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Abstract

Basedon experiencedearnedfrom the BIG [9, 16, 17]
informationgatheringagentwe have generate@ new ap-
proachto sophisticatednformationgatheringagentcon-
struction. The new architectureemovessomeresearch-
gradeAl componentsreplacesthers,andreframesthe
problemspaceto supportstrongerdomainproblemsolv-
ing. Theendresultis anarchitecturehatwill supportcri-
sis responsénformation gathering,travel planning,and
music-centeredligital library informationgathering. In
this papemwe discusghe new architectureprovide ratio-
nale for changeand restructuring,and identify the new
technologiesExamplesareframedin thetravel planning
domainasthis applicationis the closesto actualdeploy-
ment. The advantageof usingagenttechnologyin these
applicationsis thatit enablegthe softwareto meetreal-
time deadlinesrespondto the dynamicsof the Internet
ervironment,reasomaboutclient preferenceandplanto
achieve theobjectives.An agentapproactwill alsofacil-
itate future work in distributing the computationto mul-
tiple agents.

1 Introduction

The web is a rich and fertile information resource. It
is alsoa time consumingand complex resourceto use,
for humansand software agentsalike. Web-basedn-
formation is generallyunstructuredor semi-structured,
hasvaryingdegreesof quality, andis oftencontradictory
Thelargerinternetervironmentis similarly unruly—sites
maybeup or down, network bandwidthmayvary, remote
gueriesmaytake predictablylongerat certaintimesof the
day or responsdimesmay spike in a seeminglyrandom
fashion.While advancingtechnologiese.g., XML, may
alleviate someof the problemsof working with theweb,
we do not foresedt becominga globally cohesve infor-

mationresourceatits baselevel in thenearterm— dueto
its size,highly distributedandindividual nature anddue
to theintellectualpropertyissuesnvolved.

In our researchwe attemptto addresghe complex
dynamicsof the web asit existstoday andto do soin
suchaway asto leveragdik ely neartermadwancessuch
asthe widespreaduseof XML. Our researchbuilds on
the hypothesighat muchweb-relatednformation gath-
ering is doneto supporta decisionprocessge.g., which
productto buy or whetherit is safeto travel to somedis-
tantcountry Our overall objectie is to enablea human
userto describethe inputsto his or herdecisionprocess
and from said specificationto automatethe gathering,
extraction, and assimilationof information, andto 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 andwe believethat
for mary suchapplicationson-lineinformationgathering
is requiredbecausdhe information needis highly cus-
tomized and situatedin time, i.e., the more up to date
informationwe have, the better

Implementationallythe agentcomponent&ndarchi-
tecturedescribedn this paperarebeingusedto support
crisis responseplanning(e.g., chemicalspill response),
travel planning,andmusic-centeredigital library efforts.
In this paperwe focus primarily on the travel planning
domainbecauset is the closestof theseefforts to ac-
tual deployment. Thearchitectureof thiswork is derived
from our previous work in sophisticatecporoblemsolv-
ing agentsn generale.g.,[15], andthe BIG [9, 16, 17]
informationgatheringagentin particular BIG (resource-
BoundednformationGathering)s anagenthatcan,with
little informationa priori, recommendoftwareproducts
to userdhy performingonlinesearchanddiscovery, gath-
ering, and processingof free format information. BIG
usesa large setof research-gradél technologiese.qg.,



blackboargoroblemsolving[3, 4], informationextraction
[21], and Design-to-Criteriascheduling[26, 25, 24] for

soft real-timeagentcontrolt, andthe integrationof these
technologieds aninterestingtopic in andof itself. BIG

is an ambitiousresearchartifact. However, BIG’s com-
plexity is anobstaclewhenit comesto actualonline use
in real applicationsettings. Componentdik e the black-
boardproblemsolver and the MUC-style (messagain-

derstandingonference)nformationextractorsare800Ib
problemsolvinggorilla’s thatmaynot be neededor cer

tain applicationswherethe problemstructureis well de-
fined andpredictableresultsaremoreimportantthanat-

temptingactive-search-and-diseeryonline.

Basedon experiencedearnedfrom the BIG project,
we have generatech modified approachto sophisticated
informationgatheringagentconstruction.The objectves
of the revisedarchitectureare: 1) to improve the under
standabilityandpredictabilityof theinformationagent(s),
2) to simplify the processof re-deplging the artifacts
in differentapplicationdomains,3) to facilitatea multi-
agentapproachto problemsolving asin the WARREN
portfolio managemensystem[6], and4) to enableoth-
ersto moreeasilyreproducehe agentor to build on the
work. The new architectureremoves someAl compo-
nents,replacesothers,and re-framesthe problemspace
to supportstrongerdomainproblemsolving. While we
have removed mary componentgrom BIG's prototypi-
calarchitecturethemostnotablearetheblackboardlan-
ner/problensolver, theMUC classof informationextrac-
tion technologiesand the documentclassifierrequired
to keepBIG from gettingdistractedandrecommending
Adobe Acrobat as the word processornf choice) [16].
We have also rehuilt all of the new agentcomponents
from scratchwith the exceptionof the Design-to-Criteria
scheduler noteson theimplementatiorcanbe foundin
Section4. New technologiedeingdeployedin the cur-
rent architecturenclude an information gatheringplan-
nerandadecisionmakingcomponenthatis activein the
assimilationof information. The architectureandthese
componentaredescribedn greaterdetailin the follow-
ing sections.

