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Abstract

The World Wide Web hasbecomeaninvaluableinformationresourcéout the explosionof
availableinformationhasmadeweb searcha time consumingand complex processThe
large numberof information sourcesandtheir differentlevels of accessibility reliability
andassociatedostspresenta complex informationgatheringcontrol problem.This paper
describeghe rationale architectureandimplementatiorof a next generatiorinformation
gatheringsystem- a systemthatintegratesseseral areasof Artificial Intelligenceresearch
underasingleumbrella.Our solutionto theinformationexplosionis aninformationgath-
ering agent,BIG, that plansto gatherinformationto supporta decisionprocessyeasons
aboutthe resourcerade-ofs of differentpossiblegatheringapproachesextractsinforma-
tion from both unstructuredand structureddocumentsandusesthe extractedinformation
to refineits searchandprocessing@ctvities.
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1 Intr oduction and Moti vation

The vastamountof informationavailabletodayon the World Wide Web (WWW)
has great potentialto improve the quality of decisionsand the productvity of
consumersHowever, the WWW’s large numberof informationsourcesandtheir
differentlevels of accessibility reliability, completenes§b], andassociateaosts
presenthumandecisionmakers with a complex information gatheringplanning
problemthatis too difficult to solve without high-level filtering of information.In
mary casesmanualbrowsingthroughevenalimited portion of therelevantinfor-
mationobtainableéhroughadvancinginformationretrieval (IR) andinformationex-
traction(IE) technologie$6,39,12,40jis no longereffective. Thetime/quality/cost
tradeofs offeredby the collectionof informationsourcesandthe dynamicnature
of theervironmentleadusto concludethattheusershouldnotsene asthedetailed
controllerof theinformationgathering(IG) procesg45].

Our solutionto theinformationexplosionis to integratedifferentArtificial Intelli-

gencgAl) technologiespamelyschedulingplanning text processinginformation
extraction,andinterpretatiorproblemsolving, into a singleinformationgathering
agent,BIG (resource-BoundebhformationGathering)42,43], thattakesthe role
of the humaninformationgathererin responseo a query BIG locates retrieves,
and processeinformationto supporta decisionprocess.To evaluateour generic
approachye have instantiatedt for the softwaredomain.BIG’s areaof expertise
is in helping clients selectsoftware packagedo purchaseFor example,a client
may instructBIG to recommenda databaseackagefor Windows 98, and spec-
ify desiredproductattributesaswell asconstraintson suchthingsasthe amount
of money they arewilling to pay for sucha product,and on the amountof time
andmone to spendocatinginformationaboutdatabas@roducts.The client may
alsocontrol how BIG searchedy specifyinga preferencdor information preci-
sionversuscoverageA preferencdor coveragewill resultin moreproductsbeing
discovered,but with lessinformationabouteachproduct.A preferencdor greater
precisionresultsin BIG spendingmoreresourceso constructvery accuratenod-
elsof productsby gatheringadditionalcorroboratingnformation.In responséo a
guery BIG plans,locates,andprocesseselevantinformation,returninga recom-
mendatiorto the clientalongwith the supportingdata.

The compleity of our objectve mandates high level of sophisticatiorin the de-
sign of BIG’s componentsindeed,several are complex problemsolversin their
own right. A plannerandassociatedaskassessoareresponsibldor translatinga
client’'s information needinto a setof goalsandgenerateplansto achieve those
goals.In theexampleabove,theplannemwould generatglansdetailingthealterna-
tive waysto fetchdatabasg@roductinformationandthe alternatve waysto process
the information. To supportreasoningabouttime/quality/costirade-ofs, andthus
arangeof differentresource/solutiopaths the plannerenumerateseveraldistinct
plansfor achiezing the goalsanddescribeghemstatisticallyin threedimensions,
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duration,quality, and cost, via discreteprobability distributions. Another sophis-
ticated problemsolving componentthe Design-to-Criterig 60—62] (DTC) agent
schedulerexaminesthe possiblesolutionpathswithin the plan, selectsa setof ac-
tionsto carryoutandschedulesheactions- copingwith anexponentialscheduling
problemin real-timethroughthe useof approximatiorandgoal directedfocusing.
The resultingsingle-agenschedulecontainsparallelismand overlappingexecu-
tionswhenthe primitive actionsentail non-localprocessingsuchasrequestghat
areissuedover the network.

As BIG retrieves documentsanotherproblemsolver, an Information Extraction
(IE) system[25] worksin conjunctionwith a setof semanticsyntactic,andsite-
specifictools, to analyzethe unstructuredext documentsinformationfrom this
analysigss usedfor decisionmakingandrefinemenof otherinformationgathering
goals.

Other complex componentsn BIG include a framewvork for modeling domain
tasks,a web sener information databaseand a task assessoto assistin trans-
lating the problemsolver’'s domainplansinto adomainindependentepresentation
appropriatefor useby the Design-to-Criterisscheduleand otherhigh-level com-
ponentsWe will returnto the agentarchitecturgseeFigure3) in greaterdetailin
Section3.
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Fig. 1. BIG’s UserInterface

Let us considera high level exampleto illustrate someof BIG’s capabilitiesand
to seta context for furtherdiscussionA clientis interestedn finding a word pro-
cessingprogramfor the Macintosh.The client submitsgoal criteriathatdescribes
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desiredsoftwarecharacteristicandspecificationgor BIG’s search-and-decid&o-
cessA snapshobf the systems userspecificatiorform is givenin Figurel.

The searchparametersire:durationimportanceof 100%,soft time deadlineof 10
minutes hardcostlimitation of $5, andin termsof precisionversuscoverage 50%
of theweightis givento precisionand50%to coverage.This translatego a pref-
erencefor a fastsearch/ decisionprocesspossiblyachiered by trading-of cost
andquality for the fastsearchThis alsoindicatesthatthe userwantsthe process
to take ten minutesor lessandcostno morethan$5? if the searchprocessncurs
expensesvhen gatheringinformation. The useralso expressesho preferenceor
coverageor precision— BIG cantrade-of onein favor of the other The product
parametersire: productprice $200o0r less,platform: Macintosh.Additional prod-
uct evaluationfeaturesarediscussedn moredetailin Section5.5. Theclientis an
experiencechome-ofice userwho desiresa resultrelatively quickly anddoesnot
want to spendmuch mone/ on the searchandwho is primarily concernedwith
gettingmostpower for thedollar in the product.

BIG’staskassessanseshe suppliedcriteriato determinenhich informationgath-
ering actiities arelikely to leadto a solution. Candidateactwvities include doc-
umentretrieval from known word processingsoftware makers suchas Coreland
Microsoft, aswell asfrom consumessitescontainingsoftwarereviews. Otherac-
tivities pertainto documentrocessingptionsfor retrievedtext. For a givendoc-
ument,therearea rangeof processingpossibilities,eachwith differentcostsand
adwantagesFor example,the hearyweight information extractor pulls datafrom
freeformattext, fills templatesandassociatesertaintyfactorsfrom the extracted
items.In contrast,the simple and inexpensve patternmatcherattemptsto locate
itemswithin thetext via simplegrep-like behaior. BIG's taskassessdnandleghe
proces®f laying outthesegoroblemsolvingoptionsby emittingataskstructurethat
describeghealternatve waysto performtasksandquantifieshemstatisticallyvia
discreteprobability distributionsin termsof quality, cost,andduration.

Theseproblemsolving optionsarethenconsiderecandweighedby the scheduler
— it performsa quality/cost/timetrade-of analysisand determinesan appropri-
atecourseof actionfor BIG. The schedulds executed;multiple retrieval requests
areissuedanddocumentsareretrieved andprocessedn this case dataextracted
from documentst the Corel siteis integratedwith dataextractedfrom reviews at

the Benchinsite to form a productdescriptionobject(model) of Corel WordPer

fect. Additional searchandprocessindeadsto thediscovery of 14 othercompeting
products.The decisionmaker, basedon the productmodelsconstructedindicates
that the productthat bestsatisfiesthe users specificationdgs Corel WordPerfect

2 Thereis no costassociateavith accessinglatain the experimentseportedn this paper
thusthe costconstraintspecifiedby the userdoesnot alter BIG’s behaior. However, as
detailedin [44], experimentswith BIG involving situationswhereaccessinglatafrom se-
lectedsitesincurscost,the costconstraintspecifiedby theuserareaccountedor in BIG's
informationgatheringprocess.
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3.5. BIG returnsthis recommendatiomo the client alongwith the gatherednfor-
mation,correspondingxtracteddata,andcertaintymetricsaboutits extractionand
decisionprocesses.
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Fig. 2. BIG’s Final Decisionfor SampleRun
The primarydistinguishingcharacteristicef this researctare:

Active Search and Discovery of Information BIG doesnot rely entirely upona
pre-specifiedset of sitesfrom which to gatherinformation. BIG also utilizes
generalURL searchenginesandsites/ information sourcesdiscoveredduring
previousproblemsolvingsessionaMostimportantly uncertaintyin theextracted
information and the absenceof crucial information drives further search.We
provide examplesin Sectior4.4.

Resource-boundedSearch and Analysis BIG problemsolvesto meetreal-time
deadlinescostconstraintsandprecision,coverageandquality preferenceBIG
reasonsaboutwhich actionsto take to producethe desiredresultandplansac-
cordingly: Thisis accomplishedhroughthe useof the Design-to-Criterissched-
ulerandby employing anend-to-endratherthanreactve,controlprocessThese
issuesarediscussedn Sections3, 4, and5.

Opportunistic and Top-down Control BIG blendsopportunisticreactve, prob-
lemsolvingbehaiorswith theend-to-endchedulingriew requiredto meetreal-
time deadlinesand other performanceconstraints.This enablesBIG to work
within a high-level, structuredplan without sacrificing the dynamismneeded
to respondo uncertaintiesor inconsistencieghatarisein modelsderived from
gatherednformation.We will discusghedetailsin Section5.4.
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Information Extraction and Fusion Theability to reasorwith gatherednforma-
tion, ratherthansimply displayingit for theuser is critical in thenext generation
of informationgatheringsystemsBIG usegesearch-ieel extractiontechnology
to convertfreeformattext into structureddata;the datais thenincorporatecand
integratedinto productmodelsthatareexaminedby BIG’s decisionprocessre-
sultingin a productrecommendatiorDetailsareprovidedin Sections3, 4, and
5.

Incorporation of Extracted Information In additionto building productmodels,
extractedinformationis incorporatedn BIG’s searchasit unfolds.For example,
competitorproductsdiscoveredduringthe searchareincludedin BIG’sinforma-
tion structurespossiblyresultingin new goalsto pursueadditionalinformation
on theseproducts We provide further detailsin Sections3 and4, andcover an
examplein Section5.

Thisapproacho web-basedformationgathering(IG) is motivatedby severalob-
senations.Thefirst obsenationis that a significantportion of humaniG is itself
anintermediatestepin a muchlarger decision-makingprocesq45]. For example,
a personpreparingto buy a car may searchthe Web to find out what car mod-
elsareavailable,examinecrashtestresults,obtaindealerinvoice prices,or exam-
ine reviews andreliability statisticsIn this informationsearchprocessthe human
gatherefirst plansto gatherinformationandreasonsperhapsatasuperficiallevel,
aboutthetime/quality/costrade-ofs of differentpossiblegatheringactionsbefore
actuallygatheringnformation.For example thegatheremayknow thatMicrosoft
CarPointsite hasdetailedandvariedinformationon the relevant models,but that
it is sometimesslow, relative to the Kelley Blue Book site, which haslessvaried
information. Accordingly, a gathererpressedor time may chooseto browse the
Kelley site over CarPoint,whereasa gatheremwith unconstrainedesourcesnay
chooseto browse-and-wit for informationfrom the slower CarPointsite. Human
gatherersalsotypically useinformationlearnedduringthe searchto refineandre-
castthe searchprocessperhapsawhile looking for dataon the new HondaAccord
a humangatheremwould comeacrossa positive review of the Toyota Camryand
would thenbroaderthe searcho includethe Camry Thus,the human-centrigro-
cesss bothtop-davn andbottom-up:structuredput alsoopportunisticA detailed
discussionon the specificsof this type of opportunisticproblemsolving is pre-
sentedn Section5.4.[9] providesa further expositionon issueof exercisingand
balancingvarioustypesof top-davn andbottom-upcontrol.

Thesecondbsenationthatshape®ur solutionis thatWeb-basedG is aninstance
of an interpretation problem Interpretationis the processof constructinghigh-
level modelsfrom low-level datausingfeature-a&tractionmethodghatcanproduce
evidencethatis incompleteor inconsistentin our currentdomainthis corresponds
to a situationwherethe software productdescriptiongeneratedrom the raw web
documentamay not containall the desiredinformation, or duplicateinformation
from different sourcesmay be contradictory Coming from disparatesourcesof
informationof varyingquality, thesepiecesof uncertainevidencemustbecarefully
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combinedn awell-definedmannetto provide supportfor theinterpretatiormodels
underconsideration.

In recastingveb-basedG asaninterpretatiorproblem,we facea searchproblem
characterizedby a generallycombinatoriallyexplosive statespaceln the IG task,
asin otherinterpretatiorproblemsijt is impossibleto performanexhaustie search
to gatherinformationonaparticularsubjector evenin mary caseso determinghe
total numberof instance®f the generalsubjectthatis beinginvestigated\We first

arguethat an IG solution needsto supportconstructiveproblemsolving[11,10]

in which potentialanswerge.g. modelsof products)to a users queryareincre-
mentally built up from featuresextractedfrom raw documentsand comparedor

consisteng or suitability againsiotherpartially-completecanswersSecondlyary

solutionto this IG problemneedso supportreasoningabouttradeofs amongre-

sourceor time constraintsthe quality of the selectedtem, andthe quality of the
search analysisanddecisionprocessesBecauseof the needto consere time, it

is importantfor an interpretation-basetlc systemto be ableto save and exploit

informationaboutpertinentobjectslearnedfrom earlierforaysinto the WWW.

In connectiorwith thisincrementamodel-tuilding processaninterpretation-based
IG problemsolutionmustalso supportsophisticatedchedulingto achieve inter-
leaveddata-drvenandexpectation-dwenprocessingProcessindor interpretation
must be driven by expectationsof what is reasonablebut, expectationsin turn
mustbe influencedby whatis foundin the data.For example,during a searchto
find informationonword processorfor Windows 98, with thegoalof recommend-
ing somepackageo purchasean agentfinding Excelin a review article thatalso
containsWord might concludebasedon IE-derived expectationsthat Excel is a
competitorword processarHowever, schedulingof methodgo resole the uncer
taintiesstemmingrom Excel’'s missingfeaturesvouldleadto additionalgathering
for Excel,whichin turnwould associat&xcelwith spreadshedéaturesandwould
thuschangdheexpectationsaboutExcel(anddropit from thesearchwhenenough
of the uncertaintyis resohed). Wherepossible schedulingshouldpermit parallel
invocationof IE methodsor requestsor WWW documents.

