsolv-
ingoptionsanddescribesthemstatisticallyin terms
of quality, cost,andduration. Insteadof emitting
a singleplan, the planneremitsa family of plans
modeledin theTÆMStaskmodelinglanguage[7,
23], which is themodelingframework usedto rep-
resentandreasonaboutthe agent’s problemsolv-
ing options.This is discussedfurtherin thecontext
of the Design-to-Criteriaschedulerbelow. Along
with the family of plans,the planneralsoemitsa
dependency specificationthatdefinestheexpected
inputsandoutputsof actionsasthey execute.TÆMS
isdeliberatelyabstractandlackssuchnotions.Both
planningfrom first principlesandthetypeddepen-
dency basedreasoningare featuresuniqueto our
new architectureandnot foundin BIG.

Design-to-Criteria Scheduler TheTÆMStaskstructure
emittedby the capabilityassessor(above) is then
passedto theDesign-to-Criteriaschedulefor anal-
ysis. The schedulerhasbeenusedin numerous
agentprojectsto evaluatethe agent’s optionsand
to determinea courseof actionfor theagent,e.g.,
[15]. The scheduleris documentedindependently
in [26, 25, 24]. The scheduleris part plannerand
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Figure1: TheTripBot AgentArchitecture

partschedulerin thatit decideswhich tasksto per-
form andhow to go aboutperformingthemin ad-
dition to sequencingout theagent’sactivities. The
schedulerreasonsaboutdeadlines,resourcelimita-
tions,abstractinteractionsbetweentasks,costlim-
itations,andpreferenceson quality, cost,anddu-
ration. It is a trade-off analysisexpert and what
makesthis agent,andBIG, ableto meetreal-time
deadlinesandtoperformdifferentlyin differentcir-
cumstances,e.g.,flexible degradationin thefaceof
limited time. BIG’s trade-off behaviors aredocu-
mentedin [17, 9].

Execution Control Subsystem Theoutputof theDesign-
to-Criteria (DTC) scheduleris a fully orderedse-
quenceof actionsfor theagentto carryout. In con-
trast to BIG, wherecertainactionsareperformed
in parallel, the parallelismfeatureof DTC is not
currently usedin our agent(to simplify the con-
structionof theexecutionsubsystem).Theexecu-
tion subsystemcombinestheschedulewith theac-
tion dependency specificationandtheactions(con-
tainedin theactionlibrary) andexecutesthesched-
ule.

Internet Site Wrappers Actionsperformedduringexe-
cutionbasicallyreduceto invoking a specificweb
site wrapper(associatedwith the action in ques-
tion)andpassingalongappropriateparameters.For
example,onemight invoke theweather.comwrap-
per with a specificzip codeto obtainthe five day
forecastfor a givenarea.Thewrappershandlethe
http get requests,grab the html output, and pro-
cessthe output to obtainstructureddatafrom the

unstructuredtext. Thisdatais insertedinto trip ob-
jects,whichcontainfragmentsof itinerariesor par-
tial itineraries.

Decision Maker Thetrip objectsproducedby thewrap-
pers/executionsubsystemare passedto the deci-
sionmaker, describedin greaterdetailin Section3.4,
which usesthe client preferencesto constructand
selectitinerariesfor theclient. In futureversionsof
this work, thedecisionmaker will beinvokeddur-
ingexecutionandwill possiblyprovidefeedbackto
theuserwho canthenrefinehis or herpreferences
andmodulatethesearchasit progresses.Thiscon-
trol conceptwasalsotargetedfor BIG thoughnever
implemented.

Of thesecomponentstheresearchgradetechnologies
are the Design-to-Criteriascheduler, the query proces-
sor, thecapabilityassessor, andthedecisionmaker. The
Design-to-Criteriascheduleris a matureartifact thathas
beenin service,but evolving, since1995.Theothercom-
ponentsarenotablein that they differ significantlyfrom
thoseusedin BIG or they arecompletelyoriginal. We
thusdiscussthemin greaterdetail in the following sub-
sections.

3.2 Query Expansion

Thevaluesof the keywordspartof theuser’s querywill
beexpandedbasedoninformationencodedin theseman-
tically organizedlexicon WordNet [5] aswell as in our
own theme-basedlexicons. For exampleof the useof
WordNet, if a userincludes”mountaineering”asa key-
word in the recreationcategory, thena closelysynony-
mousactivity – oneof mountaineering’s”senses”suchas



”climbing” couldbeaddedto thequery, with lowerprior-
ity in thesearchthanprimarykeywords.