It is importantto note that the applicationdomains
targetedby this researchare more focusedand limited
thanthosetargetedby the BIG project. BIG is designed
with the underlyingobjective of creatingan approacho
agentinformation gathering(for decisionsupport)that
is general,flexible, and employs powerful technologies
for reasoningaboutinformation and extractedinforma-
tion. For example,BIG associatesertaintieswith infor-
mationextractedfrom documentandattemptso resole
conflicting dataor uncertaindata. This issuesarisebe-

1softreal-timeis usedhereto denotea mix of real-timein the hard-
realtime senseand“f astenoughfor the application"real-timewhichis
theway the expressionis typically usedin Al.

causeBIG attemptsto supportgatheringfrom arbitrary
sitesand processingf informationin arbitrary formats
in muchthe sameway that a humanuserwould. In the
currentline of researchwe havereplacedarbitraryonline
search,discovery, and processingwith a predefinedi-
braryof onlineresource$o whichanagentmaygofor in-
formation. The agentalsohasa customizedextractorfor
eachknown site— anapproacttypically usedin informa-
tion gatheringagentsg.g.,[8].2 Theimplicationsof this
arethatour agentsdo not attemptto locatenew informa-
tion resource®nlinewhile respondingo a users query,
thus, the agentsare more predictablebut alsolessable
to adapt. For example,if all known sitesare down, our
agentscannotsimply begin searchingvia AltaVista for
new resources.However, in the BIG project,it became
clear that arbitrary searchand discovery is a very hard
problemthatrequiresall of BIG’s hearyweight problem
solving, e.g., associatingcertaintieswith dataextracted
from web documents.This is why the actvity of learn-
ing to usea resourceand using the resourceare often
split asin [8]. The modified architecturealsodiffersin
thatwe have replacedthe comple fusion performedby
BIG’sblackboardwith theactiity of explicitly modeling
the information produced/requiretby individual actions
andby a decisionmakingcomponenthat reasonsabout
informationassemblywheretheinformationquality and
type is highly predictable). In a way, explicit planning
plus custominformationextractorsreplaceBIG’s black-
boardproblemsolvingandgeneralextractorsto produce
moredeterministicagentbehaiors. Primarysimilarities
betweerBIG andthe currentwork arethatagentgeason
abouttime limitationsandresourcéoundgo producere-
sultsin softreal-timeandthatbothattemptto addresshe
“entire picture” to produceusableresults. In the follow-
ing sectionswe shift gearsandfocuson aninstantiation
of our modifiedagentarchitecture.Researchssuesand
componentarethusdiscussedn the context of thetrip-
planningapplication.

2 Related Work

This researcHalls into the generalcatagory of “moving
up the food chain” [10] and constructingstrongerinfor-
mationsupportthanis provided by pureinformationre-
trieval technologieq2, 14]. In mosthigherlevel work,
the objective is to return somethingother thana list of
URLSs to the users. Examplesof this include personal
shoppingagentsthat performprice comparisonsuchas
theoriginalBargainFinde13] andtheShopBo{8], though
othertypesof personalagentsabound[1, 20]. Someof
the major differencesbetweenthe work presentechere

2WhenXML becomegprevalent, the customextractorscansimply
bereplaced.



andotherpersonainformationagentsarethat our agent
reasongxplicitly abouttime andresourcdimitationsand
that our agentperformsmore complex assemblyof ex-

tractedinformation. For example,BargainFinderessen-
tially returnspriceswhereagheagentpresentedhererea-
sonsaboutgatherednformationand preferenceandre-

turns completeditineraries. A more completeexamina-
tion of BIG andour agentversusothertechnologiexan
befoundin [17].

3 Tripbot: An Architecture Instan-
tiation

Along with the exponentialincreaseof variousonlinein-
formationresourcestherearemoreandmoreonline ser
vicesavailablerelatedto thetravel-planningdomain.For
example, Travelocity (travelocity.com), Expedia(expe-
dia.com),InternetTravel Network (itn.com),andTravel-
Web (travelWehcom)etc. areall popularsitesfor travel
servicessuchasair flights, hotelsandrentalcars.When
planninga trip online, a traveler often requiresa num-
ber of servicesthat are closely interrelated. Although
eachservicemay have individual constraintsthe whole
itinerary is alsolikely to be constrainedy someoverall
factorssuchasactvity schedulingor total budgets.How-
ever, mosttravel servicesitesrequirethe userto schedule
differenttypesof servicesindividually ratherthan con-
siderthemtogetherasa completeitinerary, andmostof
them do not supporttradeof analysis. Therefore,the
usershave to assemblagheseservicesogetherby them-
selvesandto make sureall the servicesare compatible
and satisfy all individual and overall constraints. For a
longertrip involving mary actwities, therearegenerally
too mary alternatvesandconstraintdor simpleandfast
evaluationby humans- which makestrip planninga te-
diousandtime-consumingask. Our solutionis to con-
structanautonomousrip planningagentcalledTripBot,
to help peoplereduceinformation overloadby carrying
out certainclassesf travel planninganditinerary con-
structionautomatically

3.1 Architecture Overview

Figure 1 shows the prototypicalarchitectureasinstanti-
atedfor the TripBot travel planningagent. Control flow
beginsandendswith the GUI attheleft sideof thefigure.
Thekey componentsin controlflow order, are:

GUI The web baseduserinterfaceis wherethe travel
planningprocesdegins. Via theinterfaceusersex-
presstrip objective criteria, e.g., travel dates,cost
limits, anddesiredvacationclassegbeachyersus

mountains) Usersalsospecifypreferencesor dif-
ferentformsof entertainmente.g.,concertsplays,
golf coursesandspecifypreferencefor hoteltypes
andrentalcarsclasseslnput alsoincludesthe de-
siredtime for the agentto searchge.g.,“spendno
morethan5 minutesplanningmy trip.” Thisinput
formshardandsoftconstraint®ntheagentsinfor-
mationgatheringprocessandontheway it chooses
betweerpossibletinerarycomponents.

Query Processor Query datais generatedoy the GUI
andpassedo thequeryprocessowhichin turnex-
pandscertainkeywordsusinga semanticallyorga-
nizedlexicon. For example,if auserincludes‘hik-
ing” asakeyword in the recreationcateyory, then
a closely synorymousactvity, if availablein the
lexicon, suchas “rock-climbing” could be added
to the query with lower priority thanprimary key-
words. This enableghe agentto searchor related
informationwhenit useskeyworddriven,site-specific,
searclengines.

Capability Assessor The raw query dataplus the sup-
plementarydataproducedy thequeryprocessors
passedo the capabilityassessocomponent.This
componentis a plannerthat plansto satisfy the
query The planner describedn greaterdetail in
Section3.3, plansfrom first principalsbut instead
of producingafully orderedsequencef actionsor
apartially orderedsequencef actions the planner
enumerates subsetof the agents problemsolv-
ing optionsanddescribeshemstatisticallyin terms
of quality, cost,andduration. Insteadof emitting
a singleplan, the planneremits a family of plans
modeledn the TAEMStaskmodelinglanguagg?,
23], whichis the modelingframework usedto rep-
resentand reasonaboutthe agents problemsolv-
ing options.Thisis discussedurtherin thecontext
of the Design-to-Criteriaschedulebelon. Along
with the family of plans,the planneralsoemitsa
dependeng specificatiorthat definesthe expected
inputsandoutputsof actionsasthey execute. TAEMS
is deliberatelyabstracandlackssuchnotions.Both
planningfrom first principlesandthetypeddepen-
dengy basedreasoningare featuresuniqueto our
new architectureandnot foundin BIG.