Thusfar we have outlineda large informationgatheringsystemdesignedo lever-
agethestrengthof several Al subfield€o addresshecomplex taskof usingalarge
andunstructurednformationsourcdik e the Internetto facilitatedecisionmaking.
In theremaindeof this paperwe discusgelatedresearchn Section2, andpresent
the BIG agentarchitectureandits key componentsn Section3. We thenpresent
a detailedexecutiontraceof BIG in Section4. In Section5 we presentotherin-
terestingresearchssuesaddressetly BIG usingdetailsfrom actualBIG runs.We
alsodemonstratén this sectionthe flexibility of the architectureo differentuser
objectvesand software genresthroughempirical results.Conclusionsand future
directionsarepresentedn Section6.
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2 RelatedReseach

2.1 WebBasednformationAssistance

The exponentialgrowth of the Web hasnot goneunnoticedby the researchand
commercialcommunities.The generalsolution,as oneresearcheso aptly put it
[22], is to “move up the informationfood chain’ in otherwords,to build higher
level information processingenginesthat utilize existing tools like generalized
searchengines(e.g., Infoseekand AltaVista). We first look at three approaches
usedin information processingeircles. One classof work toward this endis the
metaseach engine Meta searchenginestypically issueparallel queriesto mul-
tiple searchengineslike AltaVista and Infoseek,customizingthe humanclient’s
qguery for eachsearchengineand using advancedfeaturesof the searchengines
whereavailable.Examplesf thisincludeSarvySearcH32] andMetaCravler [22];
commercialmetasearchproductsare also available[33,64]. Someof thesetools
supplementhe IR technologyof the searchengines- for example,if a particular
advancedquerytechniquesuchasphrasematchingis missingfrom the searchen-
gine,MetaCravler will retrieve thedocumentemittedfrom the searchengineand
performits own phrasdechnique®nthedocumentsOthersupplementarfeatures
providedin metasearchenginesncludeclusteringcandidatelocumentsSincemeta
searchenginesbuild on the servicesofferedby several URL searchenginestheir
resultsgenerallyoffer wider Internetcoverage However, sincetheir outputis of-
tenjustalist of URLs generatedy the sameprocessingechniquesisedin URL
searchenginesjt tendsto suffer from the sameproblemasthe outputfrom URL
searchengineghemseles—too muchraw data.

A secondclassof relatedwork is the personal information agent [2,52]. Rather
thanmakingsinglequeriesto alarge numberof sites,theseagentsegin from one

or more specificpointson the Web and selectvely pursuelinks in searchof rele-

vantinformation.? They areconcept-dien,obtainingtheir areaof interesteither

through hard-codedules, explicit questionnaire®r simple learningtechniques.
Thesesystemsarenot asfastasthe metasearchsystemshput their designgoalhas
a someavhatdifferentfocus.Personalnformationagentsaretypically usedto ob-

tain a smallnumberof highly relevantdocumentgor the userto read,eitherall at

onceor continuouslyover anextendedtime period. Thus,becausef the potential
overheador bothlink traversalanddynamicdocumentprocessinghesesystems
tendto sacrificespeedor documenguality.

Thethird classof work addressingheinformationfood chainis theshoppingagent.
Shoppingagentgdypically locateandretrieve documentgontainingpricesfor spec-
ified products extractthe prices,andthenreportthe gatheredrice informationto

3 The colloquial term “spidering” includesthis directedtraversalalongwith more undi-
rectedsearclstratgies.
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theclient. For example,the original BargainFinde37] andthe morerecentShop-
bot [21] both work to find the bestavailable pricesfor music CDs. Thesetools
oftendiffer from metasearchenginesandpersonainformationagentan thatthey
typically do not searchthe web to locatethe shoppingsites,instead the systems
designerslevelopalibrary containingknown shoppingsitesandotherinformation
suchashow to interactwith a particularstores local searchengine.Someshop-
ping agentsalsointegratesomeof the of the functionality offeredby the personal
information agents.For example,the commercialJango[35] shoppingagentlo-
catesreviews aswell asextracting price andvery specificproductfeaturesfrom
vendorwebsites.Researcln thesesystemoftenfocuseson how to autonomously
learnrules(akin to wrapperg49]) for interactingwith eachstores formsandfor
processingheoutput,in contrasto having ahumanmanuallyencodeherules.

Considerthe differentattemptsto move up the informationfood chain. The meta
searchenginesprovide information coverage,independencéom the nuancesof
particularsearchengines,and speed.They also provide a measureof robustness
sincethey are not tied to a particularsearchengine.Personainformationagents
combinelR techniquesvith simpleheuristicsto qualify documentgor the client’s
review. Shoppingagentsprovide information processingacilities to supportthe
humanclient’s informationgatheringobjective— for exampleto find the bestprice
for amusicCD. Our work extendstheseideasby combiningmary of the charac-
teristicsthatmalke thesystemsndividually effective within their areaof expertise.

Like the metasearchenginesBIG canusemultiple differentweb searchtoolsto

locateinformationon the weh In contrastto the metasearchenginesBIG learns
aboutproductsover time andreasonsaboutthe time/qualitytradeoffs of different
web searchoptions.Akin to the personalinformationagents BIG gathersdocu-
mentsby actively searchingthe Web (in conjunctionwith web searchengines).
BIG, however, goesonestepfurther by alsoperforminginformationextractionon

thedatait retrieves.LiketheshoppingagentsBIG gathersnformationto supporta

decisionprocessHowever, BIG differsfrom shoppingagentsn the compleity of

its decisionprocessandin the compleity of its informationprocessingacilities.

ThroughlE technologiesBIG processefreeformattext andidentifiesandextracts
productfeaturedik e prices,disk requirementsandsupportpolicies.

2.2 DatabaseReseath

Someaspect®f BIG relatecloselyto issuegaisedby heterogeneousatabassys-
tems(HDBS) [59,36]. Suchdatabasesmustpotentiallygatherdatafrom multiple
sourceswhich may eachhave differentperformancegcontentand cost. At a high
level, thesetwo problemsarethusvery similar. Both BIG andHDBS aim to pro-
vide transparenaccesso a heterogeneousetof informationsourcesrom asingle
accesgoint. BIG, however, hasadditionalconcernsvhich HDBS typically do not
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addressBIG’s setof informationsourcess moredynamicthana typical HDBS,
andis composedf a mixture of searchengineandsingle-pointitems. The infor-
mationBIG dealswith is alsounstructure@ndnoisy. As moreinformationsources
becomeavailablewhich aredesignedo be accessethy agentsHDBS techniques
may becomemoreapplicableto the overall problemwe areaddressing.

Someof BIG’s problemsolving and schedulingactvities are analogoudo tech-
niquesusedin databaseuery optimization.The query optimizationprocessn a
centralizeddatabassystems concernedvith how bestto structureinformationre-

guestsandmanagehe processingvhich musttake placeon theresultingdata.ln a
distributeddatabassystemaqueryoptimizerhastheadditionalburdenof possibly
choosingfrom amongseveralinformationsourcesandprocessindocationswhich

eachhave differentbenefitsanddravbacks[29,27,3]. Theseoperationsare analo-
gousto the schedulingactivity donein BIG, which makessimilar decisionsBoth

tasksmustconsidersuchissuesasexpectedsener performancegatastructure ac-
tivity parallelismandhow bestto managehe retrievedinformation.An important
differencebetweera conventionalqueryoptimizerandBIG’s schedulingorocesss

theamountof userinputinvolved.BIG useghe Design-to-Criteriaagentscheduler
which takesinto accounthe users preferencesvhengeneratinghe scheduleFor

instance pneusermay be willing to spenda lot of money in exchangefor a very

shortbut high quality searchwhereasanothemay be willing to spendmoretime

to save mongy. DTC allows several metricsto effect its behaior, allowing a de-
greeof customizatiomot permittedby typical databasegueryoptimization.These
tradeofs will be coveredin more detail in later sectionsand are presentednore
fully in [60-62].

2.3 OtherRelatedssues

Technologieslevelopedn mainstreaninformationretrieval researcimayalsohelp
BIG find and extract information more reliably. Metadatainformation, such as
RDF/PICS/XML [51] allow web pageauthorsto provide conciseinformationin
a formatsuficiently structuredo simplify interpretation Widespreaddoptionof
theseformatswould greatlyimprove the effectivenesof programdik e BIG. Other
technologiestacilitatinggenerainter-application(e.g.Z239.50[1]) andinteragent
(e.g.KQML [24]) communicationganalsoassisby providing thestandardsieces-
saryfor simpleinformationtransfer In somesenseHTTP currentlyfills thisrole,
but more suitableprotocolsexist for the taskat hand.A practicaldravback with
thesenew techniquess thatthey have notyetbecomewidespreacgnoughto make
themviable.If andwhenstandardsuchasRDF becomewidely acceptedt seems
clearthat systemdike BIG will be ableto make more effective useof available
information.

GrassandZilbersteins work [26] is closelyrelatedto our basicapproachbut dif-
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fersin thatthe decisionprocesss centeredarounda Bayesiannetwork andtheir
approacho schedulings morereactve. BIG is alsorelatedto the WARREN [15]
multi-agentportfolio managemergystemwhich retrievesandprocessesforma-
tion from the Weh However, BIG differsin its reasoningaboutthe trade-ofs of
alternatve waysto gatherinformation, its ambitioususeof gatherednformation
to drive further gatheringactuities, its bottom-upandtop-downn directedprocess-
ing, andits explicit representatiomf sources-of-uncertaintgssociatedavith both
inferredandextractedinformation.BIG sharesomecharacteristicsvith database-
centric, structured-resourcgpproachedike TSIMMIS [28], SIMS [4], and the
InformationManifold [47], but differsin thatits focusis on resource-boundeia-
formationextractionandassimilationcoupledwith discovery.

The time / quality / costtrade-of aspectof our work is conceptuallysimilar to

[31,30,14,54]andformal methodg23,26] for reasoningaboutgatheringinforma-
tion, exceptthatour trade-of analysisfocuseson problemsolving actions(includ-

ing text processingandotheragentactiities ratherthanconcentratingpnly onthe
trade-ofs of differentinformationresourcesi.e., our work addresseboth agent
controllevel andinformationvalue.

With respecto the developmentof digital libraries,our researchs aimedat par
tially automatinghefunctionof a sophisticatedesearchibrarian,asin [63]. This
type of librarianis often not only knowledgeablen library sciencebut also may
have atechnicalbackgroundelevantto theinterestsof theresearctdomain.ln ad-
dition to locatingrelevantdocumentdor their clients,suchlibrariansoften distill
the desiredinformationfrom the gathereddocumentdor their clients. They often
needto make decisionshasedon resourceconcernsuchasthetrade-ofs between
billable hoursand solution quality and the resourcetime/quality/costconstraints
specifiedby a given client; or whethercertainperiodicalsare availablein-house,
andif not, how long it will take to getthemandwhatthey will cost.We seethe
partial automatiorof a sophisticatedibrarian asa naturalstepin the evolutionary
developmentf afully automatedligital library.

BIG alsorelatesto researchn interfacesanddialoguesbetweerhumanusersand

agentg53], thoughthe extractionof softwarerequirementgrom the userandthe

agent/useinteractionis not the focusof this researchin the future, we envision

a dynamichuman/ageninterfacein which the client canprovide online guidance
to BIG to helpfocusthe searchanddecisionprocessedn fact, BIG’s architecture
wasdesignedoartly to supportsuchactuities andit is oneof the strength<of the

flexible controlparadigmusedin BIG.
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3 The BIG Agent Architecture

The overall BIG agentarchitectureis shavn in Figure 3. The agentis comprised
of severalsophisticatedomponentshatarecomplex problem-solersandresearch
subjectsn theirown rights. Themostimportantcomponentspr componengroups,
follow in roughorderof theirinvocationin the BIG agent.

Server and Object Information DatabasesThe objectdatabasestoresinforma-
tion objectsconstructedby BIG duringaninformationgatheringsessionObjects
represenentitiesfrom theapplicationdomain(e.g.softwarepackages;ars)gen-
eratedoy BIG, aboutwhichit will make adecision Objectsmaybeincompletely
specifiedfield valuesmay be uncertainthroughlack of informationor because
of contradictoryinformation. Theseuncertaintiesare explicitly representeds
souicesof uncertaintydatastructureSOUSs)[7,8]. This enableBIG to planto
find informationthateithercorroborateshe currentinformationor reduceson-
flicts with the currentinformation,therebydecreasinghe degreeof uncertainty
The objectdatabaseés alsousedto storeinformationfrom previous searches-
thusBIG canlearnandimprove/ refineits knowledgeovertime.

The sener informationdatabaseontainsnumerousecordsidentifying both
primary(e.g.,areview site)andsecondarye.g.,URL searctengine)nformation
source®nthelnternet.Within eachrecordarestoredthepertinentcharacteristics
of a particularsource which consistof suchthingsasits quality measureste-
trieval time andcost,andrelevantkeywords,amongothers.The sener database
is usedby thetaskassessao helpgeneratdts initial sketchof informationgath-
eringoptionsandagainduringtheactualsearchprocessy the RESUNplanner

Both the sener and object databasegrow dynamically at runtime. At the
startof the experimentalruns describedn Section5.6, the sener databases
seededvith a smallnumber(10 - 20) of genericinformationsourcege.g.,ven-
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dor sitesandsearchengines)while the objectdatabasés empty New sources
areaddedto the sener databaseasthey arediscorered,andnew characteristics
aboutknown sourceq(i.e. averageresponsdime, file size,referencesareused
to updateexisting entries.The objectdatabasés grown in a similar mannerby
addingnew productsasthey arefound andrevising recordsof known products.
Theinformationin thesedatabaseis partof afeedbackoop,whichimprovesthe
quality of dataavailableto BIG for eachqueryit processesThesener database
is furtheraugmentedy an off-line spiderprocesswvhich fills the databasevith
sourcegshatmeetgeneral easilychecledcharacteristicéi.e. keyword matching,
minimumtextual content).

Blackboard Component TheBlackboardunctionsasa multileveleddatabaséor
theinformationthe systemhasdiscoveredandproducedhusfar. Unlike the ob-
ject databasenentionedabove, the blackboards a runtime specifictool - it is
more efficient to accessput the informationwill be lost when the systemis
shutdown. Useful informationfrom the blackboards thereforesased into ob-
jectdatabaséor future use.Our currentblackboardbrganizatiorhasfour levels:
UserGoal, Decision,Object,andDocumentjn orderof decreasingbstraction.
The layeredhierarchyallows for explicit modelingof concurrentop-dovn and
bottom-upprocessingwhile maintaininga clearrecordof supportingandcon-
tradictoryevidence.Theinformationat a givenlevel is derivedfrom the level(s)
below it, andit in turn supportsthe hypothesest higherlevels. For example,
whenevaluatingthe appropriatenessf a particulardecisionhypothesisthe sys-
temexaminesthereliability of thetext extractionprocessessedto generatdhe
propertiesof the object. The objectsthemselesare eachsupportedoy the var
ious documentgrom which they weregeneratedFigure4 shows the four-level
structureof our currentblackboardand examplesof the typesof objectswhich
arestoredthere.