The useof theselexiconsenablesa variety of arbi-
trarydistancecalculationsto determineasetof wordsre-
latedto thekeywords.We areexamininga calculationof
closenessof two termsbasedonacombinationof quality
andsimilarity distancesthroughtherelationsprovidedby
thelexicons.Priority grading@ ACBED.FCGIH�JKGKH�L�MNJKOQPIGRM and
similarity @ H�DTSUJKGVPWDXH�SYH�Z�BQG[L�JN\]L�ACBQ^_M

functions,in
additiontosomehand-crafted,domain-dependentweights
basedon trip related”scenes”guidetheselectionof dif-
ferentsetsof keywordsetsusedto query. For anexample
of the latter informationa beachscenemight invoke the
set ` ”towel”, ”ball”, ”coast”, ”fish”, ”trail” a .

The expandedsetof keywordsmay thenbe usedto
expandtheinformationgatheringphaseof theagentsac-
tivities. It will initially usethefollowing strategiesto fo-
cusits searchat thesechoicepoints:

1. Closenessof expandedsetof keywordsto theorig-
inal setbasedonsimilarity andquality.

2. Closenessof matchbetweenexpectedinformation
gatheredand user’s query, i.e., eachinformation
sourcehasa typeassociatedwith it. The nameof
thattypein thesemanticlexiconcouldprovide the
basisfor this measure.

3.3 Capability Assessor

Theproblemfacingasituatedinformationgatheringagent
is thatof decidingwhatactionsto performthatadequately
satisfya user’s queryin a timely fashion.Therearedif-
ferentapproachesto this problem. However, todayit is
widely held that a planningcomponentis essential[27]
to provide theflexibility andcustomizabilityrequiredfor
complex andvariableuserqueries.Thereareavarietyof
waysthatthiscomponenthasmanifesteditself, i.e.,asan
extensionto UCPOP[12] or asa mix of componentsin
BIG [16]. The latterapproachis of particularinterestto
ussincewetooseekto leveragethesophisticatedreason-
ing providedby a DTC schedulingcomponent.

DTC providesa way of selectingandschedulingsta-
tistically characterizedsetsof agentactionsorganizedus-
ing the TÆMSlanguage.Visually, TÆMSis a treethat
describesthe hierarchicaldecompositionof tasks(and
goals)into subtasksandfinally into theprimitive actions
that canbe usedto carry them out. TÆMS task struc-
turesserve asthe input to DTC – it is how DTC under-
standstheagent’s problemsolvingoptions.Our view of
the role of TÆMS is evolving andwe currently like to
view a single-agentTÆMS taskstructureasan abstract
characterizationof an agent’s capabilitiesat a particular
instantin time and within a particular(larger) problem
solvingcontext. Thetaskstructurespecifieswhatactions

theagentmaycarryout andhow theserelateby defining
the agent’s problemsolving structure,e.g.,which tasks
affect others,precedenceconstraints,how quality propa-
gatesthroughthegraph,etc.However, TÆMStaskstruc-
turesare deliberatelyabstract– thoughTÆMS actions
arecharacterizedvia discreteprobabilitydistributionsin
termsof quality, cost, andduration,the internaldetails
of theactionsareomitted. Actions in TÆMSareessen-
tially black boxes. This abstractionis sufficient to per-
form schedulingandanalysisof TÆMS taskstructures,
or evencoordinationbetweenmultiple agents,but, more
detail is necessaryto actuallycarryout theactionsin the
taskstructure.

Thoughrich in somerespects,a static TÆMS task
structureis inadequateto wholly describetheentirerange
of problemsolvingoptionsof a complex agentin all cir-
cumstancesand for all time. While one could actually
fully enumerateall of an agent’s options for all points
in time via TÆMS, the structurewould be enormousas
TÆMSdoesnotfully supportconceptslike loopsandthe
representationis stateless.TÆMSis perfectlywell suited
to be emittedby a complex planneror problemsolver,
but, in the generalcase,it is insufficient in andof itself
to replacea planneror problemsolver. Someof thekey
problemsare:

1. No support for abstract action types– although
the possibleactionsrepresentedin a TÆMS task
structureareabstractionsby virtue of their statisti-
cal characterizations,they arestill instantiationsof
moreabstractactiontypeswhichmayhavearange
of situation-dependentstatisticalcharacterizations.

2. Situation not explicitly recognized– even if one
wasto enumerateextensive setsof differentfunc-
tionally groupedactionswith situation-dependent
characterizations,thereisnoexplicit supportin TÆMS
to choosethepropersetdependentonthesituation.

3. Fixed structure, variable functionality– thereare
complex, situation-dependentrelationshipsbetween
functionaldecompositionsof agentactionsin TÆMS
that TÆMS cannotitself represent,i.e., it hasno
metalanguagesupport.

An examplefrom theaforementionedapplicationdo-
main is usedto illustrate theselimitations. A TripBot
usermighteventuallyspecifyaspartof alargerquerythat
they arenot particularlyinterestedin planetravel, would
rathercampon a beachthanstayin a hotel, is interested
in visiting a wide varietyof high-qualityrestaurants,and
would like TripBot to take at leastanhour trying to find
a goodtrip thatmeetshis or herrequirements.

