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Abstract

The wealthof informationon the web malesit an attractve resourcefor seekingquick
answergo simple,factualquestionsuchas“who wasthe rst Americanin space?’or “whatis
thesecondallestmountainin theworld?” Yettodays mostadwancedvebsearcltservicege.g.,
Googleand AskJeees) make it surprisinglytediousto locateanswergo suchquestions.In
this paper we extendquestion-answerintechniques,rst studiedin the informationretrieval
literature,to thewebandexperimentallyevaluatetheir performance.

First we introduce MULDER, which we believe to be the rst general-purposefully-
automatedjuestion-answeringystemavailableon theweh Secondwe describeMULDER'S
architecturewhich relieson multiple search-engingueries,natural-languagearsing,anda
novel voting procedureo yield reliable answerscoupledwith high recall. Finally, we com-
pareMULDER's performanceo that of Googleand AskJe&eson questiongdravn from the
TREC-8questiontrack. We nd that MULDER's recallis morethana factorof threehigher
thanthatof AskJe®es.In addition,we nd thatGooglerequiress.6timesasmuchusereffort
to achieve the sameevel of recallasMULDER.

1 Intr oduction and Moti vation

While websearclenginesanddirectorieshave madeimportantstridesin recentyearstheproblem
of ef ciently locatinginformationon the web s far from solved. This paperempirically investi-
gatesthe problemof scalingquestion-answeringechniquesstudiedin the informationretrieval

andinformationextractionliterature[1, 16], to theweh Canthesetechniquespreviously explored
in the context of much smallerand more carefully structuredcorpora,be extendedto the web?
Will aquestion-answeringystenyield bene t whencomparedo cutting-edgecommerciakearch
enginessuchasGooglé?

http://www.google.com



Ourfocusis onfactualquestionsuchas“what is thesecondallestmountainin theworld?” or
“who wasthe rst Americanin space?"While this specief questiongepresentsnly a limited
subsetof the queriesposedto web searchengines,it presentghe opportunityto substantially
reducethe amountof usereffort requiredto nd the answer Insteadof forcing the userto sift
throughalist searclengine*snippets”andreadthroughmultiple web pagegotentiallycontaining
theansweyour goalis to developasystenthatconciselyanswersK-2" or “Alan Shepard{along
with theappropriatgusti cation) in responseo theabove questions.

As a steptowardsthis goal, this paperintroduceshe MULDER web question-answeringys-
tem. We believe that MULDER is the rst general-purposdully-automatedquestion-answering
systemavailable on the weh? The commercialsearchengineknown as AskJeees’ respondgo
natural-languageuestionsout its recall is very limited (seeSection4) suggestinghatit is not
fully automated.

To achieve its broadscope,MULDER automaticallysubmitsmultiple querieson the users
behalfto asearchengine(Google)andextractsits answerdrom the engines output. Thus,MuL -
DER is aninformationcarnivore in the senselescribedn [13]. MULDER utilizes severalnatural-
languageparsersandheuristicsain orderto returnhigh-qualityanswers.

Theremainderof this paperis organizedasfollows. Section2 providesbackgroundnforma-
tion on question-answeringystemsandconsidetherequirement$or scalingthis classof systems
to theweh Section3 describesMULDER andits architecture Sectiord comparesVlULDER'S per
formanceexperimentallywith thatof AskJee@esandGoogle,andalsoanalyzegshe contritution of
eachof MULDER's key componentso its performanceWe concludewith a discussiorof related
andfuturework.

2 Background

A questionanswering(QA) systemprovides direct answergto userquestionsby consultingits

knowledgebase. Sincethe early daysof arti cial intelligencein the 60's, researcherbave been
fascinatedvith answeringnhaturallanguageguestionsHowever, the dif culty of naturallanguage
processindNLP) haslimited the scopeof QA to domain-speci cexpertsystems.

In recentyearsthe combinationof webgrowth, improvementsn informationtechnologyand
the explosive demandor betterinformationaccessasreignitedthe interestin QA systems.The
availability of hugedocumentcollections(e.g., the web itself), combinedwith improvementsn
informationretrieval (IR) andNLP techniqueshasattractedhe developmentf a specialclassof
QA systemghatanswergaturallanguagejuestionsy consultingarepositoryof document$16].
The Holy Grail for thesesystemss, of course answeringquestionsovertheweh A QA system
utilizing this resourcehasthe potentialto answerquestionsof a wide variety of topics,andwill
constantlybe keptup-to-datewith the webitself. Thereforejt makessensdo build QA systems
thatcanscaleupto theweh

In thefollowing sectionswe look attheanatomyof QA systemsandwhatchallengesheweb
posedor them.We thende ne whatis requiredof aweb-base®A system.