In this example,the Corel Wordperfect3.5 productobjectin the objectlevel
providessupportingevidenceto the Corel Wordperfect3.5recommendatiomade
atthethedecisionlevel. Thereareseveralkindsof SOUsshovn associateavith
the“Object” and“Document”levelsin thefigure;theseSOUshelpidentify those
objectswhich potentiallyrequirefurther processingThe “partial-support-sou”,
for example,indicatesthatthereareimportantfeaturessuchasplatformor pro-
cessaormissingfrom this object.The problemsolver would at somepoint notice
this deficieny andattemptto resole the uncertaintyby retrieving andprocess-
ing relateddocuments.

Task AssessorThe task assessors responsiblefor formulating an initial infor-
mation gatheringplan andfor revising the plan asnew informationis learned.
Thetaskassessamanageshe high-level view of theinformationgatheringpro-
cessandbalancesheend-to-endtop-dovn constraint®f the Design-to-Criteria
schedulerandthe opportunistichottom-upRESUN planner(both discussede-
low). It heuristicallygenerates network of high-level planalternatvesthatare
reasonablegiventhe users goal specificationrandthe desiredperformanceob-
jectives,in termsof time deadlineandinformationcoverage precisionandqual-
ity preferences.

209



User-Goal cenre: word Processing
Price: $200
Platform: Mac

Decision  Action: Buy
Product: Corel Wordperfect 3.5
Confidence: 0.775

ObjeCt Product name: Corel WordPerfect 3.5
Overall quality:1.87
Price: $159.95
Platform: Macintosh

partial-support-sou: missing important features
uncertain-support-sou: uncertain about some features
no-support-sou: missing all information besides name

Document urL: hitp:search.outpost.com/search..
Text-content: <page text>

no-explanation-sou: no object supported by this document

Fig. 4. BIG’s BlackboardStructure

The TAEMS [18] taskmodelinglanguages usedto hierarchicallymodelthe
information gatheringprocessand enumeratealternatve ways to accomplish
the high-level gatheringgoals.The taskstructureprobabilisticallydescribethe
quality, cost,and durationcharacteristicdf eachprimitive action and specify
both the existenceand degreeof ary interactionsbetweentasksand primitive
methodsTAMStaskstructuresarestoredin acommonrepositoryandsene as
a domainindependentmediumof exchangefor the domainindependenagent
control componentln the single agentimplementationof BIG, TAEMS is pri-
marily usedto coordinateand communicatébetweenthe schedulei(below) the
taskassesspandthe RESUNplanner

Design-to-Criteria Scheduler Design-to-Criterig]60—62] is a domainindepen-
dentreal-time flexible computatior{30,14,54]approactio taskschedulingThe
Design-to-Criteridaskschedulereasonsboutquality, cost,durationanduncer
tainty trade-ofs of differentcoursef actionandconstructscustomsatisficing
schedulegor achieving the high-level goal(s).The scheduleprovidesBIG with
theability to reasoraboutthetrade-ofs of differentpossiblenformationgather
ing andprocessingctivities, in light of theclient’sgoalspecificatiorandbehar-
ior preferencesandto selecta courseof actionthatbestfits the client's needsn
the currentproblemsolving context. The schedulerecevesthe TEMS models
generatethy thetaskassessasinput, produces schedulen softreal-time[62],
andreturnsthe generatedcheduleo the RESUNplannerfor execution? The

4 For atypical BIG taskstructure having 25-30primitive actions,scheduldime is on the
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resultingschedulemay containsegmentsof parallelactiities whenthe primi-
tive actionsentail non-localprocessinge.g.,issuingrequestover the network.
The non-localactvities canbe embeddedvithin primitive actionsor explicitly
modeledas primitive actionswith two componentspne for initiation andone
for polling to gatherresults,separatedy propagatiordelays.This enableghe
agentto exploit parallelismwherepossibleand wherethe performanceof the
parallelactiitieswill notadwerselyaffectthedurationestimatesassociateavith
its activities.®

In summarythescheduleis whatenableBIG to addresseal-timedeadlines
andto trade-of differentaspectf solutionquality (e.g.,precision,coverage).
Thescheduledoesnotsimply trade-of time andcost,it is whatdeterminesiow
the processshouldbe accomplishedndthe appropriatetime allocationsgiven
to operationsor particularclassesof operations(e.g., information searchand
retrieval versustext processing).

RESUN Planner TheRESUN[7-9] (pronouncedreason”)blackboardasedglan-
ner/problensolver directsinformationgatheringactvities. The plannerreceves
aninitial actionschedulé¢rom the scheduleandthenhandlesnformationgath-
ering and processingactiities. The strengthof the RESUN planneris that it
identifies,tracks,andplansto resole sources-of-uncertainfsOUs)associated
with blackboardobjects,which in this casecorrespondo gatherednformation
andhypothesesboutthe information.For example,after processing software
review, the plannermay posethe hypothesighat Corel Wordperfectis a Win-
dows 98 word processqrbut associate SOUwith thathypothesighatidentifies
uncertaintyassociateavith the extractiontechniqueused.The plannemmaythen
decideto resole that SOU by usinga differentextractiontechniqueor finding
corroboratingevidenceelsevhere. RESUNS ability to representuncertaintyas
symbolic, explicit factorsthat caninfluencethe confidencdevelsit maintains
for hypothesegrovidesthe cuesfor an opportunisticcontrol mechanismnto use
in makingcontet-sensitie decisionsFor example,they might beusedto adap-
tively engagein more unrestrictedWeb retrieval when a referenceto a previ-
ously unknavn productis encounteredor to engagen differentialdiagnosiso
discriminatebetweerntwo softwareproducts’competitve features.

This hintsat aninterestingintegrationissue. RESUN'’ control mechanisms
fundamentallyopportunistic— asnew evidenceandinformationis learned RE-
SUN may electto work on whatever particularaspectf the informationgath-
ering problemseemsanostfruitful ata giventime. This behaior is atoddswith
the end-to-endresource-addressirtgade-of centricview of the real-time[62]
Design-to-Criteriaschedulera view necessaryor BIG to meetdeadlinesand

orderof 10 second®n a Digital Alphastation6000.

5 This distinctionis importantbecausehe durationestimatesassociateavith actionsare
constructedassuminghe dedicatedefforts of the agent.In casesvheremultiple actiities
are performedin parallel,andthe actvities require 100% of the local processqrperfor
mancedegradationwill affectthe actualruntimesof actiities andresultin scheduleshat
do not performasexpected.
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addresgime and resourceobjectives. Currently RESUN achieves a subsetof

the possiblegoalsspecifiedby the taskassessobut selectecandsequencedyy

the schedulerHowever, this canleave little room for opportunismif the goals
arevery detailed,i.e., dependingon the level of abstractionrRESUN may not

be givenroom to perform opportunisticallyat all. Improving the opportunism
via atwo-way interfacebetweerRESUNandthe taskassessois anareaof fu-

turework (Section6). Experimentswith differentcostmodelsfor web sitesand
schedulingwith differenttrade-ofs, usingthe the currentinterfacemodel,are
presentedn [44].

To work effectively, BIG mustbe ableto perform searchand discovery on
the Weh The searchspacesize and dynamismof this ervironmentrequirean
agentto 1) respondo datadrivenopportunitiesanduncertaintiegshatarisedur-
ing problemsolving, and 2) meetreal-timedeadlinesaddresgesourcdimita-
tions,andtrade-of solutionquality for time spentsearchingThe RESUNplan-
nerandDesign-to-Criterisschedulecombineto provide thesecapabilitiesIf the
ervironmentwerestatic,asimplescriptwould besuficientto controltheagents
searchprocess.

Web Retrieval Interface The retriever tool is the lowestlevel interfacebetween
the problemsolving componentsand the Weh The retriever fills retrieval re-
guestsby eithergatheringthe requestedJRL or by interactingwith with both
generalle.g.,InfoSeek) andsite specific,searchengines.

DocumentClassifiers To moreeffectively utilize the processingpower available
to it anddecreasgheprobabilityof analyzingunrelatednformation,BIG prunes
the setof documentgo be processedhrougha seriesof filtering stepsthatim-
poseprogressrely increasingorocessinglemandsndquality standardsDuring
eachstage a testis performedwhich will preventthe documentrom reaching
thenext stagef it fails. At thelowestlevel is a simplekeyword searchin there-
trieveddocument content.If the documenfails to containary of the supplied
keywordsit will fail thetest.Thisis followedby amoresophisticate@¢heckby a
Naive Bayesclassifierwhichis coveredin detailin Section5.1. TheNaive Bayes
documentlassifierperformsstatisticaltext classificatiorandis providedwith a
setof positve andnegative trainingdocumentssinput. Beforeperformingclas-
sification, the classifierindexesthe databy readingthe trainingdocumentsand
archving a “model” containingtheir statistics. A documentwhich passeshese
checkss thenplacedon BIG’s blackboard Documentsselectedrom the black-
boardwill thenbe processedby one or more of the text extractionknowledge
sourcesThe exactsetof extractorsappliedto the documents governedby the
documents source,or if the sourceis unknowvn to BIG, all extractorsare used.
This final filtering stageis responsibldor the fine grainedculling of informa-
tion. Pertinentdetailsfrom eachdocumentireusedto augmenthe known setof
productswhile theremainingcontentis discarded.

Information Extractors The ability to processretrieved documentsand extract
structureddatais essentiabothto refinesearchactiitiesandto provide evidence
to supportBIG’s decisionmaking.For example,in the softwareproductdomain,
extractingalist of featuresandassociatinghemwith a productanda manufc-
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tureris critical for determiningwhetherthe productin questiorwill work in the
userscomputingervironment,e.g.,RAM limitations,CPUspeedOSplatform,
etc.BIG usesseveralinformationextractiontechniquego processunstructured,
semi-structuredand structuredinformation® . Documentsin generalare used
by BIG in two differentcapacitiesproductdescriptionsandreviews. Different
technologieoptimizedfor useon eitherof thesedocumentclassesare usedto
processhetwo typesof documentsWe determinethe type of somedocuments
by analyzingthe site of origin. For thosedocumentsvith unknaowvn type, both
review anddescriptiontechnologiesreappliedon them.

The information extractorsare implementedas knowledgesourcesn BIG’s
RESUNplannerandareinvokedafterdocumentsreretrievedandpostedo the
blackboardTheinformationextractorsare:
textext-ks This knowledge sourceprocessesinstructuredext documentsus-

ing the BADGER [56] informationextractionsystemto extractparticularde-

sireddata.The extractioncomponentisesa combinationof learned domain-
specificextractionrules,domainknowledge andknowledgeof sentenceon-
structionto identify andextract the desiredinformation. The BADGER text
extractor utilizes knowledgegainedfrom a training corpusaswell asa lex-
icon/dictionaryof domainwordsandtheir classificationsn a semantichier-
archy This componenis a heary-weight NLP-style extractorthat processes
documentghoroughlyand identifiesuncertaintiesassociatedvith extracted
data.

Ourmaincontributionin this areais how the extractedinformationis made
usefulto therestof the systemby meansof back-endprocessingThe back-
endtakesthe extractionsmadeby the systemand providesthe degreeof be-
lief for eachextraction.The degreeof belief indicatesthe level of confidence
thatthe extractionis accurateandis a function of the numberof positive and
negative training examplescoveredby all the rulesthat supporta particular
extraction.Using the degreeof beliefsasthresholdswe determinewhich of
the extractionsarevalid andalsocomputethe certaintymeasureof the entire
template.Also, the processednformation supportsopportunisticcontrol in
the sensahatnewly discoveredinformationcouldleadto the examinationof
acompletelydifferentpartof the solutionspacehanbefore.

grep-ks This featherweighKS scansa giventext documeniooking for a key-
word thatwill fill theslotspecifiedoy theplanner For example,if theplanner
needsto fill a productnameslot andthe documentcontains“WordPerfect”
this KS will identify WordPerfectasthe product,via a dictionary andfill the
productdescriptionslot.

cgrepext-ks Given a list of keywords, a documentand a productdescription
object, this middlewveight KS locatesthe contet of the keyword (similar to
paragraplanalysis)doesaword for word comparisorwith built in semantic
definitionsthesaurusndfills in the objectaccordingly The cgrepknowledge

6 The widespreadadoptionof XML and other structuringspecificationsfor web docu-
mentswill helpto simplify the problemof processingveb-basednformation.
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sourceusesalexicon/dictionarysimilar to thatof BADGER.
tablext-ks This specializedKS extractstablesfrom html documentsprocesses
the entries,andfills productdescriptionslots with the relevant items. This
KS is built to extract tablesandidentify table slots for particularsites.For
example,it knows how to procesghe productdescriptiontablesfound at the
Benchinreview site.
quick-ks Thisfastandhighly specializeKS is constructedo identify andex-
tract specificportionsof regularly formattedhtml files. The quick-ks utility
essentiallyactsasa wrapperto certainweb sites.It hasknowledgeaboutthe
information structureeachsite employs, and canefficiently extract pertinent
informationfrom thesesourcesThe primary dravbackto suchatechniquds
theinherentdifficulty in constructingsuchwrappersin our systemahuman
expert mustinspectthe sitesin question,deducethe structureof the pages,
andthenencodeulesto extractthedesirednformation.Clearlythisis alabor
intensve processandonewhich mustberepeatedor eachwebsiteto betar-
getedandeachtime a tamgetedweb site altersits format. We choseto employ
this techniquebecausea relatively small numberof sitescould be tageted
to producea significantamountof high quality information.Recentresearch
in [48] hasshovn methodswhich canbe employedto simplify wrappercon-
structionandrevision, which could significantly reducethe amountof effort
thistechnologyrequiresthusmakingit moreviablein alarge scalesystem.
DecisionMaker After productinformation objectsare constructedBIG moves
into the decisionmaking phase.In the future, BIG may determineduring de-
cision making that it needsmore information, perhapso resole a source-of-
uncertaintyassociatedvith an attribute thatis the determiningfactorin a par
ticular decisionhowever, currentlyBIG usesthe informationat handto make a
decision.We discussthe decisionprocesdn greaterdetailin Section5.5, how-
ever, the decisionis basedon a utility calculationthat takesinto accountthe
users preferenceandweightsassignedo particularattributesof the products
andtheconfidencdevel associatevith theattributesof theproductsn question.
Notethatwe do notrigorouslyevaluatethe final decisionghatBIG producesn
this paper aswe feel theissueis highly subjectve. Any selectedproductfalling
within or closestto theusers desiredparameterss considerea valid choice.

All of thesecomponentareimplementedandintegratedin BIG. Theconstruction,
adaptationandintegrationof thesecomponentsvasa non-trivial processBIG is a

large,comple, problem-solvingagentthatincorporatesnary areasof Al research
undera singleumbrella” The culminationof theseefforts in BIG hasproduced

" BIG is implementedn C++, Perl, Common-LispandJava. It is run on an Alphastation
6000with 512 megabytesof RAM andrequiresnon-trivial computingresourcestHowever,

in termsof performancelittle time hasbeenspentoptimizing the system(exceptingthe
DTC schedulerjand optimizationcould reducethe overheadinvolved with running BIG

andimprove BIG’s ability to make betteruseof allocatedrun-time,i.e., it would beableto

searchmoreor extractmoregiventhe sameresourcellocation.
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aninterestingresearchool, but the integrationhasalsoinfluencedandrefinedthe
researchdirectionspertainingto theindividualcomponentgaswell.