It is possibleto provide a TÆMStaskstructuretem-
platethatwould addressmeetingthebroadobjectivesof



the above user’s query. That is, part of its decomposi-
tion couldcontaintasksrelevantto gatheringinformation
aboutwhatmeansof travel areavailableto hisor herdes-
tinationin additiontowhataccommodationsareavailable
in that location,including,possibly, hotelsandcamping.
Othertaskscouldaddress,broadly, finding restaurantsin
thearea.Therearesomeproblemswith thetemplateap-
proach.We will examinetwo: focusandflexibility .

Theproblemof focuswhenactionsfrom ataskstruc-
ture is oneof whereto focusto maximizethe quality of
theagentsactions.Let’sconsiderthenaivecasefirst. The
agentcouldbegivenanunmediatedgenericTÆMStask
structurefor gatheringtrip information. In this case,the
agent’s initial schedulewould undoubtedlycontainac-
tions that couldaddlittle to the goalof satisfyinga par-
ticular user’s queryparameters.That is, usinga generic
structure,more information abouthotels then camping
might begathered.

Onestepup from this schemewould beonein which
a genericTÆMS taskstructureis mediatedby a model
whichmightadjustthequalitydistributionsof variousac-
tionsundera prescribedfunctionaldecomposition.Such
a mediationsystemmight set the quality of irrelevant
actionsto zero, thus effectively pruning them from the
spaceof consideredactions. The problemhere is that
suchascheme,if donewithoutpotentiallycomplex com-
putationsabouttheinteractionsbetweenthe”pruned”ac-
tionsandotheractionsthatarepartof theinitial structure
maydramaticallychangetherangeof schedulesavailable
from thetaskstructurein undesirableways.Thisproblem
canarisebecauseof thearbitrarily complicatedsemantic
mappingbetweenthe actualagentcapabilitiesandenvi-
ronmentsandtheirTÆMSabstractions.

Theproblemwith bothschemesis thatit still provides
nowayof expandingthegivenrangeof actionsto include
moreoptionsrelatedto theuser’s preferredoutcome.In
this samevein, the parameterizedtemplateprovideslit-
tle supportfor opportunismor handlingof failurecondi-
tions, i.e., supportfor assessingthe agent’s capabilities
in termsof a TÆMStaskstructurein a context-sensitive
manner. Moreover, the route from a complex query in-
volving preferenceslike thosegiven above to a TÆMS
taskstructureis a potentiallycomplicatedone. That is,
constructinganadequatecharacterizationof a goal from
a user’s statedqueryparametersandthenusingthatgoal
asthe basisfor searchthrougha spaceof agentcapabil-
ity descriptionsis, in general,a taskthatrequiresa more
sophisticatedapproachthenthosedescribedsofar.

We have decidedto approachthe problemof char-
acterizingan agentscapabilitiesat a given instanceand
within a givengoalcontext asa planningproblem.How-
evertheformulationof theproblemandits solutiondiffer
in someimportantways from otherplanningproblems.
Onedifferenceis that theresultingstructureis not anor-

deredsequenceof actions,but rathera family of hier-
archicallyand functionally organized,statisticallychar-
acterizedcomponentsof suchsequences– TÆMS task
structures.Anotherdifferenceis thatonly thesemantics
of task and methodinteractionsmust be modeled,po-
tentialinteractiondependenciesandresourcecontentions
betweenactionsequencesthatwouldnormallyhaveto be
resolvedby aplannerareresolvedby theDTC scheduler.

The CA task structuregenerationalgorithm resem-
blesthatof anorderedHTN planner[18] in thateachpath
of the generatedtaskstructureis decomposedaccording
to specifieddecompositionoperatorsuntil primitive ac-
tionsarereached,atwhichpoint thedecompositionoper-
ationshaltonthatbranch;asubsetof applicableactionsis
thenincludedat thatpoint in thetaskstructure.Thetask
decompositionalgorithmrequiresa high-level taskasits
input. The initial world stateis emptyunlessotherwise
specifiedin theinput parameters.It thenusestaskopera-
torsandmethodsprovidedin adomaininformationfile to
decomposetheinitial taskinto a setof tasksubstructures
describingalternativesfor satisfyingthetop-level-task.A
simplifiedexamplefollows.

(spec_task (name Create_Trips))

TheCA first looksfor amethodwith thenameb GVPKBQL�P cRGKHdFeD .
Failing tofindone,it looksfor anoperatorwith thatname.
It mighthave thefollowing operators:

(spec_operator
(name Create_Trips)
(decomposition

Get_Query_Info
+Gather_Trip_Info
Make_Decision))

(spec_operator
(name Gather_Trip_Info)
(decomposition

+Get_Flights
+Get_Hotels
+Get_Rental_Cars))

Here, the CA would choosethe b GKPKBQL�P cRGKHfFgD task
decomposition. This would replacethe b GVPKBhL�P cRGKHfFgD
taskat theheadof thelist of tasksto expandinto at least
threenew tasks:i PIL jlkePXGKM m,^oneJ

, i BQL�ApPIG cRGKHfF mh^oneJ
,

and q BErsP tuPKvwH�DXH�JK^
. The ’+’ sign in front of a task

namein the decompositionfield of an operatoris to in-
dicatethat the decompositionmay containoneor more
of thattask.