Design-to-Criteria Scheduler TheT/AMStaskstructure
emittedby the capability assessofabove) is then
passedo the Design-to-Criterisschedulegfor anal-
ysis. The schedulerhasbeenusedin numerous
agentprojectsto evaluatethe agents optionsand
to determinea courseof actionfor the agent,e.g.,
[15]. The schedulelis documentedndependently
in [26, 25, 24]. The schedulelis part plannerand
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partschedulein thatit decideswvhichtasksto per
form andhow to go aboutperformingthemin ad-
dition to sequencingut the agents actuvities. The
schedulereasonsboutdeadlinesresourcdimita-
tions,abstracinteractionshetweertasks,costlim-
itations, and preference®n quality, cost,and du-
ration. It is a trade-of analysisexpert and what
malkesthis agent,andBIG, ableto meetreal-time
deadlinesandto performdifferentlyin differentcir-
cumstances.g.,flexible degradatiorin thefaceof
limited time. BIG’s trade-of behaviors aredocu-
mentedn [17, 9].

Execution Control Subsystem Theoutputof theDesign-
to-Criteria (DTC) scheduleiis a fully orderedse-
guenceof actionsfor theagentto carryout. In con-
trastto BIG, wherecertainactionsare performed
in parallel, the parallelismfeatureof DTC is not
currently usedin our agent(to simplify the con-
structionof the executionsubsystem)The execu-
tion subsystentcombineghe schedulewith theac-
tion dependengspecificatiorandtheactions(con-
tainedin theactionlibrary) andexecuteghesched-
ule.

Internet Site Wrappers Actionsperformedduring exe-
cution basicallyreduceto invoking a specificweb
site wrapper (associatedvith the actionin ques-
tion) andpassingalongappropriatgparametersi-or
example,onemightinvoke the weathercomwrap-
perwith a specificzip codeto obtainthe five day
forecastfor a givenarea.Thewrappershandlethe
http get requestsgrab the html output, and pro-
cessthe outputto obtain structureddatafrom the

unstructuredext. This datais insertednto trip ob-
jects,which containfragmentf itinerariesor par
tial itineraries.

Decision Maker Thetrip objectsproducecdby thewrap-
pers/&ecutionsubsystemare passedo the deci-
sionmaler, describedn greatedetailin Section3.4,
which usesthe client preferenceso constructand
selecttinerariesfor theclient. In futureversionsof
this work, the decisionmaler will beinvokeddur-
ing executionandwill possiblyprovidefeedbacko
theuserwho canthenrefinehis or herpreferences
andmodulatethesearchasit progressesrThiscon-
trol conceptvasalsotargetedfor BIG thoughnever
implemented.

Of thesecomponentsheresearctgradetechnologies
are the Design-to-Criteriascheduler the query proces-
sor, the capabilityassessoiandthe decisionmaker. The
Design-to-Criterisscheduleiis a matureartifactthathas
beenin service but evolving, since1995. Theothercom-
ponentsare notablein thatthey differ significantlyfrom
thoseusedin BIG or they are completelyoriginal. We
thusdiscusshemin greaterdetail in the following sub-
sections.

3.2 Query Expansion

The valuesof the keywordspart of the users querywill
beexpandedasedninformationencodedn theseman-
tically organizedlexicon WordNet[5] aswell asin our
own theme-basedexicons. For example of the use of
WordNet, if a userincludes’mountaineering”asa key-
word in the recreationcateyory, thena closely synory-
mousactivity —oneof mountaineering”senses’suchas



"climbing” couldbeaddedo thequery, with lower prior-
ity in thesearchthanprimary keywords.

The useof theselexicons enablesa variety of arbi-
trary distancecalculationgo determinea setof wordsre-
latedto the keywords.We areexamininga calculationof
closenessf two termsbasedna combinationof quality
andsimilarity distanceshroughtherelationsprovidedby
thelexicons.Priority gradingx has priority over y and
similarity = is more similar to z than y functions,in
additionto somehand-crafteddomain-dependenteights
basedon trip related’scenes”guidethe selectionof dif-
ferentsetsof keyword setsusedto query For anexample
of the latterinformationa beachscenemight invoke the
set{"towel”, "ball”, "coast”, "fish”, "trail” }.

The expandedset of keywords may thenbe usedto
expandtheinformationgatheringphaseof the agentsac-
tivities. It will initially usethefollowing stratgiesto fo-
cusits searchatthesechoicepoints:

1. Closenessf expandedsetof keywordsto the orig-
inal setbasedn similarity andquality.

2. Closenes®sf matchbetweenexpectedinformation
gatheredand users query i.e., eachinformation
sourcehasa type associateavith it. The nameof
thattypein the semantidexicon could provide the
basisfor this measure.

3.3 Capability Assessor

Theproblemfacingasituatednformationgatheringagent
isthatof decidingwhatactiongto performthatadequately
satisfya users queryin atimely fashion. Therearedif-
ferentapproacheso this problem. However, todayit is
widely held that a planningcomponents essentia[27]
to provide theflexibility andcustomizabilityrequiredfor
complex andvariableuserqueries.Therearea variety of
waysthatthis componenhasmanifestedtself, i.e.,asan
extensionto UCPOP[12] or asa mix of componentsn
BIG [16]. Thelatterapproachs of particularinterestto
ussincewetoo seekto leveragethe sophisticatedeason-
ing providedby a DTC schedulingcomponent.