4 ExecutionTrace

We now describea shortsamplerun of the BIG systembasedon the high level

exampledescribedn theintroduction(seeFiguresl and?2), to betterillustratethe

mechanismsisedbothwithin andbetweerBIG’s componentsTheclientis a stu-

dentwhouseghesystento find aword processingpackagevhichwill mostclosely
satisfya setof requirementandconstraintskFor clarity of presentationve describe
the exampletracein following sequentiaktagesguerying,planning,scheduling,
retrieval, extraction and decision-makinglt is importantto note that the details
given below are a representatie example of BIG’s problemsolving techniques,
andthatthe specificsequencef actionsis highly dependentn the particularcon-

straintsandervironmentcharacteristic81G encounters.

4.1 QueryFormulation

Queryprocessings initiated whenthe client specifiesand submitsthe searchcri-
teria,whichincludesthe durationandcostof the searchaswell asdesiredproduct
attributessuchas price, quality featuresand systemrequirementsin this exam-
ple the client is looking for a word processingpackagefor a Macintoshcosting
no morethan$200,andwould lik e the searchprocesdo take ten minutesandthe
searchcostto be lessthanfive dollars. The client also describeghe importance
of productprice and quality by assigningweightsto theseproductcatejories,in
this casethe client specifiedthat relative importanceof price to quality was60%
40% respectiely. Productquality is viewed asa multi-dimensionakttribute with
featuredik e usefulnessfutureusefulnes$, stability, value easeof use powerand
enjoyability constitutingthe differentdimensionsSuchcharacteristicareobserv-
ablethroughspecializedanalysistechniquesisedduring the extractionphase As
seenin Figurel, thesequalitiesareall equallyweightedat 50 units. Theseareas-
signedrelative weightsof importance The client specifiegherelative importance
of productcoverageandprecisionas20% and80%r respectiely.

8 Thisrelatego theopennessf thesoftwareproductto becompatiblewith neverversions
of supportingsoftwareandoperatingsystem
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Fig. 5. BIG’s TEMS TaskStructurefor the ShortRun

4.2 PlanConstruction

Oncethe queryis specified,the task assessostartsthe processof analyzingthe
client specificationsUsing its knowledge of RESUN' problem solving compo-
nentsandits own satisficingtop-dovn approachto achieve the top level goal, it

generates TAEMS task structurethatit finds mostcapableof achiezing the goal
giventhecriteria(ataskstructurehereis akinto anintegratednetwork of alternatve
proceslansfor achiezing a particulargoal). Although not usedin this example,
knowledgelearnedin previous problemsolving instancesmay be utilized during
this stepby queryingthe databasef previously discoseredobjectsandincorporat-
ing thisinformationinto thetaskstructurg42].

Figure5 shavsthe TAEMStaskstructureproducedy thetaskassessan response
totheclient'squeryandthecurrentinformationin theobjectandsenerinformation
databases hetop level taskis to satisfythe users query andit hasthreesubtasks:
Get-Information Benchin-Re&iew, and Make-Decision The threesubtasksepre-
sentdifferentaspectf the information gatheringand recommendatiomprocess,
namely finding informationandbuilding productmodels,finding reviews for the
products andevaluatingthe modelsto make a decision.Thethreesubtasksarere-
latedto Satisfy-UserQueryvia a seqsum()quality-accumulation-functioifgaf),
which defineshow quality obtainedat the subtaskss combinedat the parenttask.
Somegafs, like seqsum() specify the sequencen which to perform subtasksn
additionto the differentcombinationghat may be employed (the seqstandsfor
“sequence”) Seqsum()specifieghatall of the subtasksnustbe performedjn or-
der, andthatthe quality of the parenttaskis a sumof the qualitiesof its children.
Theformal detailsof TAEMSarepresentedn [17,16],the evolving specifications
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at[57], andotherTAEMS examplesappeain [41,61,62].

The Get-Informationtask hastwo children, also governedby a seqsum() The
dotted edgeleadingfrom Get-Basic-Informatiorio Get-Extra-Informatioris an
enablesnon-local-efect (task interactior? ) denotingthat Get-Basic-Information
mustproducequality beforeGet-Extra-Informatiortanbe performed.n this case,
it modelsthe notion that productmodelsmustbe constructeeforeany time can
be spentdoingoptionalor extra actwities lik e improving the precisionof theresult
or increasingthe information coverage(discussedn Section5.2). Choicein this
taskstructureoccursary time tasksaregroupedundera sum()qaf (therearemary
otherqgafsthatentail choice,but they are not usedin this example).For example,
Look-for-Materialshas six subtasksundera sum() which meansthat any com-
binationof thesesubtasksnay be performedandin ary order (barringdeadlines
on individual tasksor taskinteractions),.e., the power-set minus the empty-set
may be performed.Lik ewise with the childrenof Get-More-Objectand Detail-
Product-InformationAlternative choicesaboutwhereto searchhow mary places
to searchwhich methodgo employ while searchingwhich informationextraction
technologiego use,the numberof reviewsto gatherfor productsandsoforth are
all modeledin TEMS. This is alsowhatgivesBIG the ability to targetits perfor
mancefor particularsituations For example,in a situationwherearesultis desired
by atight deadlinethe Design-to-Criterisschedulemwill analyzethetaskstructure
andfind a solutionpaththat“best” trades-af quality for durationandcost. There
is anotherelementof choicein BIG, it is in thelevel of abstractiorthatis usedin
the creationof the TAEMS task structure— a taskassessocomponentletermines
which arethe optionsthatareimportantto enumerateindthe granularityof what
is includedin aleaf-node(primitive action).

4.3 SdeduleGenention

Oncegeneratedthetaskstructures thenpassedo the schedulewhich makesuse
of theclient'stime andcostconstraintgo produceaviablerun-timescheduleof ex-
ecution.Comparatre importancerankingsof the searchquality, costandduration
suppliedby theclientarealsousedduringschedulereation.Thesequencef prim-
itiveactionschoserby theschedulefor thistaskstructurds alsoshavnin Figure5.
The numbersnearparticularmethodsndicatetheir assignedxecutionorder The
scheduledime andactualexecutiontime of eachmethodareshovnin Tablel. The

9 Thefull rangeof taskinteractionsexpressibleén TEMS werenot exploited by thetask
assessocomponentn modelingthe planners actvities. Onesetof interactionsnvolving
facilitation/hindeing we hopeto usein future versionsof BIG. Theserelationshipsallow
usto modelthefactthatthe degreeof quality producedoy a primitive taskwill affectin a
positve/ngative way the behaior of otherprimitive tasks.Anotheraspecof TAEMSthat
couldbepotentiallyusefulin modelinglG actvitiesis theability to representlifferentout-
comesassociateavith atask,eachof which canhave differenttypesof taskrelationships.
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differencesn thesecolumnsareattributableto two differencesourcesof impreci-
sion. Thefirstis simply thelocal varianceassociateavith web-relatedactiities. !0
The secondsourceof imprecisionis the balancednterfacebetweerthe Design-to-
Criteriascheduleandthe opportunistitRESUNplanner To giveroomfor RESUN
to respondo datathatis extractedduringthe searchprocesssomeof the primitive
actionsscheduledy DTC arenot actually primitive actions.Someof the actions
areinsteadabstraction®r blackboxesdenotingbundlesof actvities. This enables
RESUNTto determineparticularbindingsasappropriategiventhe evolution of data
during the problemsolving episodej.e., to be datadriven within the confinesof
the actuvities scheduledy DTC. Oneview is thatDTC definesa high-level policy
for RESUNthat definesthe major steps,andresourceallocationsto these,of the
information gatheringprocess.This interfaceis what enablesBIG to respondto
SOUs(sourcesof uncertainty)associatedvith extractedinformationandto make
decisiongduringthe searchaboutwhich informationto gatheror which extraction
processeo run—all while still stayingwithin thetime andresourceguidelinesset
by theschedulerThus,atonelevel thescheduleanbethoughtof asa specification
of apolicy thatgovern’'s RESUNS actwities.

4.4 |InformationRetrieval and Extraction

The schedulds thenpassedo the RESUN planner/@ecutorto begin the process
of information gathering.Retrieval in this examplebegins by submittinga query
to a known information source MacZone(www.zones.com)a computerretailer
While thisinformationis beingretrieved,asecondjueryis madeto anotherretailer
site, CyberianOutpost(www.outpost.com)anda third queryis madeto MacMall
(www.macmall.com}kite. Generally queriesto suchsitesresultin alist of URLS,
whereeachURL is accompaniethy a smallamountof text describingthefull doc-
ument.Thisinformationis combinedwith the querytext andary otherknowledge
theagenthasaboutthedocumensuchasreceng, length,numberof incominglinks
etc.to form a documentescriptionobjectthatis then put on the RESUN black-
boardfor consideratiory otherknowledgesourcesThequeryto MacZoneresults
in 56 documentdescriptionsbeing placedon the blackboardthe queryto Cybe-
rian Outpostresultsin 78 documentdescriptionseingplacedon the blackboard,
while the MacMall queryresultsin an additional86 documentdescriptionsdeing
added Out of thesecandidatedocumentescriptions13 documentsarechoserfor
MediumQuality(MQMD) 9 processingThis choiceis madeheuristicallyby exam-
ining thekeywordscontainedn theURL labelandvia a preferencdor certainweb
sites(thosethathave yieldedusefulresultsin the past).To identify documentsnost
likely to yield productdescriptionsptherheuristics suchasdocumenteceny and
lengthcouldalsobe used.

10 \While thewebexhibits strongstatisticatrendsduringthe courseof aday e.g.,increasing
delaytime aroundmid-day theremaybelocal variancethatis difficult to predict.
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MethodName ScheduléTime | ExecutionTime
Scheduling 8
SendQuerymaczone 1 1
SendQuery.cybout 2 1
SendQuerymacmall 1 0
Slack MyTime 27 27
GetBack maczone 19 19
GetBack.cybout 20 22
GetBack macmall 19 8
Medium.Quality_Duration 9 72 67
High_Quality_Duration5 51 49
GetMore Detail 2 34 10
GetMore_ Detail 2 35 58
GetMore_ Detail 5 76 76
UserReview-Method 127 144
Benchin-Reiew-Method 137 137
Make-Decision 1 2
Total Time(requestime 600) 622 629

Tablel
Time Usedfor SchedulingversusActual ExecutionTime in Seconds

The thirteendocumentsare thenretrieved and run througha documentclassifier
to determineif they areindeedword processoproducts;four documentsarere-
jectedby the classifier Two of the rejecteddocumentsare translationpackages,
oneis adescriptionof a scanningDCR software,andthe otherproductis a speech
recognitionpackageThesedocumentgontainenoughnon-word processorelated
verbiageto enablethe classifierto correctlyrejectit asa word processingorod-
uct. The nine remaining (un-rejected)documentsare postedon the blackboard
for further considerationand processingFor example,one of thesedocuments
is: http://search. out post. coni sear ch/ proddesc. cf n?i t emr16776; a
MediumQualityMediumDuration(MQMDJjext extractionprocesss performedon
thedocumentThe processnvolvesusingquickext-ks andcgrep-ksin sequencéo
createaninformationobjectthatmodelsthe product.A furtherexampleof thetype
of informationwhich is storedon the blackboardcan be seenin Figure 4. After
quickext-ks runs,thefollowing objectis posted:

Product Nane : Corel WrdPerfect 3.5
Price : $159. 95
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D skSpace . 6MB
Processi ng Accuracy(Rating):
PRODUCTI D=0. 8 PRI CE=1. 0 DI SKSPACE=0. 8

The cgrep-ksfinds extra information aboutthe products processarplatform, and
other miscellaneousequirementslt also finds corroboratingproductnameand
price information; this increaseghe processingaccurag ! of theseslots. After

applyingcgrep-ks:

Product Nane : Corel WrdPerfect 3.5

Price : $159.95

D skSpace . 6MB

Processor Do-

Platform . maci ntosh power _maci ntosh system 7_or _hi gher

m sc requirenent:(cd ram

Processi ng Accuracy(Rating):
PRODUCTI D=1. 4 PRI CE=1. 6 PROCESSOR=0.0
DI SKSPACE=0. 8 PLATFORM=2.0 M SCREQ=1. 2

Eight other productsare found and postedon the blackboardduring the execu-
tion of the MQMD _9'2? method. Similarly, the method HighQualityHighDura-
tion(HQHD)_5 retrievessix documentsrejectsone,processefive documentand
postsfive more productson the blackboardAt this point the systemhasa total of

14 competingproductobjectsontheblackboardvhichrequiremorediscriminating
informationto make accuratecomparisonsThe systemhas,in effect, discovered

14 word processingroducts.

Thoseobjectswhich areupgradesareimmediatelyfiltered out sincethe client did
notspecifyaninterestin productupgradesAlso, thoseproductsvhicharecertainly
notfor theMacintoshplatformarediscardedSubsequergfforts arefocusedonthe
remainingsix products.

ThethreemethodsGet More_Detail_2, Get More_Detail_2 andGet More_Detail_5
make queriesto “yahoo” and “infoseek” aboutthe remainingproductsand find
somereview documentsA review processknowledgesourceis appliedon every
review documento extractinformation. The extractedinformationis addedto the
object,but not combinedwith existing datafor the givenobject(discrepang reso-
lution of extracteddatais currentlyhandledat decisiontime). For eachreview pro-
cessedeachof the extractorsgenerates pair, denoted<ProductQuality, Search

1 The processingaccuray valuesare a function of the quality of the documentsand ex-
tractorsusedto derive theinformation.Whenobtainedfrom a singlesource thevaluesare
normalized Concurringinformationfrom differentinformationwill resultin theindividual
ratingsbeingaddedto form thejoint rating.

12 Thereis informationavailableaboutthe quality andprocessinglurationof documentso
decidewhich documentshouldbe selectedor processingln the currentversionof BIG,
we did notimplementthis feature
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Quality> in theinformationobjectspicturedbelow. ProductQuality (PQuality)de-
notesthe quality of the productasextractedfrom thereview (in light of theclient’s
goalcriteria),andSearchQuality (SQuality)denoteghe quality of the sourcepro-
ducingthereview. For example,if areview ravesabouta setof featuresof agiven
product,andthe setof featuresis exactly whatthe client is interestedn, the ex-
tractorwill producea very high valuefor the ProductQuality memberof the pair.
Currentlythe SourceQuality is determinedbasedon the referencenumberof the
document(seeSection5.5), the morewidely a documents referencedthe more
highly it is rated.