2Seehttp://mulder.cx for aprototype
Shttp://www.ask.com



2.1 Componentsof a QA system

An automatedQA systembasedon a documentcollectiontypically hasthreemain components.
The rst is aretrieval enginethatsits on top of the documentollectionandhandlesretrieval re-
guestsln thecontet of web,thisis asearclenginethatindexeswebpages.Theseconds aquery
formulation mechanisnthat translatesiatural-languagguestionsnto queriesfor the IR engine
in orderto retrieve relevantdocumentgrom the collection,i.e., documentshatcanpotentiallyan-
swerthequestion.Thethird componentanswerextraction, analyseshesedocumentsndextracts
answerdrom them.

2.2 Challengesof the Web

Although the web s full of information, nding the factssometimesesemblegicking needles
from a haystack Thefollowing arespeci ¢ challenge®f thewebto anautomateA system:

Forming the right queries. Given a question translatingit into a searchenginequeryis
not atrivial task. If the queryis too generaltoo mary documentsnay be retrievedandthe
systemwould not have enoughresourcego scanthroughall of them. If the queryis too
speci ¢, no pagesareretrieved. Gettingtheright setof pageds crucialin dealingwith the
weh

Noise. Sometime®venwith theright setof keywords,the systemmay still retrieve a lot of
pageghattalk aboutsomethingelse.For example we issuedhequeryfirst american
in space to Google,andreceved resultsaboutthe rst Americanwomanin spaceand
the rst Americanto vote from space.The QA systemhasto betolerantof suchnoiseor it
will becomeconfusedandgive incorrectanswers.

Factoids. By far theworstscenaridor a QA systemis nding falsehoodsAdvancedNLP
techniquesn thefuturemayallow usto nd answer90%of thetime, but if theknowledge
is incorrectthenthe answeris still invalid. Sometimessuchfactoidsare humanerrorsor
lies, but not always. For example,one of the sitesreturnedby Googlestated*John Glenn
wasthe rst Americanin space”,which is false. However, the site is labeled“Common
misconceptions1 Astronomy”. Suchsentencesancausealot of headachefor QA systems.

Resourcelimitations. Searchenginehave beenimproving steadilyandarefasterthanever,
butit is still verytaxingto issueafew dozenqueriesn orderto answerachquestion A QA
systemhasto malke intelligent decisionson which queriesto try insteadof blindly issuing
combination®of words. Onlineinteractve QA systemsalsohave to considerthetime spent
by the userin waiting for an answer Very few usersarewilling to wait morethana few
minutes.

In the next section,we describea fully implementedprototypeweb QA system,MULDER,
which takesthesefactorsinto consideration.



3 The MULDER Web QA system

Figurel shovsthearchitectureof MULDER. Theuserbeginsby askingthequestionn naturallan-
guagerom MULDER'swebinterface.MULDER thenparseshequestionusinganatural language
parser (section3.1), which constructsa tree of the questions phrasalstructure. The parsetreeis
givento theclassi er (section3.2) which determineshetype of answerto expect. Next, thequery
formulator (section3.3) usesthe parsetreeto translatethe questioninto a seriesof searchengine
gueries.Thesequeriesareissuedn parallelto the seach engine(section3.4), which fetchesweb
pagedor eachquery Theanswerextractionmodule(section3.5) extractsrelevantsnippetscalled
summariefrom thewebpagesandgeneratealist of possiblecandidateanswes from thesesnip-
pets. Thesecandidatesregivento the answerselector(section3.6) for scoringandranking;the
sortedlist of answerqpresentedn the context of their respectre summaries)s displayedto the
user

Thefollowing sectiongdescribeeachcomponentn detail.
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3.1 QuestionParsing

In contrasto traditionalsearchenginesvhich treatqueriesasa setof keywords,MULDER parses
the users questionto determineits syntacticstructure. As we shall see,knowing the structure
of the questionallows MULDER to formulatethe questioninto several differentkeyword queries
whicharesubmittedo thesearctenginein parallel,thusincreasingecall. FurthermoreMULDER
usesthe questions$ syntacticstructureto betterextract plausibleanswerdrom the pageseturned
by thesearchengine.