DTC providesaway of selectingandschedulingsta-
tistically characterizedetsof agentactionsorganizedus-
ing the TAEMS language.Visually, T/EMS s a treethat
describesthe hierarchicaldecompositionof tasks(and
goals)into subtasksandfinally into the primitive actions
that can be usedto carry themout. TAEMS taskstruc-
turessene astheinputto DTC —it is how DTC under
standsthe agents problemsolving options. Our view of
the role of TAEMS is evolving andwe currently like to
view a single-agenfTZAMS task structureasan abstract
characterizatiorof an agents capabilitiesat a particular
instantin time and within a particular (larger) problem
solvingcontext. Thetaskstructurespecifiesvhatactions

theagentmay carry outandhow theserelateby defining
the agents problemsolving structure,e.g., which tasks
affect others, precedenceonstraintshow quality propa-
gateghroughthegraph etc. However, TAEMStaskstruc-
turesare deliberatelyabstract— though TAEMS actions
arecharacterizedia discreteprobability distributionsin
termsof quality, cost,and duration,the internal details
of the actionsare omitted. Actionsin TAEMS areessen-
tially black boxes. This abstractioris sufficient to per
form schedulingand analysisof TAEMS taskstructures,
or evencoordinationbetweemmultiple agentsput, more
detailis necessaryo actuallycarry out the actionsin the
taskstructure.

Thoughrich in somerespectsa static TAEMS task
structures inadequatéo wholly describeheentirerange
of problemsolving optionsof a complex agentin all cir-
cumstancesandfor all time. While one could actually
fully enumerateall of an agents optionsfor all points
in time via TAEMS, the structurewould be enormousas
TAMSdoesnotfully supportconceptdik e loopsandthe
representatiors statelessTAEMS:is perfectlywell suited
to be emittedby a complex planneror problemsolver,
but, in the generalcase,it is insufiicientin and of itself
to replacea planneror problemsolver. Someof the key
problemsare:

1. No supportfor abstract action types— although
the possibleactionsrepresentedn a TAEMS task
structureareabstractiondy virtue of their statisti-
cal characterizationghey arestill instantiationof
moreabstractactiontypeswhich mayhave arange
of situation-dependerstatisticalcharacterizations.

2. Situation not explicitly recagnized— even if one
wasto enumeratextensve setsof differentfunc-
tionally groupedactionswith situation-dependent
characterizationshereis noexplicit supporin TEMS
to choosehepropersetdependenvnthesituation.

3. Fixed structue, variable functionality— thereare
comple, situation-dependemnglationshipdetween
functionaldecompositionsf agentactionsn TAEMS
that TAEMS cannotitself representj.e., it hasno
metalanguagsupport.

An examplefrom theaforementionea@pplicationdo-
main is usedto illustrate theselimitations. A TripBot
usemighteventuallyspecifyaspartof alargerquerythat
they arenot particularlyinterestedn planetravel, would
rathercampon a beachthanstayin a hotel, is interested
in visiting awide variety of high-qualityrestaurantsand
would like TripBot to take at leastan hourtrying to find
agoodtrip thatmeetshis or herrequirements.

It is possibleto provide a TAEMS taskstructuretem-
platethatwould addressneetingthe broadobjectivesof



the above users query Thatis, part of its decomposi-
tion could containtasksrelevantto gatheringnformation
aboutwhatmeanf travel areavailableto hisor herdes-
tinationin additionto whataccommodationareavailable
in thatlocation,including, possibly hotelsandcamping.
Othertaskscould addressbroadly, finding restaurantin
thearea.Therearesomeproblemswith the templateap-
proach.We will examinetwo: focusandflexibility .

Theproblemof focuswhenactionsfrom ataskstruc-
tureis oneof whereto focusto maximizethe quality of
theagentsactions.Let's considethenaive casefirst. The
agentcould be givenanunmediatedyenericT EMS task
structurefor gatheringtrip information. In this case the
agents initial schedulewould undoubtedlycontain ac-
tionsthat could addlittle to the goal of satisfyinga par
ticular users query parametersThatis, usinga generic
structure,more information about hotelsthen camping
might begathered.

Onestepup from this schemeawnould be onein which
a genericTAEMS task structureis mediatedby a model
whichmightadjustthequality distributionsof variousac-
tionsundera prescribedunctionaldecompositionSuch
a mediationsystemmight set the quality of irrelevant
actionsto zero, thus effectively pruning them from the
spaceof consideredactions. The problemhereis that
suchaschemeif donewithout potentiallycomple< com-
putationsabouttheinteractionsetweerthe”pruned” ac-
tionsandotheractionsthatarepartof theinitial structure
maydramaticallychangaherangeof scheduleswvailable
from thetaskstructuran undesirablevays. Thisproblem
canarisebecause®f thearbitrarily complicatedsemantic
mappingbetweenthe actualagentcapabilitiesand ervi-
ronmentsandtheir TAEMS abstractions.

Theproblemwith bothschemess thatit still provides
noway of expandingthegivenrangeof actionsto include
moreoptionsrelatedto the users preferredoutcome.In
this samevein, the parameterizedemplateprovideslit-
tle supportfor opportunismor handlingof failure condi-
tions, i.e., supportfor assessinghe agents capabilities
in termsof a TAEMS taskstructurein a context-sensitive
manner Moreover, the route from a complex queryin-
volving preferencedik e thosegiven above to a TAEMS
task structureis a potentially complicatedone. Thatis,
constructingan adequateharacterizatiomf a goal from
ausers statedqueryparameterandthenusingthatgoal
asthe basisfor searchthrougha spaceof agentcapabil-
ity descriptionds, in generalataskthatrequiresa more
sophisticate@pproachthenthosedescribedsofar.

We have decidedto approachthe problemof char
acterizingan agentscapabilitiesat a given instanceand
within a givengoal context asa planningproblem.How-
evertheformulationof the problemandits solutiondiffer
in someimportantways from other planningproblems.
Onedifferenceis thattheresultingstructureis notanor-

deredsequencef actions,but rathera family of hier-
archically and functionally organized,statisticallychar
acterizedcomponentof suchsequences TAEMS task
structures.Anotherdifferenceis thatonly the semantics
of task and methodinteractionsmust be modeled,po-
tentialinteractiondependencieandresourceontentions
betweeractionsequencethatwould normallyhave to be
resohedby a plannerareresoledby the DTC scheduler

The CA task structuregenerationalgorithm resem-
blesthatof anorderedHTN planner{18] in thateachpath
of the generatedaskstructureis decompose@ccording
to specifieddecompositioroperatorsuntil primitive ac-
tionsarereachedatwhich pointthedecompositioroper
ationshaltonthatbranch;asubsebf applicableactionss
thenincludedatthatpointin thetaskstructure.Thetask
decompositioralgorithmrequiresa high-level taskasits
input. The initial world stateis empty unlessotherwise
specifiedn theinput parametersit thenusestaskopera-
torsandmethodgrovidedin adomaininformationfile to
decompos¢heinitial taskinto a setof tasksubstructures
describingalternatvesfor satisfyingthetop-level-task.A
simplified examplefollows.