To completeour simpleexample,theCA would then
chooseavailablemethodswhichcompletetheabovetasks.
For example,it mightchoosethefollowingmethodto add
to the i PIL x[Z7HzysAsL�D task.



(spec_method_info
(name Query_AOW_Flights)
(family Get_Flights)
(constructor_params

(:internal Executor)
(:internal Duration)
City
City
Date
Date
AirClass
Airline)

(results AirFlight)
(outcomes

(outcome_1
(density 1.)
(quality_distribution

0 .20 10 .80)
(duration_distribution 40 1.0)
(cost_distribution 0 1.0)))

(implementations
(implementation_1

(platform Java)
(class

wrappers.AOWFlightWrapper)
(method AOWFlightWrapper))))

TheaboveQueryAOWFlightsmethodwouldbeadded
underthe i PIL x[Z7Hzy{ApL�D taskin thegeneratedTÆMStask
structureby creatinga uniquesymbolfor themethodla-
bel in thestructure,appendingits statisticaldistributions,
andaddingthedependenciesbetweenit andothermeth-
ods or tasks,if thereare any. Theseinterrelationships
createa resourceor informationflow dependency graph
that containsinformation for every possibleschedule’s
method/parameterdependencies,andis usedby theexe-
cutionsubsystemto trackresourcesgeneratedor required
by theinstantiatedactionsof a schedulein a resourceta-
ble.

We areworking on a versionof theCA thatwill han-
dle disjunctive requirementsand complex return types
anda more refinedsystemof quantification. Thereare
also someadditionalcomplexities endemicto task de-
compositionwithin theTÆMSformalismbecauseof the
fairly extensive variety of relationssupportedbetween
tasks,subtasks,andactionsandwe areincrementallyin-
corporatingthemaswe find needfor themin the appli-
cation domain. Sincespeedis a concern,we are try-
ing to effectivelybalanceexpressivenessandefficiency in
our approach.Initially, we have focusedon producinga
fast,expressive planner, i.e., knowledge-based,forward-
searching,andtotal-ordered,but wearelookingmorese-
riously now at expandingit’s cross-domaincapabilities
andmitigating theamountof knowledgeengineeringre-
quiredto modeldecompositions.

3.4 The Decision Making Module

Oneof the key componentsin a personalagent,suchas
TripBot, is the decisionmaker. Typically it is the deci-
sion maker that reasonsaboutgatheredinformationand
the artifactsproducedby combiningthe information. In
the BIG information gatheringagent,fusion is the job
of the blackboardproblemsolver whereasthe decision
maker’s function is primarily evaluation.In theTripBot,
the decisionmaker alsoperformsfusionbecausethe fu-
sion processis intertwinedwith userpreferencesevalu-
ation, i.e., TripBot mustuseuserpreferencesto control
combinatoricsin order to producea final setof objects
from which to returnone(or a rankedset)to theuser.

The decisionmaking researchhas several different
facets:1) thespecificationof userpreferenceswhich we
callconstraintselection, 2) theuseof preferencesin prob-
lemsolving,whichwecall evaluation, and3) controlling
combinatoricsto producea setof itinerariesappropriate
for theclient.

3.4.1 Constraint Selection

In the TripBot implementation,the userpreferencescan
be setascertainconstraintsover a setof individual and
overall factors. Generally, theseconstraintscan be de-
fined as cost, quality, and duration. Often thesecon-
straintsare interrelatedor even conflict, therefore,the
techniqueof ”ConstraintSatisfaction Problems”(CSP)
wasappliedin the decision-makingmoduleto get more
optimaltrip alternatives.

Therearetwo typesof constraintsthatuserscanspec-
ify when they initialize a requestto the TripBot, these
constraintsaresocalled”hardconstraints”and”soft con-
straints”[11]. Hardconstraintis athresholdthatindicates
theupperboundor lowerboundof a specificfactor, such
as”I amnot willing to spendmorethan$700dollarsfor
this trip”. Soft constraintcanbe usedto expressuser’s
criteria asa scaleof preferencesusingweights,suchas
”the importanceof the cost is 20% and the importance
of thehotelquality is 80%”, which canbe interpretedas
”but thehotelquality is moreimportantthanthecost”.