Naturallanguageparsingis amature eld with adecades-longistory, sowe choseto adoptthe
bestexisting parsingtechnologyratherthanroll our own. Today's bestparsersemploy statistical
technique$l2, 8]. Theseparsersaretrainedon ataggedcorpus,andthey uselearnedorobabilities
of wordrelationshipgo guidethesearcHor thebestparse. TheMaximumEntropy-Inspired(MEI)
parser9] is oneof the bestof this breed,andsowe integratedit into MULDER. The parsemwas
trainedon the PennWall StreetJournalree-bani21] sections

Our overall experiencewith the parsetasbeenpositive, but initially we discoveredtwo prob-
lems. First, dueto its limited training setthe parsethasa restrictedvocatulary. Secondwhenthe
parserdoesnot know aword, it attemptdo make educatedyuessesor the word's part-of-speech.
This increasests searchspaceandslows down parsing? In addition,the guessesanbe quite
bad.In oneinstancethe parsetaggedheword “tungsten”asa cardinalnumber To remedyboth
of theseproblems,we integrateda lexical analyzercalled Pc-Kimmo [3] into the MEI parser
Lexical analysisallows MULDER to tag previously unseenwords. For example,MULDER does
not know the word “neurological”, but by breakingdown the word into the root “neurology” and
thesufx “-al”, it knows the word is an adjectve. Whenthe MEI parserdoesnot know a word,
MULDER usesPc-KIMMO to recognizeandtag the part-of-speeclof the word. If Pc-KiMmo
alsodoesnotknow theword either we adoptthe heuristicof taggingthe word asa propernoun.

MULDER's combinationof MEI/Pc-KiMmmM0O andnoundefaultingis ableto parseall TREC-8
guestiongorrectly

3.2 QuestionClassi er

Questionclassi cation allows MULDER to narrav the numberof candidateanswersduring the
extractionphase.Our classi er recognizeghreetypesof questionsnominal,numericalandtem-
poral, which correspondo nounphrase number anddateanswers.This simplehierarchymakes
classi cationaneasytaskandoffersthe potentialof very high accurag. It alsoavoidsthedif cult
procesf designinga completequestionontologywith manually-tunegnswerrecognizers.

Most naturalquestionsontaina wh-phrase which consistsof the interrogatve word andthe
subsequenwordsassociateavith it. TheMEI parseistinguishesour maintypesof wh-phrases,
andMULDER makesuseof this type informationto classifythe question.Wh-adjectve phrases,
suchas“how mary” and“how tall”, containanadjectvein additionto the questionwords. These
guestiongnquire aboutthe degreeof somethingor someevent,and MULDER classi esthemas
numerical. Wh-adwerb phrasesbegin with single questionwords suchas “where” or “when”.

4While speeds not a concernfor shortquestions|ongerquestionsantake a few secondgo parse.We alsouse
theparserextensiely in theanswerextractionphaseo parsdongersentencesyherespeeds avery importantissue.



We usethe interrogatve word to nd the questiontype, e.g., “when” is temporaland“where” is

nominal. Wh-nounphrasesusually begin with “what”, andthe questionscanlook for ary type
of answer For example,“what height” looks for a number “what year” a date,and“what car” a
noun.We usetheobjectof theverbin thequestionto determinghetype. To nd theobjectof the
verb, MULDER useshelLink parsei14]. TheLink parseiis differentfrom the MEI parserin that
it outputsthe sentenceparsein the form of the relationshipetweenwvords(calledlinks) instead
of atreestructure MULDER usesheverb-objeclinks to nd theobjectin thequestionMULDER

thenconsultsWordNet[22] to determinethe type of the object. WordNetis a semanticnetwork
containingwords groupedinto setscalledsynsets Synsetsare linked to eachotherby different
relations,suchassynoryms, hyperrymsandmeroryms’ To classifythe objectword, we traverse
the hyperrymsof the objectuntil we nd the synsetof “measure’or “time”. In theformercase,
we classifythe questionasnumerical,andin thelattercasetemporal.Sometimes word canhave
multiple sensesandeachsensamay leadto a differentclassi cation,e.g., “capital’ canbe a city

or asumof monegy. In suchcasesve assumehe questionis nominal. Finally, if thequestiondoes
notcontainawh-phrasde.g., “Namea Im thathaswontheGoldenBearaward "), we classify
it asnominal.