(spec_task (nane Create_Trips))

TheCA firstlooksfor amethodwith thenameC'reate_T'rips.
Failing to find one,it looksfor anoperatowith thatname.
It might have thefollowing operators:

(spec_operat or
(nane Create_Trips)
(deconposition
Get _Query_Info
+Gat her _Trip_Info
Make_Deci si on))

(spec_operat or
(nanme Gather _Tri p_I nfo)
(deconposition
+Cet _Flights
+CGet _Hotel s
+CGet _Rental _Cars))

Here,the CA would choosethe Create Trips task
decomposition. This would replacethe C'reate Trips
taskat the headof thelist of tasksto expandinto atleast
threenew tasks:Get_Query_In fo, Gather Trip_Info,
and Make_Decision. The'+' signin front of a task
namein the decompositiorfield of an operatoris to in-
dicatethat the decompositiormay containone or more
of thattask.

To completeour simpleexample,the CA would then
chooseawvailablemethodsvhichcompleteheabovetasks.
For example,it mightchoosehefollowing methodto add
tothe Get_Flights task.



(spec_nethod_i nfo
(nanme Query_AOWFIlights)
(famly Get_Flights)
(construct or _par amns
(:internal Executor)
(:internal Duration)
Cty
Cty
Dat e
Dat e
Aird ass
Airline)
(results AirFlight)
(out cones
(outcore_1
(density 1.)
(quality_distribution
0 .20 10 . 80)
(duration_distribution 40 1.0)
(cost_distribution 0 1.0)))
(i npl enentati ons
(inplenentation_1
(pl atform Java)
(cl ass
wr apper s. AOWFI i ght W apper)
(met hod AOWFI i ght W apper))))

Theabove QueryAOWFlightsmethodwouldbeadded
undertheGet_Flights taskin thegenerated £AMStask
structureby creatinga uniquesymbolfor the methodla-
belin thestructure appendingts statisticaldistributions,
andaddingthe dependenciebetweernit andothermeth-
ods or tasks,if thereare ary. Theseinterrelationships
createa resourceor informationflow dependeng graph
that containsinformation for every possibleschedules
method/parametatependenciesndis usedby the exe-
cutionsubsystento trackresourcegeneratedr required
by theinstantiatedactionsof a schedulen aresourceda-
ble.

We areworking on aversionof the CA thatwill han-
dle disjunctive requirementsand complec return types
and a more refinedsystemof quantification. Thereare
also someadditional compleities endemicto task de-
compositionwithin the T/EMS formalismbecausef the
fairly extensie variety of relationssupportedbetween
tasks,subtasksandactionsandwe areincrementallyin-
corporatingthemaswe find needfor themin the appli-
cation domain. Since speedis a concern,we are try-
ing to effectively balanceexpressienessandefficiency in
our approach.Initially, we have focusedon producinga
fast,expressive planner i.e., knowledge-basedprward-
searchingandtotal-orderedbut we arelooking morese-
riously now at expandingit’s cross-domaircapabilities
andmitigating the amountof knowledgeengineeringe-
quiredto modeldecompositions.

3.4 TheDecison Making Module

Oneof the key componentsn a personalagent,suchas
TripBot, is the decisionmaker. Typically it is the deci-
sion maker that reasonsaboutgatherednformationand
the artifactsproducedby combiningthe information. In
the BIG information gatheringagent,fusion is the job
of the blackboardproblem solver whereasthe decision
malker’s functionis primarily evaluation. In the TripBot,
the decisionmaker also performsfusion becausehe fu-
sion processs intertwinedwith userpreferencesvalu-
ation, i.e., TripBot mustuseuserpreferenceso control
combinatoricsin orderto producea final setof objects
from which to returnone(or arankedset)to theuser

The decisionmaking researchhas several different
facets:1) the specificationof userpreferencesvhich we
call constaint selection 2) theuseof preferences prob-
lem solving,which we call evaluation and3) controlling
combinatoricgo producea setof itinerariesappropriate
for theclient.

3.4.1 Constraint Selection

In the TripBot implementationthe userpreferencegan
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 "Constraint Satisaction Problems” (CSP)
wasappliedin the decision-makingnoduleto get more
optimaltrip alternatves.

Therearetwo typesof constraintghatuserscanspec-
ify whenthey initialize a requestto the TripBot, these
constraintaresocalled”hard constraints’and”soft con-
straints”[11]. Hardconstrainis athresholdhatindicates
theupperboundor lower boundof a specificfactor such
as”l amnotwilling to spendmorethan$700dollarsfor
this trip”. Soft constraintcan be usedto expressusers
criteria asa scaleof preferencesisingweights,suchas
"the importanceof the costis 20% and the importance
of the hotel quality is 80%”, which canbe interpretedas
"but the hotelquality is moreimportantthanthe cost”.

Hard constraintsare being usedin mostof the on-
line travel servicesites,whereuserscanonly specifythe
"hard” thresholdssuchasdeparturedate,costlimit, spe-
cific airline name,andhotelchainetc. beforethe search.
The problem of hard constraintis that it may cut out
somepotentiallymoreoptimal candidatesFor example,
if therearetwo trip plan A and B, both of them offer
identicalservicesxceptthatthe planA includesa 5-star
hotelstaywith total costof $705,andthe planB includes
a 1-starhotelstaywith total costof $690.Apparentlythe
plan A looks betterthanthe plan B. But if the useronly
setsa hardconstraintsayingthatthetotal costcannot be
over $700,thentheplanA will beprunedandtheplanB



will beselectedThereforemakingadecisiononly based
on hardconstraintss notvery flexible.