Hard constraintsare being usedin most of the on-
line travel servicesites,whereuserscanonly specifythe
”hard” thresholdssuchasdeparturedate,costlimit, spe-
cific airline name,andhotelchainetc. beforethesearch.
The problem of hard constraintis that it may cut out
somepotentiallymoreoptimalcandidates.For example,
if thereare two trip plan A and B, both of them offer
identicalservicesexceptthattheplanA includesa 5-star
hotelstaywith totalcostof $705,andtheplanB includes
a1-starhotelstaywith total costof $690.Apparentlythe
planA looksbetterthantheplanB. But if theuseronly
setsahardconstraintsayingthatthetotal costcannot be
over$700,thentheplanA will beprunedandtheplanB



will beselected.Therefore,makingadecisiononly based
on hardconstraintsis not veryflexible.

Soft constraintis more flexible sinceit can express
user’s relative preferencewithout specifyingthe details.
It allows sub-optimalsolutionsto remain in the search
spacein orderto getmorerelatively optimal result. But
theproblemof softconstraintis thatit lackssomekind of
standardwhileperformingcomparison.In anotherwords,
sometimesit is hardto know how goodis goodenough
or how bad is too bad. Back to the above example, if
this time planA includesa 5-starhotelwith total costof
$3000,andplanB includesa 1-starhotelwith total cost
of $690. Usually we draw a conclusionthat the plan A
is too expensive to stay. But if the useronly setsa soft
constraintsayingthat thehotelquality is muchmoreim-
portantthan the cost, then the plan A probablywill be
selecteddespitethe fact that theusermaynot beableto
afford it.

Therefore,in thedecision-makingmoduleof TripBot,
weassociatethesetwo typesof constraintstogetherin or-
derto getmoreoptimalandflexible solutions.Figure4 to
Figure6 shows the input interfaceof theTripBot, where
theagentasksa userto specifysomecriteriaof the trip.
Among them,destination,departuretime, preferredair-
line, and total cost limitation etc. are hard constraints,
andtheimportanceof hotelquality, flight quality, rental-
carquality andtheimportanceof total expenselimit etc.
aresoft constraints.Ratherthanarbitrarily separatesout
acceptableitineraries,decisionmodulecomputesa rank-
ing numberfor eachitinerary that reflectsthedegreefor
whichbothtypesof constraintsaresatisfied.By thisway,
wecankeepalargerandmorereasonableitinerarysearch
spaceto let the decisionmaking modulework on, and
hope it can generatemore optimal solutions. Back to
thepreviousexampleagain,this timetheagentgetsthree
possibletrip candidates.PlanA, B, andC have identi-
cal servicesexceptthattheplanA includesa 5-starhotel
with total cost$3000,the plan B includesa 1-starhotel
with totalcost$690,andtheplanC includesa4-starhotel
with total cost$750. If we applybothhardandsoft con-
straintssuchas”the cost limit for the trip is $700” and
”the hotelquality is muchmoreimportantthanthecost”
duringthedecisionmaking,thenaTripBot probablywill
assignahigherrankingnumberto theplanC if theagent
hasbeenproperlyknowledgeengineered.

3.4.2 Evaluation Algorithm

In orderto recommendthebestitinerary to the user, the
itinerariesmustbeevaluatedandcomparedto eachother.
One completeitinerary consistsof many different ser-
vicessuchasair transportation,hotelstayandrentalcar
etc. Theproblemduring theevaluationis that theseser-
vicesareoftenwith competingandevenconflictingcon-

straints.Whenre-composinganitineraryfrom theseser-
vices,a choicemay be optimal for someof the criteria
but the samechoicemay becomethe worst solutionfor
others. The decision-makingmoduleattemptsto solve
this situationby applyingtheutility theoryto generatea
numericalscoreto rank the solutions. The ideaof util-
ity theory is to use”utility” to quantify the ”quality of
beinguseful” [19]. In thedecision-makingmodule,util-
ity functionsare usedto map the degreesof constraint
satisfaction to real numbers. A getUtility() function is
implementedfor eachtravel objectand is calledduring
the decisionmaking process.What the utility function
doesis to computetheutility of a specificservicebased
on a setof userpreferencespassedfrom the user-input
interface. Thenthe overall utility of an itinerary canbe
calculatedastheweightedsumof theutilities of all con-
strainedservices.Also in the decision-makingmodule,
hardconstraintsareformulizedto computethe absolute
utilities andsoftconstraintsareformulizedastheweights
for certainutilities. The ideacanbeillustratedusingthe
followingequation:|~}��7}.��� F }�|�����}�� , Where|~}��7} is the
overallutility of aspecificitinerary, � representsapartic-
ularservice,|���� } � returnstheutility of aspecificservice,
and

F } is theweightof a specificutility anddefineshow
importantit is relative to theothers.

To simplify themodelspecification,it is assumedthat
a setof servicesis mutually utility-independent.There-
fore, the preferencesover the individual servicesdo not
dependonthelevelatwhichtheotherservicesareachieved.
Table 1 illustratessomeof the constraintsthat arecur-
rently being reasonedduring the decisionmaking pro-
cess:

Althoughmostpreferencesareexplicitly indicatedby
theuserin the input form, theagentstill keepssomede-
faultpreferences.For instance,if therearetwo itineraries
with similar quality, by default the agentwill favor the
cheaperonedespitethatuserdoesnot setany costpref-
erence.Theagentalsoassumesthat shorterflying time,
lessnumberof stopsandhigherquality of hotel service
etc.arepreferredby theuser.