For example,four documentgabove) arefound.

htt p: // www. mpp. com medi asof t/ keyst one/ cwp7of f. ht m

http://ww. osborne. conf what snew/ cor el wp. ht m

htt p: // ww. cdn- news. com dat abase/ mai n/ 1997/ 2/ 24/ 0224010N. ht m
http://ww. corel.conf products/wordperfect/

Thesedocumentsareprocesseasreview documentgor product‘Corel WordPer
fect3.5” andtheresultantproductobjectis:

Product Nane : Corel WrdPerfect 3.5

Price : $159.95

D skSpace . 6MB

Processor Do

Pl atform . maci ntosh power _nmaci ntosh system 7 _or_hi gher

m sc requirenent:(cd ram
Processi ng Accuracy(Rating):
PRODUCTI D=3. 8 PRI CE=1. 6 PROCESSOR=0. 0
DI SKSPACE=0. 8 PLATFORM=2.0 M SCREQ=1. 8
Revi ew Consi stence: (( (PQUALITY 2) (SQUALITY 3))
((PQUALI TY 1.2857143) (SQUALITY 2))
((PQUALI TY 1.2857143) (SQUALITY 2))
((PQUALITY 2) (SQUALITY 2)))

Actually, not all of thesefour documentsreproductreviews; oneof themis a list
of all Corel WordPerfectproducts.This is causedoy the weaknessn generalof
searclenginesandnaturallanguageprocessindechnologiesln this casethe only
consequencef the incorrectcateyorizationof the documents that we obtainno
information after we processedt with the review extractionknowledgesources.
Thusit is necessaryo getinformationfrom somespecificproductreview sites.
TheUser - Revi ew Met hod methodqueriesthe Benchinsite, producingfour re-
views which are processedThe documentht t p: / / ww. benchi n. coml $i n-
dex.wcgi / prodrev/ 1112163, which includes60 users’reviews, is selected
and processedor the product“Microsoft Word 6.01; Word 6.01 being one of
the six competingproductsstill underconsiderationThe new review information
((PQUALI TY 2.857143) (SQUALITY 3)) isaddedothe“Microsoft Word6.01”
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1 1
— Applet Viewer: CIGApplet._class ‘ E |J|

Applet
Search Specs coverage of decision
. . candidate product number 6
Max Duration (min:
total product humber 14
10 information coverage 3
Max Cost ($): precision of decision

information quality (HIGH 13 MED. 16 LOW §
processing accuracy 16179333

5

Software Specs
average coverage 5.0

Software genre: decision confidence 0.775

word Processing — || The decision is to buy

Max Price (&): product name Corel WordPerfect 3.5 0:10:31
price 159.95 L )
oo Decision obtained
processor (system_7_or_higher)
Platform: platform macintosh power_macinto
=] misc regquirement ({tb cod-rom ram) (cd ram)

overall quality (1 3666665 #(0 0.3 0.5333
Process Accuracy ((GEMRES 0) (PRODUCTIC
_ setQuality | Review Consistence (((PQLALITY 4) (SQUALT
Set Criteria All products are
product name Misus Writer 5.1 CD ROM «
price 139.95
ram required ShiB
platform guide os mac

misc requirement (cd-rom)

overall quality (1.75 #(0 0.25 0.75 0.0 0.0

start Search

Ready and waiting...
] ]

Fig. 6. BIG’s Final Decisionfor SampleRun

object. Similarly, Benchi n- Revi ew- Met hod sendsqueriesto the Benchinstar
review site (which usesa starrating systemthatis simpleto process)producing
review informationfor four differentproducts.

4.5 Decision-Making

After this phasethefinal decisionmakingprocesseginsby first pruningthe setof
productobjectswhich have insufficientinformationto make accuratecomparisons.
The datafor the remainingobjectsis thenassimilatedDiscrepanciesreresolhed
by generatinga weightedaverageof the attributein questionwherethe weighting
is determinedby the quality of the source.The detaileddecision-makingprocess
is describedn Section5.2. The final decisionis shavn in Figure6. The decision
confidencds not very high becausehereis a competingcandidate'Nisus Writer
5.1 CD ROM with Manual” whoseoverall quality is only slightly lessthanthat
of “Corel WordPerfect. This closecompetitiondegradesthe decisionconfidence
becaus®nly slight variationsin searchor extractionactities could have resulted
in adifferentdecision.

As will be seenin the next two sections this information gatheringprocesscan
changesignificantly basedon the specific productspecificationsthe amountof
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time thatthe useris willing to have the systemsearchandthe coverage precision
andquality criteriathat are specified.Thoughtnot emphasizedh the description,
the amountof money the useris willing to spendaccessingnformation sources
that chage on a peraccesshasiscan also be factoredinto the generationof an

informationgatheringplan. Experimentsandexamplesappeatin [44].

5 Reseach Issuesin BIG’ s Designand Performance

In this sectionwe preseni@anddiscussempiricalresultsthatdemonstratehe flexi-
bility andextensibility of the BIG approacho informationgatheringfor decision
support.Sectionss.1 and5.7 addresghe issueof domainspecificknowledgeand
generalityin BIG. Section5.1 discusseghe importanceof documentclassifica-
tion in improving systemperformanceby filtering out inappropriatedocuments.
Section5.7 shows that with little additionaltraining, new softwaregenrescanbe
addedo BIG’slibrary of expertise Section5.2demonstrateBIG’ s flexibility with
respecto precisionandcoverage Thesectionshavsthatappropriategeneratiorof
a TAMS taskstructure by the taskassessorallows the Design-to-Criteriassched-
ulerto evaluateprecisionandcoveragetrade-ofs andto meetthe client objectves
with respecto these Sectionss.3and5.4 discusshow informationfusionandop-
portunismmanifestin BIG’s information gatheringactuities. Section5.5 details
theprocesghatBIG usedo evaluateclientrequirementandmale its final product
selection.Section5.6 demonstratesmpirically that the systemaccuratelyadapts
its processindo addresglient searchrequirementandsuccessfully

It is importantto notethatthe following sectionsdo not attemptto evaluatesystem
performancehroughcomparisorwith anoracle,in which the bestpossibleanswer
hasbeenfound by the oracleandthe systemis evaluatedbasedon the proximity
of its final answerto the solutionreturnedby the oracle.Given that optimal an-
swersaredifficult to obtainin this ernvironment,andthatthe overall objectveis to
supplement decisionprocessthe performancametricby which BIG is evaluated
is generallywhetheror not the resultsarereasonabléor a given search/queryin
almostall of the situationsthatwe have examined BIG producesanswerghatare
consideredeasonabléy ahumandecisionmalker for thegivensearchandproduct
criteria.

5.1 Thelmportanceof DocumeniClassification

Until recently BIG hasbeenplaguedby an interestingextraction problemwhen
dealingwith productsthat are complimentaryto the classof productsin which a
clientis interestedFor example whensearchingor word processorBIG is likely
to comeacrosssupplementardictionariesword processotutorials,andevendoc-
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umentexchangeprogramdik e Adobe Acrobat. Theseproductsaremisleadingbe-
causetheir productdescriptionsandreviews often containterminologythatis very
similar to theterminologyusedto describememberof thetarmgetclass WhenBIG
processesneof thesemisleadingdocumentsit getsdistractedandfuture process-
ing is wastedn anattemptto find moreinformationabouta productthatis noteven
amemberof thetametclass.For example,if BIG encountersreferenceo Adobe
Acrobatwhensearchingor word processorsandthenelectsto retrieve the prod-
uct descriptionfor Acrobat,the extractiontechniquesarelikely to yield datathat
seemgo describea word processarSubsequenthBIG may electto gathermore
informationon Acrobat,furtherdegradingthe overall efficiency of the systemEx-
perimentsindicatethat this type of distractioncanbe reducedthroughthe useof
adocumentlassifierbeforetext extractionis performedon candidatedocuments.
Documentghatdo notseento be membersf thetargetclassarerejectedandtext
extractionis not performedon them- thusno new distractinginformationobjects
areaddedo BIG’s blackboard.

Figure 7 providesa sampleof our initial results.BIG wasrun in threedifferent
modes:1) BIG alone,2) BIG with the useof a simplegrep-like pattern-matching
filter to classifydocuments3) BIG with the useof Naive Bayesdocumentlassi-
fier [13] andthe simplegrepfilter. The grep-like filter examinesthe documentor
instance®f termsthatdescribethe softwaregenrein questiong.g.,“word proces-
sor” Thesetermsarehandproducedor eachquerygenre—in essencehardwired
into the system.In contrast,the documentclassifieris trainedusing positve and
negative examples- it learnsterm-basedimilarity anddifferencemeasuredn all
threemodes BIG hasdecidedthatit hastime to processl3 documentsn total for
thegivensearclparametersiVhenfiltering andclassificatiorof documentsesults
in certaindocumentseingrejected(rows two andthreein Figure7), alargercor
pusof documentss examined(44 and74 respectrely) to obtainthetargetnumber
of documents.

# Rejected Top Candidates Selected Product

Portuguese Dictionary Module
Norwegian (Nynorsk) Dictionary Module
No Filter or Classifier 0/13 Norwegian (Bokmal) Dictionary Module | Portuguese Dictionary Module
The Nisus Dictionary Collection

US Definition Dictionary
EndLink 2.0
Spelling Coach Pro 4.1

Simple Filter 31/44 Retrieve It! 2.5 EndLink 2.0

Nisus Writer 5.1 CD ROM with Manual
Microsoft Word 6.01

ClarisWorks Office 5.0
Corel WordPerfect 3.5 ACADEMIC
Filter & Classifier 61/74 Nisus Writer 5.1 CD ROM with Manual ClarisWorks Office 5.0
Corel WordPerfect 3.5

Fig. 7. Advantage®f DocumentClassification
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In the first run, shawn in the figure, neitherfilter nor classifierareused.All doc-

umentsretrieved areprocessedby the informationextractors.Noneof thetop five

objectsin this testcaseare membersof the target productclass— they areall re-

latedto word processordut noneof themis actuallya word processingproduct.

Clearly, BIG doesverypoorlywhenrelyingonoutsidesourcedik e vendors search
enginesto classify products.In the secondrun, the simple grep-like filter is used
to checkdocumentdeforeprocessing31 documentsarerejectedby thefilter and

the overall resultsare a little better Thereare word processingoroductsamong
the candidatesbut the selectedoroductis not a word processarin the last run,

both classifierandfilter areusedto checkdocumentsb3 documentsarerejected.
All of thetop-ranked candidatesireword processingroductsandthetop product,

“ClarisWorks Office 5.0” is anintegratedoffice suitthatincludesaword processing
package.

Clearly, documentpre-classifications necessaryo filter retrieved documentse-
fore they areusedto produceproductobjects.Vendorsearchenginesaretypically
keyword basedand are thereforeproneto return numerousproductsthat are not
memberof thetargetclassbut areinsteadrelatedor supplementarproducts.im-
proving the classificationof documentsand widening the training corpusfor the
classifierareareaf future development.

Theclassifiercanbe appliedto otherdomainshowever, it requiresa new training
corpus.This is true with othertext processingknowledgesourcesand document
classifiersaswell - componentdasedon statisticalpropertiesof text (akinto IR
tf/idf statistics)requiretraining corporain orderto apply themto a differentdo-
main. While suchtraining requireshands-orpersonhours,it is reasonabldo as-
sumethatalibrary of suchclassificationgor new domainscouldbe compiledover
time, allowing the capabilitiesto grow asneeded.

To explore this issue,we addednew genresto BIG’s library of expertiseusinga
simpleprocedureA queryfor thenew genree.g.,imageediting software,is given
to BIG. BIG thengathergnformationonimageediting softwareby submittingvar-
iousspecifieckeyword queriego generakearchenginesandby looking atsoftware
makersandreview sites.Of coursewhenBIG retrievesthedocumentsthey arefil-
teredoutby BIG’s existing setof documentlassifiersHowever, this procesyield
alarge pool of documentghatcanthenbe classifiedoy handandusedto train the
documentlassifiersonthenew genre Usingthis processit is possibleto integrate
anew softwaregenrein a little lessthanan hour’s time. The text extractiontools
aregenericenoughto handlethe new genreandno new trainingdocumentsr ad-
ditionsto the lexicon wererequired.Currently no specialtools are being usedto
automatethis processof integration. The performanceof the systemon the new
genreis describedn the experimentalresultsin Section5.7. As partof our future
work, we foreseadevelopingmechanismso allow usergo provide feedbackabout
the correctnes®f the decisionprocessandwhich productsselectedy the system
arein theball-parkfor anew genre.This informationcanbe usedincrementallyas
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we getnew/moreusersvho accesshis genre.

5.2 PrecisionversusCoverage

Precisionversuscoverage is anissueoftendiscussedh literaturerelatingto infor-
mationgatheringor informationretrieval. In the BIG context, oncea satistctory
amountof informationhasbeenprocessedo supporta high quality decisionpro-
cesstheissuebecomedow bestto spendthe remainingtime, cost,or othermost
constrainedesourceOnealternatve is to spendhetime gatheringmoreinforma-
tion aboutother products,i.e., discovering new productsand building modelsof
them.Anotheralternatve is to spendthetime discovering new informationabout
theexisting productsin orderto increasehe precisionof the productmodels.Both
alternatves canleadto higher quality decisionprocessesince both expandthe
rangeof informationon whichthedecisionis based.

BIG supportsboth of thesebehaiors, and a rangeof behaiors in betweenthe
binary extremesof 100%emphasion precisionand100%emphasin coverage.
BIG clients specify a precision/cweragepreferencevia a percentagevalue that
definegheamountof “unused”(if thereis ary) time thatshouldbespenimproving

productprecision.The remainderis spenttrying to discover and constructnew

products.For example,if a client specifies.3, this expresseshe ideathat 30% of

ary additionaltime shouldbe spentimproving precisionand70% shouldbe spent
discoveringnew products.

BIG achieresthistrade-of behaior in two ways:by planningandschedulingor it
apriori, andby respondingpportunisticallyto the problemsolving context within
the constraintsof the schedule Schedulingfor the precision/ coveragetrade-of
is accomplishedy relatingthe precisionand coveragespecificationto quality!?
for the Design-to-Criterisscheduleandgiving the schedulea setof options,from
which to choosea courseof action.In Figure 5, Get-Extra-Informatiorhastwo
subtasks(Get-More-Objectand Detail-Product-Informatiodenotingthe two dif-
ferentendsof the spectrum.Get-More-Objectsepresentshe coverageend and
Detail-Product-Informatiomepresentshe precisionend. The sum()quality accu-
mulationfunctionunderthe parenttask, Get-Extra modelsthatthe schedulemay
choosdrom eithersidedependingnthequality, cost,duration,andcertainty char
acteristicof theprimitiveactionsundereach Client precision/coeragepreference
is relatedto quality for the primitive actionsunderthesetasks e.g.,theactionsper
tainingto precisionreceve higherquality whenincreasedveightis givento pre-

13 The particular valuesassociatedvith the qualities of primitive actionsis not critical
provided thatthe relative relationshipsamongqualitiesof differentactionsare consistent
with thedomain.The purposeof the quality attributesandgafsareto give the schedulea
soundbasisfor makingtrade-ofs amongquality, costandtime characteristicef different
schedules.
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cision. This approachenableghe scheduleto reasomabouttheseextra actuities,
andtheirvalue,andrelatethemto the otherproblemsolvingoptionsfrom a unified
perspectie. Thus,the overall value of pre-allocating‘extra” time to coverageor
precisionis alsoconsideredn light of the othercandidateactiities.