Soft constraintis more flexible sinceit canexpress
users relative preferencewithout specifyingthe details.
It allows sub-optimalsolutionsto remainin the search
spacein orderto getmorerelatively optimal result. But
theproblemof softconstrainis thatit lackssomekind of
standardvhile performingcomparisonln anothemwords,
sometimest is hardto know how goodis goodenough
or how badis too bad. Back to the abose example, if
thistime plan A includesa 5-starhotelwith total costof
$3000,andplan B includesa 1-starhotel with total cost
of $690. Usually we draw a conclusionthatthe plan A
is too expensve to stay But if the useronly setsa soft
constraintsayingthatthe hotel quality is muchmoreim-
portantthanthe cost, thenthe plan A probablywill be
selecteddespitethe factthatthe usermay not be ableto
afford it.

Thereforejn thedecision-makingnoduleof TripBot,
we associatéhesetwo typesof constraintgogetheiin or-
derto getmoreoptimalandflexible solutions.Figure4 to
Figure6 shows the inputinterfaceof the TripBot, where
the agentasksa userto specify somecriteria of thetrip.
Among them, destination departuretime, preferredair-
line, andtotal costlimitation etc. are hard constraints,
andtheimportanceof hotel quality, flight quality, rental-
carquality andtheimportanceof total expensdimit etc.
aresoft constraints.Ratherthanarbitrarily separatesut
acceptablétineraries,decisionmodulecomputesa rank-
ing numberfor eachitinerary that reflectsthe degreefor
whichbothtypesof constraintsaresatisfied By thisway,
we cankeepalargerandmorereasonablé@inerarysearch
spaceto let the decisionmaking modulework on, and
hopeit can generatemore optimal solutions. Back to
thepreviousexampleagain thistime theagentgetsthree
possibletrip candidates.Plan A, B, and C have identi-
cal servicesxceptthatthe plan A includesa 5-starhotel
with total cost$3000,the plan B includesa 1-starhotel
with total cost$690,andtheplanC includesa4-starhotel
with total cost$750. If we apply bothhardandsoftcon-
straintssuchas"the costlimit for the trip is $700” and
"the hotelquality is muchmoreimportantthanthe cost”
duringthedecisionmaking,thena TripBot probablywill
assigna higherrankingnumberto theplanC if theagent
hasbeenproperlyknowledgeengineered.

3.4.2 Evaluation Algorithm

In orderto recommendhe bestitinerary to the user the
itinerariesmustbe evaluatecandcomparedo eachother
One completeitinerary consistsof mary different ser
vicessuchasair transportationhotel stayandrentalcar
etc. The problemduringthe evaluationis thattheseser
vicesareoftenwith competingandevenconflictingcon-

straints.Whenre-composingnitineraryfrom theseser
vices, a choicemay be optimal for someof the criteria
but the samechoicemay becomethe worst solution for
others. The decision-makingnodule attemptsto solve
this situationby applyingthe utility theoryto generatea
numericalscoreto rank the solutions. The ideaof util-
ity theoryis to use”utility” to quantify the "quality of
beinguseful”’[19]. In the decision-makingnodule,util-
ity functionsare usedto map the degreesof constraint
satishctionto real numbers. A getUTtility() function is
implementedor eachtravel objectandis called during
the decisionmaking process. What the utility function
doesis to computethe utility of a specificservicebased
on a setof userpreferencepassedrom the userinput
interface. Thenthe overall utility of anitinerary canbe
calculatedasthe weightedsumof the utilities of all con-
strainedservices. Also in the decision-makingmodule,
hard constraintsare formulizedto computethe absolute
utilities andsoftconstraintareformulizedastheweights
for certainutilities. Theideacanbeillustratedusingthe
followingequation:U;; = > p;U(S;), WhereUy; isthe
overallutility of aspecificitinerary; S representa partic-
ularserviceU (S;) returnstheutility of aspecificservice,
andp; is theweightof a specificutility anddefineshow
importantit is relative to the others.

To simplify themodelspecificationit is assumedhat
a setof servicesis mutually utility-independent.There-
fore, the preferencesver the individual servicesdo not
dependnthelevel atwhichtheotherservicesareachieved.
Table 1 illustratessomeof the constraintsghat are cur-
rently being reasonedduring the decisionmaking pro-
cess:

Althoughmostpreferenceareexplicitly indicatedby
theuserin theinput form, the agentstill keepssomede-
fault preferenceskor instanceif therearetwo itineraries
with similar quality, by default the agentwill favor the
cheapeionedespitethat userdoesnot setary costpref-
erence.The agentalsoassumeshat shorterflying time,
lessnumberof stopsandhigherquality of hotel service
etc. arepreferredby theuser

3.4.3 Constraint Satisfaction Search Algorithm

By applyingthe utility functionswe canhave every pos-
sible itinerary beenevaluated. Thenthe itinerarieswith
highestrankscanbe pickedout astrip recommendations.
However, thereis somethingwrong with this scenario.
Let's considera simpletrip planningwhich only consists
of 40 possibleair flights, 40 possiblehotel stays,and40
possiblerentalcars.Therearetotal 40 x 40 x 40 = 64000
differentitineraries.In orderto getthe mostoptimal so-
lution, we have to composeall theseitinerariesandthen
evaluatethem. It might be fine to compute64000alter
nativesin amodernmachinebut how aboutif we haveto



| | Flight | HotelStay | RentalCar | Total Expense]
Departurgime Hotellocation Rentalcompary
Quality Flying time Hotel chain Cartype
# of stops Hotel service
Airlines
Cost Flight price Hotel price Rentalprice Total cost
Importanceof Importanceof | Importanceof the | Importanceof
Weights | theflight quality | thehotelquality | rentalcarquality | thecostlimit

Tablel: Theconstraintdbeingevaluatedn thedecision-makingnodule

reasonabout 10 differentservicesand eachservicehas
100 differentinstances?It is just simply too muchto
compute.