3.4.3 Constraint Satisfaction Search Algorithm

By applyingtheutility functionswe canhave every pos-
sible itinerary beenevaluated.Thenthe itinerarieswith
highestrankscanbepickedoutastrip recommendations.
However, thereis somethingwrong with this scenario.
Let’s considerasimpletrip planningwhich only consists
of 40 possibleair flights, 40 possiblehotelstays,and40
possiblerentalcars.Therearetotal40x 40x 40 = 64000
differentitineraries.In orderto get themostoptimalso-
lution, we have to composeall theseitinerariesandthen
evaluatethem. It might be fine to compute64000alter-
nativesin amodernmachine,but how aboutif wehaveto



Flight Hotel Stay RentalCar Total Expense

Departuretime Hotel location Rentalcompany
Quality Flying time Hotel chain Cartype

# of stops Hotel service
Airlines

Cost Flight price Hotel price Rentalprice Totalcost
Importanceof Importanceof Importanceof the Importanceof

Weights theflight quality thehotelquality rentalcarquality thecostlimit

Table1: Theconstraintsbeingevaluatedin thedecision-makingmodule

reasonabout10 differentservicesandeachservicehas
100 different instances?It is just simply too much to
compute.

Basically, this is a ConstraintSatisfaction Problem
(CSP).Therefore,our approachis to make the decision-
makingmoduleactsasa constraintsolver, which applies
propersearchingalgorithmsto effectivelyreducethesearch
spacewithout losing too much optimization[22]. The
specificsearchingtechniquecurrently usedin the deci-
sionmoduleis ForwardChecking.Thealgorithmcanbe
simply illustratedasfollowing: First,eachserviceobject
will bepartially evaluatedandbepre-sortedbasedon its
serviceutility in eachservicecategory. Theobjective of
thepre-sortingis to preparethesearchspacefor theCSP
solver. Thentheforwardcheckingalgorithmis appliedto
effectively reducethesizeof CSPby looking aheadand
pruningall of thoseitinerariesthatmayviolatetheoverall
utility threshold.Onesimpletrial run shows that this al-
gorithmsuccessfullyreduceda10x10x10searchspaceto
126 instantiateditineraries.Amongthem,ten itineraries
with highestutility scoreswereselectedandpresentedto
theuser.

3.5 Extended Example

To demonstratetheoperationof this system,we provide
an exampleof using the systemto plan a family vaca-
tion. Whenthe destinationof the trip is unconstrained,
possiblythemostentertainingandusefulfunctionof the
TripBot is to suggestdestinationsthatfit someinput cri-
teria.

For example, the systembegins with the userstat-
ing that he wishesto travel from Bostonto the South-
eastwith his family (2 adultsand1 child) on August10.
They wantto spendaweekon thevacationandalsowant
to limit thetotalexpense(transportation,accommodation
etc.) to $3,000. They wish to visit somewherewith a
beachand an amusementpark nearby. Their daughter
enjoys movies, and all of them would like to attendat
leastoneconcert. They enjoy Italian andChinesefood.
They alsospecifyotherpreferenceslike the airline, ho-
tel chain,rentalcartypeandrentalcompany. Severalsoft
constraintscanalsobespecifiedsuchastheimportanceof

flight quality, hotelquality, rentalcarquality, andtheim-
portanceof the total cost. Theagentthenconvertsthese
preferencesinto ausermodel,addingdefaultpreferences
for unspecifiedattributes. Default preferencesarecom-
mon to almostall users.For example,mostusersprefer
higherquality services.But betweentwo serviceswith
similar quality, mostuserswant the cheaperone. Most
usersprefernon-stopflights ratherthanchangingplanes
severaltimesduringthetrip etc.

Thoughuserpreferencesareusedin thedecision-making
componentin thelaterstagesof theagent’sprocess,they
arealsousedearlyin theprocessto targettheagent’sac-
tivities. In thecurrentimplementation,thesepreferences
are passedas input to the agent’s planningcomponent,
whichdecideswhereto find informationresources,when
to usethem,in whatorder, andso forth. After theagent
collectsall the necessaryinformation, it will invoke its
decisionmakingcomponentto constructitinerariesbased
on userpreferencesso that only “good” itinerariesare
constructedandevaluated,which is doneby applyinga
constraintsatisfactionsearchalgorithm. By focusingon
(potentially)“good” itineraries,theagentcanavoid gen-
erating too many possiblecombinations,since in most
casesproducingandevaluatingall itinerariesis not feasi-
bledueto time andcomputationallimitations.