3.3 Query Formulation

The query formulation module corverts the questioninto a setof keyword queriesthat will be
sentto the searchenginefor parallelevaluation. MULDER hasa goodchanceof successf it can
guesshow the answermay appearin a target sentencei.e. a sentencehat containsthe answer
We believe this strategy works especiallywell for questionsrelatedto commonfacts, because
thesefactsarereplicatedacrosshe web on mary differentsites,which makesit highly probable
that someweb pagewill containour formulatedphrase. To illustrate,one can nd the answer
to our American-in-spaceguestionby issuingthe phrasequery“"The first American in
space was"”.® Whengiventhis query Googlereturns34 pagesandmostof themsay*“The
first American in space was Alan Shepard ,” with variationsof Shepards name.

A secondnsightbehindM ULDER's queryformulationmethodis theideaof varyingthe speci-
city of thequery The mostgeneralquerycontainsonly the mostimportantkeywordsfrom the
users questionwhile themostspeci ¢ queriesarequotedpartialsentenced.ongerphraseplace
additionalconstraintson the the query increasingprecision,but reducingthe numberof pages

returned.If the constraintis too great,thenno pageswill bereturnedatall. A priori it is dif cult
to know the optimal point on the generality/speci citytradeof, henceour decisionto try multiple
pointsin parallel;if along phrasegueryfailsto return,MULDER canfall backonthemorerelaxed
gueries.MULDER currentlyimplementghefollowing reformulationstrategies,in orderof general
to speci c:

Verb Conversion. For questionswith an auxilliary do-verb and a main verb, the target
sentencss likely to containtheverbin the conjugatedorm ratherthanseparatererbs. For

SA hyperrymis aword whosemeaningdenotesa superordinate,g., animalis a hyperrym of dog. A merorymis
aconcepthatis a partof anotherconceptg.g., knobis amerorym of door.

5The actualqueryis “"+the first American +in space +was" ", following Googles stopword syn-
tax.



example,in “When did Nixon visit China?”, we expectthe target sentencdo be “Nixon
visited China " ratherthan“Nixon did visit China ”. To form the verb “visited”, we
usePc-KiMmMO's word synthesideature.It generatesvordsby combiningthein niti ve of
aword with differentsufx esor pre xes! MULDER formsa querywith the auxilliary and
themainverbreplacedy the conjugatedrerh

Query Expansion. Extendingthe queryvocalulary via a form of queryexpansion[5, 29]
improves MULDER's chancesof nding pageswith an answer For example, with wh-
adjectve questionsuchas“How tall is Mt. Everest?”theanswersnay occurin sentences
suchas“the heightof Everestis  ”. For thesequestionsye useWordNet[22] to nd the
attributenounof theadjectves. MULDER composes new queryby replacingthe adjectve
with its attribute noun. Tight boundsare employed to ensurethat MULDER will not ood
thesearchenginewith too mary queries.

Noun PhraseFormation. Many nounphrasessuchaspropernamesareatomicandshould
notbebrokendown. MULDER getsmorerelevantwebpagesdf it quotestheseentitiesin its
query For example,if onewantsto nd web pageson question-answeringesearchthe
guery“"question answering” " performsbetterthanthe unquotedquery MULDER
implementsthis ideaby composinga querywith quotednon-recursie noun phrasesj.e.,
nounphraseghatdo not containothernounphrases.

Transformation. Transformingthe questioninto equivalentassertiongasillustratedin the
beginning of this section)is a powerful methodfor increasingthe chanceof gettingtarget
sentences.TransformationalGrammar[11, 2] allows MULDER to do this in a principled
manner The grammarde nes conversionrulesapplicableto a sentenceandtheir effects
on the semanticof the sentenceThe following are somesampletransformationsve have
implementedn MULDER:

1. Subject-Aux Movements. For questionswith a singleauxilliary andatrailing phrase
suchasthe American-in-spacejuestion,MULDER canremove the interrogatve and
form two querieswith the phraseplacedin front andafterthe auxilliary, respectiely,
i.e“"was the first American in space" " and“"the first Ameri-

can in space was"".

2. Subject-Verb Movements. If thereis a singleverbin the question,MULDER forms
a query by strippingthe interrogatve, e.g., from “who shotJFK?” MULDER creates
“"shot JFK"”.

Theactualrulesareslightly morecomplicatedn orderto handlecomplex sentencedyut the
essencés thesame.