Basically this is a ConstraintSatishiction Problem
(CSP).Thereforeour approachis to make the decision-
makingmoduleactsasa constraintsolver, which applies

flight quality, hotelquality, rentalcarquality, andtheim-
portanceof the total cost. The agentthencorvertsthese
preferencemto ausermodel,addingdefault preferences
for unspecifiedattributes. Default preferencesre com-
monto almostall users.For example,mostusersprefer
higher quality services. But betweentwo serviceswith

propersearchin@lgorithmsto effectively reducethesearch similar quality, mostuserswant the cheapemne. Most

spacewithout losing too much optimization[22]. The
specificsearchingtechniquecurrently usedin the deci-
sionmoduleis Forward Checking.Thealgorithmcanbe
simply illustratedasfollowing: First, eachserviceobject
will be partially evaluatedandbe pre-sortecbasedon its
serviceutility in eachservicecategory. The objective of
thepre-sortings to preparehe searctspaceor the CSP
solver. Thentheforwardcheckingalgorithmis appliedto
effectively reducethe sizeof CSPby looking aheadand
pruningall of thoseitinerariesthatmayviolatetheoverall
utility threshold.Onesimpletrial run shows thatthis al-
gorithmsuccessfullyeduceda 10x10x10searchspaceo
126 instantiatedtineraries. Amongthem,tenitineraries
with highestutility scoreswvereselectecandpresentedo
theuser

3.5 Extended Example

To demonstratéhe operationof this systemwe provide
an exampleof using the systemto plan a family vaca-
tion. Whenthe destinationof the trip is unconstrained,
possiblythe mostentertainingandusefulfunction of the
TripBot is to suggestestinationghatfit someinput cri-
teria.

For example, the systembegins with the user stat-
ing that he wishesto travel from Bostonto the South-
eastwith his family (2 adultsand1 child) on August10.
They wantto spendaweekon thevacationandalsowant
to limit thetotal expensgtransportationaccommodation
etc.) to $3,000. They wish to visit somavherewith a
beachand an amusemenpark nearby Their daughter
enjoys movies, and all of themwould like to attendat
leastoneconcert. They enjoy Italian and Chinesefood.
They alsospecify other preferencedik e the airline, ho-
tel chain,rentalcartypeandrentalcompary. Severalsoft
constraintzanalsobespecifiedsuchastheimportanceof

usersprefernon-stopflights ratherthanchangingplanes
severaltimesduringthetrip etc.

Thoughuserpreferenceareusedn thedecision-making
componentn the later stageof theagents processthey
arealsousedearlyin the procesdo targettheagents ac-
tivities. In the currentimplementationthesepreferences
are passedasinput to the agents planningcomponent,
which decidesvhereto find informationresourcesyhen
to usethem,in whatorder, andso forth. After the agent
collectsall the necessarynformation, it will invoke its
decisionrmakingcomponento construcitinerariesbased
on userpreferenceso that only “good” itinerariesare
constructecand evaluated ,which is doneby applyinga
constraintsatisactionsearchalgorithm. By focusingon
(potentially)“good” itineraries,the agentcanavoid gen-
eratingtoo mary possiblecombinations,sincein most
caseproducingandevaluatingall itinerariesis not feasi-
ble dueto time andcomputationalimitations.

In the abore example, first the agentwill generate
several city candidatesssociatedvith the trip type and
region. Thenfor eachdestinatiorcity, theagentwill col-
lectrelatedinformationandconstructandevaluatepossi-
ble itineraries. In the currentimplementationfour vari-
ablesare consideredn the decision-making. They are
flight quality, hotel quality, rental car quality and total
costquality. The algorithm proceedsy assigningeach
flight, hotelandcarvariablewith avalue,whichis calcu-
lated by utility functions. For example,a specificflight
variablewill be evaluatedbasednits departurdime, to-
tal flying time, the numberof stops,the nameof the air-
line, andits cost. Therefore a straightforward depth-first
searchalgorithmcanbeappliedto constructandevaluate
possibleitinerariescomposedrom thesevariables. The
utility of eachitinerary is a weightedsum of flight util-
ity, hotelquality, carquality, andthetotal costquality. To
reducehesearctspaceanoverallitineraryutility thresh-
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Figure2: PruningDuring Itinerary Construction

old canbe setto distinguishthoseacceptablétineraries,
and pre-evaluationand sorting of all flights, hotels,and
carscanbe conductedasedon their utility values.Note
that somepruning cantake placein the searchtree. For

example,supposeahevaluesof variable A areorderedas
ay...an. If assignmentd = a; andall of its childrendo
not satisfytheitinerary utility threshold thenwe do not
continueto search4d = a; where(k < i < n), asillus-

tratedin Figure?2. Finally, for eachdestinatiorcity, three
top-ranleditinerarieswill be displayedalongwith their
utility valuesand other additionalinformation, suchas
local weathey local movie theatersconcertsn the area,
andlocal restaurantsvith users favorite cuisine. Satis-
fied, theuserendsthe session.

It is possiblethata potentiallyqualifieditinerary will
never be producedecauséhe candidatecomponentsire
prunedduringtheintermediatgphase®f theprocessThis
is becausehe total trip costdependwn the costsof the
trip components.However, when orderingflight, hotel,
andcar variables the total costis an unknavn quantity
i.e., theseactvities are treatedas being independento
avoid having to generateall possibleitinerariesin order
to computethe total cost. The endresultis that we may
pruneout somepotentially qualifieditinerary with vari-
able A nearay. This is an exampleof makinga setof
local optimizationghatarenot guaranteedo combineto
aglobally optimalsolution.

While we havenotyetfully addressethisissue some
improvementshave beenproposed. One possiblework
aroundis to adjusttheitinerary utility threshold.A lower
thresholdmeansmoreitinerarieswill be constructecand
evaluated thereforedecreasindhe oddsthat an optimal
itinerary will be prunedaway. Anotheroptionis to set
the thresholddynamicallybasedon the size of the space
involved.

Returningto the example,at the end of the process,
for eachdestinatiorcity, threetop-ranleditinerarieswill
be displayedalongwith two extremecasesthe cheapest
itinerary andthe highestquality. Thoughtherearemary
othercandidatemixesor heuristicsthat could be usedto
provide arangeof choicesfor theclient.