In the above example, first the agentwill generate
several city candidatesassociatedwith the trip type and
region. Thenfor eachdestinationcity, theagentwill col-
lect relatedinformationandconstructandevaluatepossi-
ble itineraries. In the currentimplementation,four vari-
ablesare consideredin the decision-making.They are
flight quality, hotel quality, rental car quality and total
costquality. The algorithmproceedsby assigningeach
flight, hotelandcarvariablewith avalue,which is calcu-
latedby utility functions. For example,a specificflight
variablewill beevaluatedbasedon its departuretime, to-
tal flying time, thenumberof stops,thenameof theair-
line, andits cost.Therefore,a straightforwarddepth-first
searchalgorithmcanbeappliedto constructandevaluate
possibleitinerariescomposedfrom thesevariables.The
utility of eachitinerary is a weightedsumof flight util-
ity, hotelquality, carquality, andthetotalcostquality. To
reducethesearchspace,anoverallitineraryutility thresh-
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Figure2: PruningDuring ItineraryConstruction

old canbesetto distinguishthoseacceptableitineraries,
andpre-evaluationandsortingof all flights, hotels,and
carscanbeconductedbasedon their utility values.Note
that somepruningcantake placein the searchtree. For
example,supposethevaluesof variable� areorderedasBs�K�d��� BE�

. If assignment��� B{�
andall of its childrendo

not satisfythe itinerary utility threshold,thenwe do not
continueto search��� B } where � r���Hl��^ � , asillus-
tratedin Figure2. Finally, for eachdestinationcity, three
top-ranked itinerarieswill be displayedalongwith their
utility valuesand other additional information, suchas
local weather, local movie theaters,concertsin thearea,
andlocal restaurantswith user’s favorite cuisine. Satis-
fied, theuserendsthesession.

It is possiblethata potentiallyqualifieditinerarywill
neverbeproducedbecausethecandidatecomponentsare
prunedduringtheintermediatephasesof theprocess.This
is becausethe total trip costdependson the costsof the
trip components.However, whenorderingflight, hotel,
andcar variables,the total cost is an unknown quantity,
i.e., theseactivities are treatedas being independentto
avoid having to generateall possibleitinerariesin order
to computethe total cost. Theendresultis thatwe may
pruneout somepotentiallyqualifieditinerary with vari-
able � near

B �
. This is an exampleof makinga setof

localoptimizationsthatarenot guaranteedto combineto
a globallyoptimalsolution.

Whilewehavenotyetfully addressedthisissue,some
improvementshave beenproposed.Onepossiblework
aroundis to adjusttheitineraryutility threshold.A lower
thresholdmeansmoreitinerarieswill beconstructedand
evaluated,thereforedecreasingthe oddsthat an optimal
itinerary will be prunedaway. Anotheroption is to set
thethresholddynamicallybasedon thesizeof thespace
involved.

Returningto the example,at the endof the process,
for eachdestinationcity, threetop-rankeditinerarieswill
bedisplayedalongwith two extremecases,thecheapest
itineraryandthehighestquality. Thoughtherearemany
othercandidatemixesor heuristicsthatcouldbeusedto
providea rangeof choicesfor theclient.

3.6 Wrappers

We usethe expressionwrapper to denotethe codethat
conceptuallywrapsInternetsitesfor our agent.We cre-
atewrappersasa way to abstractaway the irregularities
of theInternettoacommoninterface.Eachwrappertakes
in a setof parametersandreturnsa vectorof datastruc-
turescompiledfrom an Internetsite. When the execu-
tion subsystemreadsin a requestedwrappercall from
the schedule,asshown in Figure3, it first looks up the
actionassociatedwith the scheduledTÆMS methodin
the actionlibrary. Theactionis thenreferencedinto the
dependency graphandthe actiondependencies(param-
etersandreturnobjects)are returnedfrom the resource
database.The wrapperis then instantiatedwith the re-
quiredparametersandgivena maximumexecutiontime.
Wheneitherthewrapperhasfinishedgatheringinforma-
tion, or thetime limit hasexpired,theinternaldatasetof
the wrapperis returnedto the executionsubsystemand
enteredinto theresourcedatabase.

In thisimplementationweusestaticwebsitewrappers
thatuseasimpleform of patternmatchingto parsethere-
sultof queries.For example,awrapperthatfindsconcerts
for a givencity might take asa parametera dateandthe
nameof a city. Thewrapperwould thenperforma query
onaconcertvenuesearchenginesuchasPollstar.comand
parsethe returnedinformationfor concertobjects. This
concertwrapperhasan internalrepresentationof whata
concertobjectlookslike in anHTML page,andsearches
the documentreturnedfrom the queryfor eachinstance
of therepresentation.Theinternalrepresentationis a set
of stringdelimiters,onefor eachmemberin theobject.