Sinceonly a subsebf thesetechniquesreapplicableto eachquestionfor eachuserquestion
MULDER's queryformulationmoduleissuesapproximately4 searchenginequerieson average.
We think thisis areasonabléoad onthe searchengine.Section4.4 detailsexperimentghatshowv
thatreformulationsigni cantly improvesMULDER's performance.

“Irregularverbsarehandledspeciallyby Pc-KiMmo, but areonly slightly trickier thantheregulars.



3.4 Search Engine

SinceMULDER depend®nthewebasits knowledgebasethe choiceof searchengineessentially
determinesour scopeof knowledge,andthe methodof retrieving that knowledge. The idiosyn-
crasief the searchenginealsoaffect morethanjust the syntaxof the queries.For example,with
Booleansearchenginesone could issuea queryA AND ( B OR C ), but for searchengines
which do not supportdisjunction,onemustdecompos¢heoriginal queryinto two, A BandA C,
in orderto getthe samesetof pages.

We considered few searchenginecandidatesbut eventuallychoseGoogle. Googlehastwo
overwhelmingadvantage®ver others:it hasthewidestcoverageamongsearchengineqgasof Oc-
tober2000,Googlehasindexed 1.2 billion webpages)andits pagerankingfunctionis unrivaled.
Wider coveragemeansthat MULDER hasa larger knowledgebaseand accesgo moreinforma-
tion. Moreover, with a larger collectionwe have a higherprobability of nding targetsentences.
Googles rankingfunctionhelpsMULDER in two ways. First, Googles rankingfunctionis based
onthe PAGERANK [17] andthe HiTs algorithms[19], which userandomwalk andlink analysis
techniquesespectiely to determinesiteswith higherinformationvalue. This providesMULDER
with a selectionof higherquality pages.SecondGoogles rankingfunctionis alsobasedon the
proximity of words,i.e., if the documenthaskeywordsclosertogethey it will be ranked highet
While this hasno effect on querieswith long phrasesit helpssigni cantly in casesvhenwe have
to rely on keywords.

3.5 Answer Extraction

The answerextractionmoduleis responsibldor acquiringcandidateanswerdrom the retrieved
web pages.In MULDER, answerextractionis a two-stepprocess.First, we extract snippetsof

text that arelikely to containthe answerfrom the pages. Thesesnippetsare called summaries
MULDER ranksthem and selectsthe  best. Next MULDER parsesthe summariesusing the
MEI parserandobtainsphraseof the expectedanswertype. For example,after MULDER has
retrieved pagesfrom the American-in-spaceueries,the summaryextractor obtainsthe snippet
“The rst Americanin spacewas Alan B. Shepard. He madea 15 minute suborbital ight in

the Mercury capsuleFreedom7 on May 5, 1961" WhenMULDER parseghis snippet,it obtains
the following noun phraseswhich becomecandidateanswers:“The rst American”, “Alan B.

Shepard”;'suborbital ight” and“Mercury capsuleFreedomv”.

We implementeda summarymechanisminsteadof extractinganswerdirectly from the web
pagebecausehe latteris very expensve. The MEI parsertakesbetweena half secondfor short
sentence$o threeor morefor longersentencesnakingit impracticalto parseevery sentencen
everywebpageretrieved. Moreover, regionsthatarenot closeto arny querykeywordsareunlikely
to containtheanswer

MULDER's summaryextractoroperatesy locatingtextual regionscontainingkeywordsfrom
thesearchenginequeries.In orderto boundsubsequenparsettime andimprove ef ciency, these
regionsarelimited to at most40 wordsandaredelimitedby sentencéoundariesvhenever possi-
ble. Wetriedlimiting summaries$o asinglesentencehut this heuristicreducedecallsigni cantly.
Thefollowing snippetillustrateswhy multiple sentenceareoftenuseful: “Many peopleaskwho
wasthe rst Americanin space.Theanswelis Alan Shepardvhosesuborbitalight madehistory



in 1961"

After MULDER hasextractedsummariegrom eachweb page,it scoresandranksthem. The
scoringfunctionpreferssummarieshatcontainmoreimportantkeywordswhich arecloseto each
other To determinetheimportanceof a keyword, we usea commonIR metricknown asinverse
documentrequencyIDF), which is de ned by —, where s the sizeof adocumentollection
and isthenumberof documentgontainingtheword. Theideais thatunimportantwords,such
as“the” and"“is”, arein almostall documentsvhile importantwordsoccursparingly To obtain
IDF scoredfor words,we collectedabout100,000documentgrom variousonline eng/clopedias
andcomputedhe IDF scoreof every word in this collection. For unknovn words,we assume
is 1. To measurdow closekeywordsareto eachother MULDER calculateghe square-root-mean
of the distancedetweerkeywords. For example,suppose arethe distancedetween
the keywordsin summary , thenthedistancds