3.6 Wrappers

We usethe expressionwrapperto denotethe codethat
conceptuallywrapsinternetsitesfor our agent. We cre-
atewrappersasa way to abstractaway theirregularities
of thelnternetto acommoninterface.Eachwrappettakes
in a setof parameterandreturnsa vectorof datastruc-
turescompiledfrom an Internetsite. Whenthe execu-
tion subsystenreadsin a requestedvrappercall from
the scheduleas shavn in Figure 3, it first looks up the
action associatedvith the scheduledT £MS methodin
the actionlibrary. The actionis thenreferencednto the
dependeng graphandthe action dependencie§param-
etersandreturnobjects)are returnedfrom the resource
database.The wrapperis theninstantiatedwith the re-
quiredparameterandgivena maximumexecutiontime.
Wheneitherthewrapperhasfinishedgatheringinforma-
tion, or thetime limit hasexpired,theinternaldatasetof
the wrapperis returnedto the executionsubsystermand
enterednto theresourcelatabase.

In thisimplementationwe usestaticwebsitewrappers
thatusea simpleform of patternmatchingto parsethere-
sultof queries For example awrappetthatfindsconcerts
for a givencity might take asa parameten dateandthe
nameof a city. Thewrappemwould thenperformaquery
onaconcertvenuesearckenginesuchasPollstarcomand
parsethe returnedinformationfor concertobjects. This
concertwrapperhasan internalrepresentationf whata
concertobjectlookslikein anHTML pageandsearches
the documentreturnedfrom the queryfor eachinstance
of therepresentationThe internalrepresentatiors a set
of stringdelimiters,onefor eachmembeiin the object.

Figure4 shavshow the Pollstarconcerwrappetiden-
tifies concertobjectsin a pagereturnedby Pollstarcom.
The wrapperidentifiesvertically spacecentriesby loca-
tion delimiting strings aroundconcertfields. First the
wrappeffindsadatefield by finding its delimiting strings
in HTML, thentheartistfield, andfinally thevenuefield.
After it hasidentifiedthesdfieldsit canpopulateaconcert
objectandaddit to its internaldataset. After thewrapper
cannolongerfind any moredatefields (or whenits timer
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runsout) the wrapperreturnsthe objectspopulatedrom
thequeryto theexecutionsubsystemA futureexpansion
might be to createa systemthat candynamicallycreate
wrapperspr learnhow to wrapweb sitesautonomously
asin [8].

4

The TripBot agentis currently running on an 800mhz
Pentiumlll, with 128MB RamunderRedHat linux 7.0.
Whenit is putonline (atmas.umcs.maine.edit)will mi-
grateto amachinewith duallghzprocessorsinderinux.
The larger machinehas more more RAM and a SCSI
drive subsystemhowever, it is worth notingthatthe Trip-
Bot will runwell on machinesvith muchlessprocessing
powerthanthe 800mhzPentiumsheingusedfor develop-
ment.Mostof theTripBotis implementedn Java,though
the Design-to-Criteriascheduleris written in C++, the
Capability AssessorusesAllegro CommonLisp(ACL)
6.0,andpartof theuserinterfaceusesPerl.

| mplementation Overview

ScreersnapshotsftheGUI areshovnin Figuress, 6, 7.

Thecurrentimplementatiorstatuss thateachof thecom-
ponentshasbeentestedn thesmallandmostof the com-
ponentsarecurrentlyworking togethemroperly We can
executethe front part of the agentproblemsolving pro-
cessand the latter stagesindependently- the decision
malkerandexecutionsubsystencomponentarecurrently
beingintegratedandthe integrationdoesnot involve ary
researchssues.In the future,we would lik e to distribute
thekey componentsisedin the TripBot andto createes-
timatesfor the resourcesequiredto customizethemfor
otherinformationgatheringapplications.

5 Conclusion and FutureDirections

We have presented new view on real-timeinformation
gatheringagentconstructiorthatdiffersfrom theapproach
usedin the BIG informationgatheringagent.Essentially
wehaveeliminatedandreplacedhecomponentshatwere
necessaryo addressarbitrarysearchdiscovery, andpro-
cessingonline becausehey were also difficult to adapt
to new domainsandlesspredictablethanother, lessam-
bitious, technologiesWe alsoreplacedhe opportunistic
internal control and the pseudo-hand-generatgdocess
prototypesusedin BIG to produceT £EMStaskstructures
with the capabilitiesassessof planningcomponenthat
generate§ AEMStaskstructuredrom first principles.
Themodifiedarchitectures beingdeployedon crisis
managementravel planning,andmusic-centeredigital
librariesprojects. The advantageof usingagenttechnol-
ogyin theseapplicationss thatit enableghe softwareto
meetsoftreal-timedeadlinesrespondo thedynamicsof

the Internetervironment,reasoraboutclient preference,
andplanto achieve the objectives.

Implementationallythisworkisin its formativestages.
However, we arebuilding onastrongresearclioundation
setby theBIG agentandthe Design-to-Criterisscheduler
is a maturetechnology We believe the architecturede-
scribedherewill addresghe requirementof the above
applicationswithout significantmodifications.

Ontheresearcltiront, asidefrom theoverallarchitec-
ture andview of the problemspacethe decisionmodule
usesa new CSPapproachto onlinetrip planningwhere
user criteria and preferencesare explicitly modeledas
combinatiorof hardandsoft constraintsPreferenceand
evaluationarealsousedin thedecisionmoduleto control
combinatoricsTheendresultis thatthe TripBot allows a
userto examinea large setof possiblesolutionsin area-
sonableamountof time. In the future, we hopeto shov
that TripBot outperformsary existing tools on this front
andis fasterthanhumandrivenonlinetravel planning.

Thereare plenty of openquestionsandareador im-
provementin this research.In the decision-makingro-
cessptherheuristicsearchalgorithmsmaybeexploredin
the future. Additionally, the TripBot currentlyusesonly
a limited numberof travel relatedinformation sources.
In the future, more travel sites should be addedto the
TripBot'slist of resourceso enhancdlexibility , improve
errorrecovery, andto potentiallyimprove accurag. The
agentcould alsousea more flexible integration of con-
trol, decision-makingand userpreferencespecification
— ideally the usershouldbe able to seewhat the agent
does,while it doesit, andprovide guidanceor feedback
online. Thereis alsoa greatdealof roomto improve per
sonalizationof the TripBot's services,e.g., storing user
preference@ndrecordingdefault values. Thereis also
roomto explore additionalvalue-addederviceshatthe
TripBot agentcould provide. For example, destination
suggestiontravel route planning,andthe integration of
driving directionsand other classesof informationinto
thebasicagent.
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