Figure4showshow thePollstarconcertwrapperiden-
tifies concertobjectsin a pagereturnedby Pollstar.com.
Thewrapperidentifiesvertically spacedentriesby loca-
tion delimiting stringsaroundconcertfields. First the
wrapperfindsadatefield by finding its delimitingstrings
in HTML, thentheartistfield, andfinally thevenuefield.
After it hasidentifiedthesefieldsit canpopulateaconcert
objectandaddit to its internaldataset.After thewrapper
canno longerfind any moredatefields(or whenits timer
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runsout) thewrapperreturnstheobjectspopulatedfrom
thequeryto theexecutionsubsystem.A futureexpansion
might be to createa systemthat candynamicallycreate
wrappers,or learnhow to wrapwebsitesautonomously,
asin [8].

4 Implementation Overview

The TripBot agentis currently running on an 800mhz
PentiumIII, with 128MB RamunderRedHat linux 7.0.
Whenit is putonline(atmas.umcs.maine.edu)it will mi-
grateto amachinewith dual1ghzprocessorsunderlinux.
The larger machinehasmore more RAM and a SCSI
drivesubsystem,however, it is worthnotingthattheTrip-
Bot will runwell onmachineswith muchlessprocessing
powerthanthe800mhzPentiumsbeingusedfor develop-
ment.Mostof theTripBot is implementedin Java,though
the Design-to-Criteriascheduleris written in C++, the
Capability AssessorusesAllegro CommonLisp(ACL)
6.0,andpartof theuserinterfaceusesPerl.

Screensnapshotsof theGUI areshown in Figures5,6,7.
Thecurrentimplementationstatusis thateachof thecom-
ponentshasbeentestedin thesmallandmostof thecom-
ponentsarecurrentlyworking togetherproperly. We can
executethe front part of the agentproblemsolving pro-
cessand the latter stagesindependently– the decision
makerandexecutionsubsystemcomponentsarecurrently
beingintegratedandtheintegrationdoesnot involveany
researchissues.In thefuture,we would like to distribute
thekey componentsusedin theTripBot andto createes-
timatesfor the resourcesrequiredto customizethemfor
otherinformationgatheringapplications.

5 Conclusion and Future Directions

We have presenteda new view on real-timeinformation
gatheringagentconstructionthatdiffersfrom theapproach
usedin theBIG informationgatheringagent.Essentially,
wehaveeliminatedandreplacedthecomponentsthatwere
necessaryto addressarbitrarysearch,discovery, andpro-
cessingonline becausethey werealsodifficult to adapt
to new domainsandlesspredictablethanother, lessam-
bitious,technologies.We alsoreplacedtheopportunistic
internal control and the pseudo-hand-generatedprocess
prototypesusedin BIG to produceTÆMStaskstructures
with the capabilitiesassessor/ planningcomponentthat
generatesTÆMStaskstructuresfrom first principles.

Themodifiedarchitectureis beingdeployedon crisis
management,travel planning,andmusic-centereddigital
librariesprojects.Theadvantageof usingagenttechnol-
ogy in theseapplicationsis thatit enablesthesoftwareto
meetsoft real-timedeadlines,respondto thedynamicsof

theInternetenvironment,reasonaboutclient preference,
andplanto achievetheobjectives.

Implementationally, thiswork is in its formativestages.
However, wearebuilding onastrongresearchfoundation
setby theBIG agentandtheDesign-to-Criteriascheduler
is a maturetechnology. We believe the architecturede-
scribedherewill addressthe requirementsof the above
applicationswithout significantmodifications.

Ontheresearchfront, asidefrom theoverallarchitec-
tureandview of theproblemspace,thedecisionmodule
usesa new CSPapproachto online trip planningwhere
user criteria and preferencesare explicitly modeledas
combinationof hardandsoftconstraints.Preferencesand
evaluationarealsousedin thedecisionmoduleto control
combinatorics.Theendresultis thattheTripBot allowsa
userto examinea largesetof possiblesolutionsin a rea-
sonableamountof time. In the future,we hopeto show
thatTripBot outperformsany existing toolson this front
andis fasterthanhumandrivenonlinetravel planning.

Thereareplentyof openquestionsandareasfor im-
provementin this research.In the decision-makingpro-
cess,otherheuristicsearchalgorithmsmaybeexploredin
the future. Additionally, theTripBot currentlyusesonly
a limited numberof travel relatedinformation sources.
In the future, more travel sitesshouldbe addedto the
TripBot’s list of resourcesto enhanceflexibility , improve
error recovery, andto potentiallyimproveaccuracy. The
agentcould alsousea moreflexible integrationof con-
trol, decision-making,anduserpreferencespecification
– ideally the usershouldbe able to seewhat the agent
does,while it doesit, andprovide guidanceor feedback
online.Thereis alsoagreatdealof roomto improveper-
sonalizationof the TripBot’s services,e.g.,storinguser
preferencesandrecordingdefault values. Thereis also
roomto exploreadditionalvalue-addedservicesthat the
TripBot agentcould provide. For example,destination
suggestion,travel routeplanning,andthe integrationof
driving directionsandother classesof information into
thebasicagent.
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