BIG canalsowork opportunisticallyto improve coverageor precision,asis de-
scribedin 5.4. A third option, not currently implemented,is for BIG to revise
its problemsolving optionsandrescheduleas new informationis gainedandthe
context (stateof the blackboardgervironment,time remaining,etc.)changesThis
would enableBIG to reactopportunisticallybut to do sowholly in the context of
reasoningaboutthe quality, cost,duration,certaintytrade-ofs of its optionsfrom a
unified perspectie.

# | DRatio | Scheduled Execution TP | #P A.C. | PA. D.C.
1 0.1 629 587 33| 7 1.86| 1.38 0.85
0.5 622 720 14 | 6 3.83| 147 0.89
0.9 651 685 8 3 7.0 | 212 0.89
2 0.1 629 656 33| 8 1.75| 1.32 0.85
0.5 622 686 14 | 4 3.0 | 15 1
0.9 652 522 7 1 7.0 | 212 1
3 0.1 629 702 29| 7 1.71| 1.47 0.85
0.5 622 606 15| 6 2.33| 1.52 1
0.9 651 572 7 2 45 | 1.7 0.99

Key: # is the run numbey DRatio = preferencdor precision,Scheduled- total execution
time aspredictedoy modelandanticipatedy schedulerExecution= actualexecutiontime,
T.P. = total productobjectsconstructed#P = total productgpassedo decisionprocessA.C.
= averagecoverageper object, PA. = extraction processingaccurag per object,D.C. =

overall decisionprocesonfidence.
Table2

Trading-Of PrecisionandCoverage

Table2 shawvs BIG’s ability to trade-of precisionandcoverageIn providing this
data,we arenot attemptingto generalizan this sectionthatary particulartradeof
betweerthetwo is betterthantheother only thatsuchatradeof exists.We feelthis
characteristigs interestingboth becausef the way BIG implementsand exhibits
the behaior, and becauseof the ramificationsit hason how userscan control a
searchprocessThe table containsdatafor threesetsof runs,for the samequery
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andwith the samecriteria settings(only the precisionsettingis varied).In each
run, threetrials are performed,eachwith a differentprecisionpreferencesetting,
namely10%,50%,and90%respectrely. Sincenetwork performanceariesduring
execution,andthereis someelementof stochastidoehaior in BIG’s selectionof
equallyranked documentsno two trials areidenticalevenif they have the same
preferencesettingsNotethegeneratrendsin thedifferentruns.As moreweightis
givento increasingprecision,the numberof products(T.P) decreasesssdoesthe
numberof productausedin thedecisionprocesg#P). Thedifferencebetweerthese
two valuess thatsomeproductobjectdack sufficientinformationto beincludedin
the decisionprocessandsomeof the productobjectsturn out to relateto products
that do not meetthe client’s specification(e.g., wrong hardware platform, wrong
productgenre pricetoo high, etc.),anextremeexampleof thisis in runnumbertwo
in the third trial, whereonly one productis produced As the numberof products
decreasasmoreweightis givento precisiontheaverageanformationcoverageper
object(A.C.) increasesasdoesthe information extraction/ processingaccurag
(PA.). The decisionconfidencealso generallyincreasesparticularlyin runstwo
andthree,thoughthis item takesinto accountthe total coveragerepresentedby
the productsas well asthe precisionof the productmodelsso its increases not
proportionatlto the otherincreases.

Scheduledor the 10% and 90% precisionruns (respectrely) are shovn in Fig-

ures8 and9. The scheduleshav the sequenc®f primitive actionsandtheir start
times (as expectedvaluesratherthan distributions). The schedulegliverge on or

aroundtime 36 whereschedule8 beginsa seriesof MediumQuality_Durationand
Low_Quality_Durationactuitiesthatretrieve andprocessdditionalproductrelated
documentsThe postfixedintegerson the methodnamege.g.method10Medium-
_Quality_Duration 6) denotehenumberof documentge.g.6) thatwill beretrieved
by the method.This seriesof stepsresultsin the productionof nearlytwenty ad-
ditional productdescriptionobjects.In contrastaroundthatsametime, scheduled

begins a seriesof Get More_Detail actionsthat seekto find informationaboutex-

isting productobjects.

Froman enduserperspectie, the precision/coeragespecificatiorenableslients

to expresspreferencegor onesolutionclassover another For a client who needs
aspeedyesult,andhasanaccordinglyshortdeadline the preferencespecification
may resultin a slight differenceat best.However, for a client with moregenerous
time resourcesthe differencecanbe pronounced.

5.3 InformationFusion

We usethe term informationfusionto denotethe processof integratinginforma-
tion from differentsourcesinto a single productobject; the information may be
complimentarybut alsocontradictoryor incomplete.Thereare several aspectdo
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Start Time
(expected value)

Method Name

o A~ W EFE O

31
32
33
35
36
37
93
165
221
296
346
386
429
631

method6_Send_Query_maczone
method4_Send_Query_cybout-product
method2_Send_Query_warehouse
methodO_Send_Query_macmall

Idle (awaiting results)
method7_Get_Back_maczone

Idle (awaiting results)
method5_Get_Back_cybout-product
method3_Get_Back_warehouse
method1l_Get_Back_macmall
method10_Medium_Quality_Duration_6
method9_Medium_Quality_Duration_8
method21_Medium_Quality_Duration_6
method20_Medium_Quality_Duration_8
method18_Low_Quality_Duration_7
method15_Get_More_Detail_2
method14_Get_More_Detail_2
method22_Benchin-Review-Method
method23_Make-Decision

Fig. 8. Scheduldor 10%/ 90% Precisionto Coverage

Start Time
(expected value)

Method Name

o~ WEF O

31
32
33
35
36
37
111
165
206
247
347
508
646

method6_Send_Query_maczone
method4_Send_Query_cybout-product
method2_Send_Query_warehouse
method0_Send_Query_macmall

Idle (awaiting results)
method7_Get_Back_maczone

Idle (awaiting results)
method5_Get_Back_cybout-product
method3_Get_Back_warehouse
methodl_Get_Back_macmall
method9_Medium_Quality_Duration_8
method21_Medium_Quality_Duration_6
method15_Get_More_Detail_2
method14_Get_More_Detail_2
method13_Get_More_Detail_5
method11_User-Review-Method
method22_Benchin-Review-Method
method23_Make-Decision

Fig. 9. Scheduldor 90%/ 10% Precisionto Coverage

thefusionissue.The moststraightforwardtype of fusionis informationaddition—
whereadocumenprovidesthevalueto aslotthatis notyetfilled. A moreinterest-
ing type of fusionis dealingwith contradictorysinglevalueinformation,e.g.,two
documentgeportingdifferentpricesfor a product,or two documentsdentifying
a differentproductioncompaty for the product. WhenBIG encountershis fusion
issue theitemwith thehighestassociatedegreeof beliefis used!* Anotherissue
is how to integratedifferentopinionsaboutthe product.The latteris donein BIG
by associatingwo metricswith eachreview documentpnerepresentingnforma-

14 |n thefuture,we hopeto exploretheuseof RESUN's opportunisticcontrolto handlethis

situationby trying to retrieve additionalinformationto resole the conflict.
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tion or site quality, andonerepresentinghe quality of the productasexpressedn
thereview. This dualthenconceptuallyrepresents value/ densitypair — the in-
formationquality metricdetermineshe weightgivento the productquality metric
whencomparingdifferentmetricsfor differentreviews. To illustrate BIG’s fusion
processconsidetthefollowing partialtrace.

In this example,BIG is searchingor word processoproductsfor the Macintosh.
In responséo a generalqueryaboutword processingroductsthe MacMall retail
sitereturnsalist of URLs. URL_A, from Figurel0,is selectedy BIG for retrieval
andprocessedIG extracts“DramaticaPro2.0” from thedocumentsthetitle of
thesoftwarepackageit alsoextractsthat“Screenplay”(Inc.) is the maker andthat
thepackagesellsfor apriceof $289.9915 Theresultof this extractionis thepartial
productobjectshovn in Figurel1(a).

URL_A http://ww. cc-inc.conlsal es/detail.asp?dpno=79857&cat al og_i d=2

URL_B http://ww.freedonbuil ders.conm/dramatica. htm

URL_C http://st2.yahoo.conm screenpl ay/ dpr o30mac. ht n

URL_D http://ww. heartcorps. con dramati ca/ questions_and_answers/dramatical0. htm
URL_E http://ww. zdnet. com nacuser/ mu_0796/revi ews/ revi ewl2. ht m

URL_F http://ww:. macaddi ct.conl i ssues/ 0797/ rev. dranati capro. ht m

Fig. 10. URLs for DocumentsRetrieved During Processing

Thevaluesin thePr ocessi ng Accur acy slotsarecertaintyfactorsdenotingthe
guality andcertaintyof the extractionprocesdhatfilled therespectie slots.Since
thedocumenprovidesvery little additionalinformationaboutDramaticaBIG as-
sociatesan uncertain-supporSOU with the object.Becausdhe productobjectis
apromisingareaof exploration,relative to everythingelseon the blackboardBIG
decidego attemptto resole the SOU. Towardthatend, it queriesinfoseekabout
Dramaticasesultingin alonglist of URLsthatarecombinedwith their descriptve
text to createcandidatelocumentescriptionobjectswhich areaddedo theblack-
board.BIG selectsandretrievesa subsebf these startingwith URL_B, whichis a
detaileddescriptiorof theproduct.Processinghedescriptiorresultsn theaddition
of platformspecificationgo the productobject,namelythatit runson Windows 95
and Apple Macintoshsystems.The descriptionalso containssuficient verbiage
thatit is analyzedusinga keyword-basedeview processindieuristicthatlooksfor
positive andnegative phrasesndratesproductsaccordingly weighingthe product
featuresby the userpreferencdor suchfeatures.Thoughthe verbiagepraiseshe
product,it is givenarating of -.57 becausehe review doesnot praisethe product
for thefeaturesn whichtheclientis interestedln otherwords,eventhoughthere-
view is positive,it doesnot make specificreferenceo the productfeaturesn which
theclientis interested- suchasa specificplatformor programcharacteristie- and
thusit is givenanegative valueto denotethatthe productis belov averagequality-
wise. However, sincethe documentin questionis not widely referencedy other
documentsit is givenalow informationquality (sourcequality) ratingandtheneg-

15 Dramaticais actually a productcontainedin our corpusof word processorlassdoc-

umentsusedto train the documentclassifier Thus, the pursuit of Dramaticaas a word

processingpackages valid from BIG’s perspectie, thoughthe classificatiorof Dramatica
asaword processors perhapsiebatable.
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ative review (productquality) ratingwill thushave little weightwhencomparedo
othersourcesThe productobjectafterthis stepis shovn in Figure11(b).

In responséo the continuedexistenceof theuncertain-supporsOU, BIG decides
to gathermoreinformation.It selectsandretrievesURL_C, URL_D, URL_E, and
URL_F, in that sequenceSpaceprecludespresentingan exhaustve sequencef

productobject transformationsas information is integratedinto the object. Fig-

urell(c)is theresultafter processinghereview at URL_D. Notethe elevation of

the products overall quality rating andthe increasen the variousrating criteria
like ease-of-usandstability. For free formatreviews suchasthis one(in contrast
to sitesthatemploy consistennumericalrating systems)thesemetricsare deter

minedby a setof heuristicsthat examinethe text for certainpositive or negative

expressions.

Theremainingdocumentsreretrieved,processedandintegratedn a similarfash-
ion. The productobjectafter processingll of the selecteddocumentss shavn in
Figure 11(d). For example,the final productobjectis subsequentlzomparedo
otherproductobjectsduring the decisionprocesqseeSection5.5). While this ex-
ampleresultsin the constructionof a fairly completeproductobject, the objects
usedin the final decisionprocessare not all at the samelevel of completeness.
Someobjectsmay containlessinformation(but not much)andsomemay contain
more productdetailsor more review summarizatiorstatistics.The decisionpro-
cesdakesinto accounthe quantityandquality of theinformationpertainingto the
objects.

5.4 Opportunism

As discussedppportunismin the BIG systemcurrently occurswithin the bound-
ariesof theinitial scheduleThe primitive actionsseenby the scheduleare often
abstractionf setsof operationsthat BIG plansto perform,thus enablingBIG

to respondopportunisticallyduring the executionof theseactionsto newly gath-
ereddataor changesn the ervironment.To illustrate,considera simpleexample
whereBIG is gatheringdocumentgo recommenda word processarA portion of

the schedulgwithout the numericaldetail), producedo addresshe specifiedre-
sourceconstraintsfollows:

As aconsequencef executingthescheduledocumentsireretrievedfrom theMac-
Mall site and processedising mediumquality, mediumdurationtext extraction
techniqguegmeaninga setof simple and more sophisticatedxtractors),denoted
by the MQMD_methodin the scheduleThe productname,“Nisus Writer 5.1 CD
ROM with Manual”is extractedfrom oneof thedocumentandis postedasanob-
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Product name: DRAMATICA PRO 2.0 3.5IN DSK

Company name: Screenplay
Price: 289.99
Processing Accuracy: (GENRES 0) (PRODUCTID 0.8) (COMPANYID 1.0) (PRICE 2.2)

(PRODUCTDESC 0) (PROCESSOR 0) (RAMREQ 0) (DISKSPACE 0)
(PLATFORM 0) (MISCREQ 0) (OVERALLQUAL O0)

(a) Initial ProductObject

Product name: DRAMATICA PRO 2.0 3.5IN DSK
Company name: Screenplay

Price: 289.99
Processor:
plat a t t

(b) ProductObjectAfter Two Documents

(c) IntermediateProductObject

(d) Final ProductObject

Fig. 11. Evolution of the DramaticaProductObject
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jectontheblackboardSincetheproductnameis theonly informationthatcouldbe
extractedfrom the documeniat hand,a no-supportSOU is attachedo the object,
signifying the needto obtainmoredetailedinformationon the productin orderfor
it to beusedin thefinal decisionprocess.

As BIG actively pursuesandplansto resolve SOUs,methodGet More_Detail 1 is
selectedor executionto resolvethe SOU.Themethodooksfor objectswhich con-
tain the no-supportSOU andtriesto find moreinformationon relatedproductsby
retrieving andextractingdocumentstn this particularexample,Get More Detail 1
gueriesinfoSeekwith the keywords “Nisus Writer,” resultingin the production
of a setof candidatdURLs and partial documentdescriptionsBIG decideso re-
trieve and processthe review locatedat URL [65]. Text processingof this doc-
umentleadsto the discovery of two new potential competingproducts,namely
“Mac_Publishing”and“WordPerfect, thustwo moreobjectswith theproductname
slotsfilled are postedto the blackboardaccompaniedby no-supportSOUsasthe
productobjectsareessentiallyemptyat this time.

BIG now hasthe following options:1) It cancontinuewith its original schedule,
whichentailsexecutingtheBendin_Review_Methodto gatherreviewsfor theNisus

Writer product,or, 2) it canmake anopportunisticchangen its plansandfind more

informationon objectswhich containunresohed no-supportSOUs.In this case,
this would meanexecutingthe Get More_Detail 1 methodfor the Mac_Publishing
andWordPerfecbbjects.Thechoiceis determinedy theprecisiorversusoverage
specification(Section5.2) aswell ashow muchtime is availableto performthis

extra processingeforethedeadline.