If has keywords,eachwith weight , thenits scoreis givenby:

MULDER selectshebest summariesandparsegshemusingthe MEI parser To reducethe
overall parsetime, MULDER runsmary instance®of the MEI parseron differentmachinesothat
parsingcanbe donein parallel. We alsocreateda quality switchfor the parsey sothat MULDER
cantradequality for time. The parseresultsarethenscannedor the expectedanswertype (noun
phraseshumberspr dates) andthe candidateanswersarecollected.

3.6 Answer Selection

Theanswerselectiormodulepicksthe bestansweramongthe candidatesvith avotingprocedure.
MULDER rst ranksthecandidatesccordingo how closethey areto keywords. It thenperforms
clusteringto groupsimilar answergogetheranda nal ballotis castfor all clustersithe onewith
the highestscorewins. The nal answeris chosenfrom the top candidatein this cluster For
instancesupposeave have 3 answercandidates;Alan B. Shepard”;'Shepard”,and“JohnGlenn”,
eachwith score=2, 1 and2 respectiely. The clusteringwill resultin two groups,onewith “Alan
B. Shepard’and“Shepard’andthe otherwith “JohnGlenn”. Theformeris scored3 andthelatter
2,thusMuULDER would pick the Sheparctlusterasthewinnerandselect‘Alan B. Shepard’asthe
nal answer

MULDER scoresa candidateanswerby its distancefrom the keywordsin the neighborhood,
weightedby how importantthosekeywordsare. Let  represena keyword, ananswerword
and awordthatdoesnotbelongto eithercateyory. Furthermorelet  betheweightof keyword

. Supposene have a string of consecutre keywords on the left side of the answercandidate
beginningat , separatedy unrelatedwords,i.e., , MULDER scores
theansweltby



(the in standdor “Left”.) We computeasimilarscore, , with thesameformula,but with
keywordson theright sideof theanswer The scorefor a candidateas . For certain
typesof querieswe modify this scorewith multipliers. Theanswerdor temporalandwh-adwerb
(when,where)queriesarelikely to occurinside prepositionalphrasesso we raisethe scorefor
answerghat occurundera prepositionalphrase. Sometransformationgxpectthe answerson a
certainside of the query keywords (left or right). For example,the searchenginequery““was
the first American in space" " expectsthe answeron the left side of this phraseso
MULDER rejectspotentialansweron theright side.

After we have assignedscoresto eachcandidateanswey we clustertheminto groups. This
proceduresffectsseveralcorrections:

Reducing noise. Randomphraseghat occur by chanceare likely to be eliminatedfrom
furtherconsideratiorby clustering.

Allowing alternative answers. Many answershave alternatve acceptabldorms. For ex-
ample,“Shepard”,“Alan B. Shepard”,'Alan Shepardareall variationsof the samename.
Clusteringcollectsall of thesedissimilarentriestogetherso thatthey have collective bar
gainingpower andgetselectedasthe nal answer

Separatingfactsfrom ction. Thewebcontainsalot of misinformation.MULDER assumes
thetruthwill prevail andoccurmoreoften,andclusteringembedshisideal.

Our clusteringmechanisms a simpli ed versionof sufx treeclustering[31]. MULDER sim-
ply assighsaanswergshatsharethe samewordsinto the samecluster While acompleteémplemen-
tation of sufx treeclusteringthathandlesphrasesnay give betterperformancehanour simple
algorithm,our experienceshovs word-basealusteringworksreasonablyvell.

After theclustersarecreatedthey arerankedaccordingo the sumof the scoresof theirmem-
beranswersThe memberanswerwith the highestindividual scoreis choserastherepresentative
of eachcluster

The sortedlist of ranked clustersandtheir representatiesaredisplayedasthe nal resultsto
theuser Figure2 shavs MULDER'S responséo the American-in-spaceuestion.