In this particularscenariothe latter choiceis madeandBIG decidedo find more
informationon the new productsratherthanfollow the original scheduleMethod
Get More Detail 1 is executedandthe CyberianOutpostretail site is queriedfor
informationon the two products.The queryfor “Mac_Publishing’returnsno sup-
porting informationandthe certaintythatit is a valid word processingproductis
decreasedlhequeryfor “WordPerfect, ontheotherhandis supportedy thedoc-
umentht t p: // srch. out post. com search/ proddesc. cfnPit em=30271
andthusthe belief that the productis a word processingoroductis unchanged.
Processin@f thedocumenproducesew informationaboutthe product,shovn in
Figurel2.

PRODUCTID CorelWordPerfecB8.5- ACADEMIC
PRICE 29.95
MISCREQ UNINITIALIZED
SUPPOR 1
SOURCE | http://srch.outpost.co/seach/proddesc.cim?itan=3QR71

Fig. 12. InformationProduced
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Theinformationis incorporatednto theproductobjectandBIG continuegprocess-
ing its initially scheduledactiities. However, BIG may later electto work on the
WordPerfecproductobjectagainasit is now avalid candidateproduct.

5.5 BIG’'sDecisionProcess

The decisionmaker knowledge sourcedecideswhich productshouldbe recom-
mendedo the userafterthe searchprocesss completed Generally the decision
maker looks at eachproductand calculatesa total scorerepresentinghe overall

level of consisteng with the client’s query As thereare several featuresfor one
product,suchasprice, quality, andhardware (platform), the scorerepresentgach
featurebasednhow importantit is to theclient (seeFigurel). Theratingfor afea-

tureis calculatedrom review setsin oneof two ways:1) for reviews of a certain
class,in which reviewersgive starsor otherwisenumerically (or ordinally) rank
productsaccordingo certainclassestheratingssere asa setof utility weightsfor

thesedatapoints;2) for reviewsthatdo notincludenumericalor ordinalvaluesthe

documentsreprocessedavith a heuristicthatattemptgo assignsuchratingsbased
on keywordsor anti-keywordsthatappeaitn thetext. For instancejf “f astlearning
curwe” is usedto describethe product,it is a positive indicatorfor the easeof use
featureof the product,while “buggyproduct’would be a negative indicatorfor the

stability feature.The formula usedto calculatethe overall scoreof a productis as
follows:

overall. score= price_score* price.weight+ quality_score* quality_weight+
hardware score* hardware weight

Sincethe informationcomesfrom differentsourcestheremay beinconsistencies,
anddifferentsourcesmay have differentrelative quality or confidencemeasures.
The valueof informationin our systemis determinedoy the value of the source;
information from a high quality sourceis consideredo be closerto the truth.
To combineinconsisteninformationfrom differentsites,we classifyinformation
sourcesasoneof threecateyories:high, mediumor low quality. The classification
of aknown informationsourceis basedon humanknowledgeandprior experience
aboutthis source Ourratingsystenfor unknovn sourcesurrentlyemplo/saURL
referencesearchto ranksites,similarto theUsenebasedapproactoutlinedin [58].
Severalwebsearchenginesffer a servicewhich allows the userto searchifor web
siteswhichlink to acertainpage.This essentiallyallows usto quantifyhow oftena
websiteis referencedy others.Our heuristicrankssitesbasedon the assumption
thatsiteswhicharemoreusefulandcrediblewill bereferenceanoreoftenthanless
credibleones.This trait offerstwo importantqualities:it is independentsincethe
ratingis notdictatedby any onepersonor compary, andit is alsoquitegeneric Al-
thoughwe do notdo so,it would alsobe possibleto augmenthisratingwith either
userfeedbackle.g.”l typically don't agreewith this reviewer’s point of view”) or
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datafrom a centralizedvebratingservice.Thisratingis alsousedin theinitial se-
lectionof which documentdo process.For eachkind of informationsourcethere
is a quality measurelistribution table that describeghe relationshipbetweenthe
informationfrom this sourceandthe possibletruth values.Thesequality measure
distribution tableswereconstructedn anad hocfashionbasedn handreviewing
of documentdrom differentcategoriesandexperiencerunningthe system.These
tableshelp provide more accurateinterpretationof datafrom thoseinformation
sourcesby takingthe obsenredratingandtransposingt into a distribution of pos-
sibleratings,weightedby the source$ quality. The neteffect of this mappingis to
addsomemeasuref skepticismto the system basedon the quality of the site. If,
for instancea highly ratedsite givesa certainproducta rating of 5, BIG is more
aptto believe thatthe review is accurateascomparedo a lower ratedsite which
offersthe sameproductrating.

For example,the product“Corel WordPerfect, basedon a review from site A, is
highly rated(it is givena productquality of 4). The review from site B givesit a
slightly lowerratingof 3. Site A itself is known to be a mediumquality sitewith a
sourcequality of 2, while B hasa higherquality rating of 3. The quality measure
tablesfor sitesA andB areshavn in Figure13,and14, respectiely.

Obsened InterpretedQuality Distribution
Review Quality || 5 4 3 2 1
01 02| 05|01} 01

00] 03| 0203 0.2

00| 00| 05|05 03
00| 00| 03|06 | 0.6

5
4
3 00| 01| 03|03 03
2
1

Fig. 13. Review Quality InterpretationTablefor Site A (SourceQuality 2)
Obsened InterpretedQuality Distribution

Review Quality || 5 4 3 2 1
07| 02| 01| 00| 0.0
02| 06| 02| 00| 00

00| 00| 02| 07] 01
00| 00| 00| 03] 0.7

5
4
3 00| 02| 07| 01, 00
2
1

Fig. 14. Review Quality InterpretationTablefor Site B (SourceQuality 3)

Basedon the review quality from site A andsite B andtheir quality measureshe
decisionmaker getsquality scoee distribution as: [(4, 0.25) (3, 0.45) (2, 0.2) (1,
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0.1)]. This meansthereis 25% probability that quality of “Corel WordPerfect”is
4, 35% probabilityit is 3, 20% probabilityit is 2, and10% probabilityit is 1. The
expectedquality_score of “Corel WordPerfect’is therefore2.85. Thus, for each
product,thedecisionmaker hasa quality_scoredistribution andanexpectedscore.
Theproductwith highestexpectedscoreis recommendetb theclientandthescore
distributionsareusedto calculatethe confidenceof this decision.

In additionto thedecisionandproductinformation,the agentalsogivesthe evalu-
ationof this decisionto the client. Sincetherearemary factorscontributing to the
evaluationof thedecision|t is difficult to representhedecisionevaluationasasin-
gle numberWe choosedecisioncoverageandprecisionastwo maincharacteristics
of thedecision.

DecisionCoverages a 3-dimensionabector:

(1) Total Product Number Indicateshow mary productsthe agenthasfound;
themoreproductshe agentfinds, the higherthe quality of the decision.

(2) Candidate Product Number Describegshe numberof competingproducts
usedascandidatesn final decisionjthe moreproductsthatareconsideredor
thedecisionthe higherthe quality of thedecision.

(3) Information CoverageReflectve of the numberof documentshe agenthas
processed.

DecisionPrecisionis a4-dimensionalector:

(1) Average Coverage Indicatesthe averagenumberof documentssupporting
eachcandidateproduct.

(2) Information Quality Describeghedistributionof high-qualitysourcesmedium-
guality sourcesandlow-quality sourcegespectiely.

(3) ProcessAccuracy Measuresiow accuratelythe agentprocessesocuments.
Sincetheinformationextractionprocesss not perfectfor any documentthe
extractiontool providesthe degreeof belieffor every itemit returns.For ex-
ample,textext-ks may find the operatingsystemfor “Corel WordPerfect”is
“mac; with a degreeof belief of 0.8. The processaccuray is the averageof
thedegreeof belief of all items.

(4) DecisionConfidenceMeasureshow confidentthe agentfeelsthatthe prod-
uct it recommendedo the client is the bestproductit found. This is com-
putedfrom the quality distributionsof the discoveredproducts.For example,
if productA hasadistributionof [(5, 0.3)(4,0.6)(3,0.1)], productB hasscore
distribution [(5, 0.1) (4, 0.3) (3, 0.3) (2, 0.2)], productA is recommendetie-
causdt hasa higherexpectedscore.The possibility B is betterthanA is: 0.1
* (0.6+0.1)+0.3* (0.1)=0.1,sotheconfidenceof thisdecisionis 1 - 0.1=
0.9;

Using this decisionevaluationdataallows the client to analyzethe final decision
with amorecritical eye. An additionaltool thatwe have notyetimplementeds an
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appropriatenterfacefor aclientto accessheraw datathatwasusedby the system
in makingits decision.

5.6 PerformancéJnderVarying Time Constaints

Table3 illustrateshow the systemoperationsinderdifferenttime constraintsThe
experimentscover searchesooking for word processingroducts.The searchand
productcriteriais the samefor all runs,only thetime allotedfor the searchvaries.
Theintentof this sectionis to shav thatthe systemcaneffectively exploit thetime
allocatedo it by theuserto completeits searchandthatin mostcasests intended
schedulecloselyapproximateshe actualexecutiontime.

The first four columnsof dataprovide information aboutthe duration of each
search.User Time denotesthe userstarget searchtime; the value in parenthesis
representshe upperboundon how far over the target searchtime the scheduler
waspermittedto goin orderto achieze agoodquality/cost/duratiotradeof. (Util-
ity in thesecasess linearly decreasingetweenthe expressedleadlineand 10%
above the expressedieadline. ) Sdheduledenoteghe expectedtotal durationof
the scheduleproducedby the Design-to-Criterisscheduleland Executiondenotes
the actualdurationof the discovery anddecisionprocessThe differencein these
valuesstemdrom thehigh varianceof web-relatedctiities andreflectsssuedik e
changesn network bandwidthduringthe search slow downs at remotesites,and
soforth. Thestatisticalcharacterizationsf theseactvities arealsooftenimperfect,
thoughthey areimprovedovertime. Giventhe variancesnvolved,we aresatisfied
with therelationshipbetweerexpectationsandreality.

The next four columnsdenotenumberof consideredoroducts(#p), total number
of productsfound (T.PR), aggreateinformationcoverage(l.C.), andaverageinfor-
mation coverageper productobject (A.C.). Thesevaluesreflectthe numberand
gualitiesof theinformationsourcesisedto generateéhefinal decision.Givenaddi-
tional time, BIG will adjustits searchingoehaior in anattemptto find bothmore
sourcef information,andmoresupportingnformationfor previously discovered
productsTheresultsof thisbehaior canbeseenin thecorrelationbetweerlonger
runningtime andlargerinformationcoveragevalues;thesevaluesrepresentheto-
tal numberof documentfound andthe averagenumberof supportingdocuments
aproducthas,respectrely. As onewould expect,thelargernumberof information
sourcesalsosenesto increaseéboth the numberof known productsandthe size of
the subsetelectedor considerationwhichin turn affectsthe confidenceBIG has
in its final decision.

This approachto deadlineswas taken to addressclient preferencesDespiterequests
to usea hard deadlinemodel, clients were often dissatisfiedf much betterresultswere
possiblefor slightly moretime, andthe scheduleselectedan optionthatstayedwithin the
expressedieadline.
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UserTime | # | Scheduled| Execution | #ck | #tr [ 1c. | ac. | pa | Dc. |
300330) | 1 311 367 4 10 [ 12| 15 16 | 1
2 308 350 3 10 | 16 | 13 | 14 | 1
3 305 279 3 10 | 12 | 13| 15 | 1
4 311 275 3 11 | 13 | 167 | 15 | 1
5 321 286 4 10 | 12| 15 | 16 | 1
6 321 272 3 10 | 12 | 13 | 16 | 084
7 262 327 3 11 | 12 | 167 | 15 | 1
8 262 337 3 10 | 12| 13| 15| 1
9 262 301 2 11 | 10| 10 | 14 | 1
10 259 292 2 11 | 11| 15 | 15 | 1
average 302 310 3 104 | 12 | 14 | 15 | oes
sd. 33 35 067 | 05 | 1.6 | 02 | 007 | 005
600(660) | 1 658 760 6 17 | 45 | 40 | 1.7 | 090
2 658 608 4 17 | 44 | 675 | 18 | 10
3 645 732 5 20 | 46 | 54 | 2 1.0
4 649 809 10 28 | 49 | 31 | 18 | 096
5 649 730 7 17 | a2 | 43 | 18 | o084
6 653 774 4 23 | 55 | 65 | 23 | 0.99
7 653 671 4 18 | 35 | 53 | 21 | 0.99
8 653 750 6 18 | 41 | 48 | 22 | o084
9 653 760 5 28 | 50 | 54 | 22 | 094
10 653 852 5 18 | 42 | 46 | 20 | 085
average 652 746 56 | 20 | 45 | 50 | 20 | 095
sd. 4 68 18 | 44 | 56| 11 | 02 | 006
900(990) | 1 951 975 5 37 | 61 | 58 | 22 | 099
2 968 956 8 30 | 55 | 41 | 21 | 1
3 914 919 8 23 | 64 | 40 | 10 | 1
4 960 796 6 34 | 64 | 53 | 19 | 096
5 960 1026 9 24 | 32 | 41 | 19 | 099
6 987 968 8 27 | 60 | 44 | 21 | 0904
7 987 1102 8 27 | 63 | 55 | 1.7 | 094
8 987 896 5 2 | 60 | 54 | 21 | 084
9 987 018 7 2 | 66 | 51 | 20 | 084
10 978 1289 14 39 | 79 | 39 | 20 | 1
average 968 985 78 | 31 | 61 | 48 | 20 | 095
s.d. 23 134 26 | 53 | 12 | 07 | 014 | 006

Key: UserTime = userspreferredsearchtime (linearly decreasingutility post-deadlingn
thiscase) Scheduled total executiontime aspredictedoy modelandanticipatedy sched-
uler, Execution= actualexecutiontime, I.C. = informationcoverage,T.P. = total product
objectsconstructed#C.P = total productspassedo decisionprocessA.C. = averagecov-
erageperobject,PA. = extractionprocessingccurag perobject,D.C. = overall decision

procesonfidences.d.= standarddeviation.
Table3

DifferentTime AllotmentsProduceDifferentResults

Thelasttwo columnsdescribenow confidentthe systemis in the informationex-
tractionand decisionmaking processesProcessaccurag (PA.), suppliedin part
by theinformationprocessingools,is the degreeof beliefthattheactualextracted
informationis correctlycateyorizedandplacedn theinformationobjects Decision
confidencegeneratedby thedecisionmaler, reflectsthelik elihoodthattheselected
productis the optimal choicegiven the setof productsconsideredThis valueis
basedon the quality distributionsof eachproduct,andrepresentshe chancethat
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theexpectedqualityis correct.lt shouldbenotedthatdecisionconfidenceherefore
is not dependenbn executiontime or processesffort.

Our queryfor thetestrunsis thatof a clientlooking for aword processingpackage
for the Macintoshcostingno morethan$200,andwould lik e the searchprocesgo
take 300/600/90Gecondsndthesearcttostto belessthanfive dollars. Theclient
specifiesthe relative importanceof price to quality to be 60/40 and the relative
importanceof coverageto confidenceo be 50/50.

Looking at the results,one canseethat the processaccuraciesor the 300 second
run are consistentiower thanthosefor the 600 and 900 secondruns, which are
roughlythesameProcessccuray is affectedby theamountof availableevidence,
in that matchinginformationfrom differentsourcesgncreaseshe perceved accu-
racy of the data.Sincethe latter two runs have similar averagecoveragevalues,
onewould expectsimilar levelsof informationmatching,andthussimilar levels of
processaccurag. Usingthe samelogic, onecanseewhy the processaccurag for
the 300 secondunswould be consistentlylower, resultingfrom its lower levels of
averagecoverage.

The decisionconfidencevalueis affectedby both the numberof productsconsid-
eredandtheir respectie attributesandqualities.BIG first selectsa product,based
onits attributesandtheusers preferencedt thencalculateshedecisionconfidence
by determiningheprobabilitythattheselectegroductis theoptimalchoice given
the available subsetof products.In the 300 secondruns,the total numberof con-
sideredproductss fairly low, which increaseshe chancehatthe pool of products
is heterogeneousn sucha population,t is morelik ely thata singlecandidatewill
standout from the others,which goesto explain the large percentagef perfect
scoredn theshortestun. WhenBIG is givenmoretimeto find moreproductsthe
chancehatindividual candidatesvill sharplycontrastis reducedGreateraverage
coverageaffectsthis contractby increasinghe likelihoodthat productcandidates
will be fully specified.This will typically make the candidateset have a higher
quality rating which makes the populationmore homogeneousdt is this blurring
acrossattribute dimensionsvhich reducesBIG’s confidencen thefinal decision.

Two interestingcasesdn this last columnare worth explaining in more detail. In
thesixth 300secondun, onecanseethatthedecisionquality wascalculatedo be
0.84,muchlowerthanotherrunsin the sameset. This wasdueto the factthattwo
of the threeproductsconsideredvere actually the sameproduct,but onewasan
academiorersion.Thesetwo productshadrelatively similar quality ratings,which
weresignificantlyhigherthanthe remainingproduct,which cause®3IG to have a
lower confidencen its decision.The secondanomalyoccursin thetenthrunin the
900secondscenarioln this case 14 productsvereconsideredor selection Of the
group, 11 hada price higherthan $400,two were above $200andthe remaining
productwasroughly $70with goodcoverageof the users desiredcharacteristics.
Thislarge pricediscrepang led the selectegroductto have amuchhigherquality
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ratingthanthe competition,which led to the high decisionconfidence.

5.7 Experimentsn DifferentDomains

Besidegheword processinglomain,we have alsoexperimentedvith BIG in three
otherdomainsimageeditors,html editors,anddatabassystemsFor eachdomain,
we spentapproximatelyone hour collectingand classifyingdocumentgo form a
corpusfor the Bayesclassifier As we discussedn Section5.1,this processanbe
automatedy equippingBIG with theability to learnfrom userfeedback.

Figure 15 shows the resultsof experimentsin eachof thesedomains.The query
criteriafor eachdomainspecifieghatarelevantsoftwarepackagdor the Windows

platformis neededwith a searchdeadlineof 10 minutes(600 seconds)the query
wasrepeated Otimesfor eachdomain All itemsin Figurel5alsoappeain Table3

and have beenexplainedin Section5.6. The DTC schedulergenerateshe same
scheduldor all queriesbecausdhe searchand productcriteria arethe sameand
the objectdatabasés clearedaftereachrun (BIG doesnot have knowledgeabout
theseproductsa priori andknowledgethatis learnedduring onetrial is removed
beforethe next trial).

The searchfor html editor productstakes longer to executethan the other two
guerieshecauseherearemoreavailableproductg#C.P and#T.R) in this domain.
Thussomemethodgake longertime thanexpected becauséheir executiontimes
arerelatedto thenumberof productdescriptionghatareeitherretrievedor actively
beingconsideredscandidategsuchasthe“SearchFor_Reviews” method).

domain Scheduled Execution [#C.P. |#T.P. | I.C. | AC. | PA | D.C. final decision
image editor average 541 520 4 7 28.2 5.3 0.8 1 product name: Adobe Image Ready
s.d. 0 8 0 0 1.9 0.5 0 0 platform: windows_nt, mac, win95

price: 188.98 occurrence: 10/10
12 |49.l | 5.1 | 0.9 |0,84 product name: Adobe Pagemill 3.0
0 | 3.8 | 0.7 | 0.05 | 0.04 platform: windows_nt, mac, win95
price: 79.98 occurrence: 8/10
10.2 | 43.6 | 8 | 1 | 0.97 product name: FileMaker Pro 4.0
117 [ 52 [ 18 Joos [007 platform: wing5, mac, windows_3.1
price: 159.98 occurrence: 7/10

541
0

html editor |average
s.d

o
B
©
o|s
@ |o

I

I
database |average | 541
| s.d | 0

Fig. 15. Experimentsn ThreeDifferentDomains

Key: Scheduled= total executiontime as predictedby the modeland anticipatedby the
schedulerExecution= actualexecutiontime, #C.P = total candidatgroductgpassedo the
decisionprocess# T.P. = total productobjectsconstructed|.C. = information coverage,
A.C. = averagecoverageperobject,PA. = extractionprocessingccurayg perobject,D.C.
= overall decisionprocessonfidencefinal decision= the productmostfrequentlyrecom-
mendedy thesystemin 10 runs;occurrences thefrequeng the productrecommendeby
thesystem;s.d.= standardieviation.

Thefinal decisionpresentshe productthatis mostfrequentlyrecommendebtly the
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systemn the10runs.Theoccurrencendicateshow mary timesit is recommended
in thoselO0runs.Differentproductsarerecommendech differentrunsbecaus¢he
systemdoesnot have sufficient time to exhaustvely processall available docu-
ments,soit randomlyselectequallyrateddocumentgor processingTheselected
documentsetthereforevariesfrom onerun to the next, so the systemmay have
differentinformation,whichin turn may supportanalternatdinal decision.

For theimageeditor domain,the Adobe productimageReadywasrecommended
eachtime becauseherearefewer candidateproductsin this domainandbecause
ImageReadyis the bestamongthe candidatgroducts;otherproducts’pricesare
about$300,whichis muchhigherthanthe price of ImageReady For the html ed-
itor domain,out of 10 runs,the systemrecommended\dobe Pagemill 3.0 eight
times,andin the othertwo runsit recommende&ymantecs Visual Page2.0 and
WebSpicerespectiely. All threeproductshave similar functionality and price. In
thedatabasedomain thesystenrecommende#ileMaker Proseventimes,MS Ac-
cessonceandMSFT Accessfor Win 95 Stepby Steptwice. Thefirst two products
arereasonablaselectionsput the lastoneis actuallya book. Our classifierfails to
rejectthis alternatve sincethereweremary database-relatekeywordsin the de-
scriptionandit hadvery low price comparedvith otherreal softwareproducts.

Thetechniquesandtechnologieemployedby BIG arealsoapplicableto decision-
making tasksin otherdomainsaswell, suchasthe car purchasingdlomainmen-
tionedearlier Thecorecomponentsf BIG, includingthe RESUNplannerdesign-
to-criteriaschedulertaskassesspanddatabaseareentirelydomainindependent,
and may be usedwithout modificationto addresdlifferentquestionsThe black-
boardarchitecturds alsodomain-independenbut a designemwould needto enu-
meratedifferent characteristicdor objectsplacedon the blackboard.In the car
domain,for instancethe “hard drive” and“platform” traits arenot pertinent;ele-
mentssuchas“engine” or “model” would be moreappropriateThe mostdemand-
ing aspectgequiringchangesn a new domainrelateto text processingBoth the
NLP-style text extraction (textext-ks) andthe documentclassifierrely on a one-
time training sessioron a domaincorpusto achieve their results. Thewrappertext
extractionutility (quickext-ks) is alsodomaindependentandwould requirenen
rulesto correctlyprocesghedifferentwebsitesusedin thedomain.Theothertext
extractors(grep-ks,cgrep-kstablext-ks) aredomain-independent.

Thereis aninterestingquestionwhethermoreextensvie training of the classifierwould
have solved this problem.We could have also addedspecialheuristicsto reflectthe fact
that productspriced so low for the genrewerelikely eitherto not be completesoftware
package®r not software. Sharevare, freevare and otherlow-cost, but potentiallyviable,
solutionsfurthercomplicateissues.
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6 Strengths,Limitations, and Futur e Dir ections

The combinationof the differentAl componentsn BIG andthe view of informa-
tion gatheringasan interpretationtask hasgiven BIG somevery strongabilities.
In contrastto mostotherwork donein this area,BIG performsinformationfusion
not just documentretrieval. Thatis, BIG retrieves documentsgextractsattributes
from the documentsgonvertingunstructuredext to structureddata,andintegrates
theextractedinformationfrom differentsourcego build amorecompletemodelof
theproductin questionTheuseof theRESUNinterpretation-styl@lannerenables
BIG to reasonaboutthe sources-of-uncertaintggssociatedvith particularaspects
of productobjectsandto planto resole theseuncertaintiedy gatheringand ex-
tractingmoreinformationthatsenesaseithercorroboratingor negatingevidence.
Thoughthis featurewasnotbroughtoutin our simpletrace,it is adefinitestrength
whenoperatingin a realmof uncertaininformation combinedwith uncertainex-
tractiontechniques.

BIG is alsoquitescalablepecaus®f theway it canfilter andfocusalargeamount
of informationinto aconciseusefulrepresentatiorBIG canobtainandprocessn-
formationfrom alargevarietyof sourceontheweb,andgivensufiicienttime, can
processasmuchinformationasit is ableto find duringits searchThehierarchical
structureof theblackboardallows BIG to effectively usethedatabecausét is con-
densedandabstractedsit risesthroughthelevels. The key phrasehere,however,
is givensuficienttime BIG is still asingleentity systemsowhile thehigherlevels
of the blackboarcaremanageablehelower levelscanaccumulatea large number
of objectsonthem,which canbeslow to processA proposedsolutionto this prob-
lem is to make BIG a multi-agentsystem.In sucha systemmultiple BIG agents
couldindependentlhsearchor information,conceptuallybranchingthe lower lev-
els of the blackboardNot only will this solutionincreasanformationthroughput
throughparallelism but communicatiorbetweertheagentanalsohelpfocusthe
systemasawhole.

Anotherfeatureof BIG notfully detailedin this paperis the useof the Design-to-
Criteriascheduleto reasoraboutthe quality, cost,time, andcertaintytrade-ofs of
differentcandidateactions.The useof the scheduleenablesBIG to addresslead-
linesandsearchresourceconstraintsa featurethatis particularlyimportantgiven
the scopeof the searchspacethe uncertaintyinvolved, andthe very real require-
mentfor informationsystemdo addresgime andresourceconstraintsRelatedly
while theissueof planningfor informationcostconstraintds not stressedn this
paperwe feelthatin thefuturethe costof accessingarticularinformationsources
will needto be taken into accountby information gatheringagents Examplesof
theuseof costin BIG's |G processarepresentedn [44].

Also not a focus of this paperis BIG’s ability to learnfrom prior problemsolv-
ing instanceg42]. Information objects(along with their associatedsources-of-
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uncertainty)canbe storedandusedto supplemensubsequengearchactuities. In
thisfashion BIG gainsfrom prior problemsolvinginstanceshut, it alsorefinesand
modifiesthe productmodelsover time by resolvingpreviously unresohed SOUs
andgatheringnew informationaboutthe products.

In termsof limitations andextensibility, mary of the componentsisedin the sys-
tem,suchasthewebretrieval interfaceandsomeof theinformationextractorslike
grep-ksandtablext-ks, aregenericanddomainindependentHowever, certainas-
pectsof the systenrequiredomainspecificknowledge;adaptingBIG to operatan
anotherdomain,perhapghe auto-purchasdomain,would requirethe addition of
specificknowledgeaboutthe particulardomain.For example,asdiscussedn Sec-
tion 5.7,informationextractordik e theinformationextractionsystemggrepet-ks,
andquickext-ks, requiresupervisedrainingto learnextractionrulesandmake use
of semantiadictionariesto guarantee certainlevel of performanceAdditionally,
both the sener and objectdatabasedyeing persistentstoresof the systems past
experiencesareinherentlydomaindependentrenderingmostof this knowledge
uselesandpossiblydistractve whenusedin otherscenarios.

Anotherpossiblelimitation with the currentincarnationof BIG is the useof text
extractiontechnologyto corvert unstructuredext to structureddata.The text ex-
tractiontechniquesare sometimedragile, particularlywhenasked to extract data
from adocumennot belongingto the classof documenbn which the systenwas
trained.The useof a documentlassifiergreatlyimprovesthe situation,but, infor-
mationextractionremainsanon-trivial issue.Theuseof XML andotherdatastruc-
turing mechanismsn the webwill helpalleviatethisissue.Interestingly because
RESUNrepresentandworksto resole sources-of-uncertaintthelimitationsand
sometime®rroneousutputof thetext extractiontoolsis notnearlyasproblematic
asit might seemat first glance.Given sufficient time for searchthe plannerwill
usuallyrecover from misdirectionsstemmingfrom poorinformationextraction.

Our future interestdlie in improving the integration of the top-down view of the
Design-to-Criteriescheduleandthe opportunistidoottom-upview of the RESUN
planner Currently the schedules primaryrole in the systemis to producetheini-
tial scheduleHowever, asthecontrolstructuresvolves,we foreseeafeedbacKkoop
in which the RESUNplannerandthe taskassessoposewhat-if type questiongo
the scheduleto supporthigh-level decisionsaboutwhich actionsto performnext.
A strongertwo-way interfacewill alsosupportimoreopportunistigoroblemsolving
stratgiesby enablingthe problemsolver to respondto changesand evaluatethe
valueof changingts plannedcourseof action.We seethis asparticularlyvaluable
in light of the uncertaintyin the informationgatheringdomainandthe high-order
combinatoricsof the trade-of decisionprocessin this secondaryole, the sched-
ulerbecomeghetrade-of expertemployedby thetaskassessor/problesolverto
guide agentactivities during execution.Anotherimportantdirectionis to exploit
userfeedbackaboutthe appropriatenesef the system$ decisionand the docu-
ments/siteshatsupportthatdecision.We feel thiswill allow usto both strengthen
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the processingof existing software genresand also allow us to more seamlessly
integrateothersoftwaregenreshathave notbeentrainedfor. Finally, we couldlike
to move BIG into amulti-agentsystemnvolving mobileagentsOurgroup[34] has
along history of developingdistributed problemsolving and multi-agentsystems
[19,20,38,55,9,464ndwe areinterestedn exploring multi-agentcoordinationvia
agroupof agentdescendeffom the currentBIG agent.
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