4 Evaluation

In this section,we evaluatethe performanceof MULDER by comparingit with two popularand
highly-regardedvebservicesGoogle(theweb's premiersearclengine)andAskJeees(theweb's
premierQA system).In addition,we evaluatehow differentcomponentgontributeto MULDER'S
performanceSpeci cally, we studythe effectivenesof queryformulation,answerextractionand
thevoting selectionrmechanism.

AskJe@esallows usersto askquestionsn naturallanguagelt looksup the users questionn
its own databas@ndreturnsalist of matchingquestionsvhichit knows how to answer The user
selectghe mostappropriateentryin thelist, andis takento a web pagewherethe answerwill be
found. Its databasef questionsaappeargso be constructednanually thereforethe corresponding
web pagegeliably provide the desiredanswer We alsocompareM ULDER with Google. Google

10



suppliesthe web pagesthat MULDER usesin our currentimplementationrand providesa useful
baselindor comparison.

We begin by de ning variousmetricsof our experimentin section4.1,thenin section4.2 we
describeour testquestionset. In section4.3, we comparethe performanceof MULDER with the
two webserviceonthe TREC-8 questiornset. Finally, in sectiord.4 we investigateheef cacy of
varioussystemcomponents.

4.1 Experimental Methodology

Themaingoalof ourexperimentss to quantitatvely asses$/1 ULDER's performanceelativeto the
baselineprovided by GoogleandAskJe&es. Traditionalinformationretrieval systemsuserecall
andprecisionto measuresystemperformance Supposeve have a documentollection , there
is asubset of this collectionthatis relevantto aquery . Theretrieval systemfetchesa subset

of for . Recallisde nedas—— andprecision——. In otherwords,recallmeasuretion
thoroughthe systemis in locating . Precision,on the otherhand,measurefiow mary relevant
retrieved documentsareamongthe retrieved set,which canbe viewed asa measureof the effort
the userhasto expendto nd therelevantdocuments.For example,if precisionis high then,all
otherthingsbeingequal,the userspenddesstime sifting throughtheirrelevantdocument$o nd
relevantones.

Figure2: MULDER outputfor thequestior‘Who wasthe rst Americanin space?”
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In questionansweringwe cande ne recallasthe percentag®f questionsaansweredorrectly
from thetestset. Precisionon the otherhand,is inappropriateéo measuren this context because
aquestions answereakithercorrectlyor incorrectly® Nonethelessye would still liketo measure
how muchusereffort is requiredto nd theansweynotmerelywhatfractionof thetimeananswer
is available.

To measuraisereffort objectvely acrosghe differentsystemsywe needa metricthatcaptures
or approximatehow muchwork it takesfor the userto reachan answerwhile readingthrough
the resultspresentedy eachsystem. While the true “cognitive load” for eachuseris dif cult
to capture,a naturalcandidatefor measuringusereffort is time; the longerit takesthe userto
reachthe answey the moreeffort is expendedon the users part. However, readingtime depends
on numeroudactors,suchashow fasta personreads,how well the web pagesarelaid out, how
experiencedhe useris with the subject,etc. In addition, obtainingdatafor readingtime would
requireanextensieuserstudy Thus,in our rst investigatiorof thefeasibility of webQA systems,
we choseto measuraisereffort by the numberof wordsthe userhasto readfrom the startof each
systemsresultpageuntil they locatethe rst correctanswer

Naturally, our measureof usereffort is approximate.lt doesnot take into accountpagelay-
out, users'ability to skip text insteadof readingit sequentially differencesn word length, etc.
However, it hastwo importantadvantagesFirst, the metriccanbe computedautomaticallywith-
outrequiringan expensve userstudy Secondjt providesa commonway to measureusereffort
acrosanultiple systemswith very differentuserinterfaces.

We now de ne our metricformally. Theword distancemetriccountshow mary wordsit takes
anidealizeduserto reachthe rst correctanswerstartingfrom thetop of the systems resultpage
andreadingsequentiallyjowardsthebottom. Suppose arethesummaryentriesin the
resultspagereturnedby thesystemand is thewebpagelinkedtoby . Wede ne tobethe
numberof wordsin thetext beforetheanswerIf doesnothavetheansweyrthen isthetotal
numberof wordsin . Finally, let betheindex of the entrywith theanswerthus and are

the r stsnippetanddocumentontainingthe answemrespectely. if theansweis found
in , sincewedonotneedtoview if alreadycontaingheanswer

We now de ne , theword distanceof the rst correctanswer onaresultspage |,
asfollows:

Notethatour word distancemetricfavors Googleand AskJe@esby assuminghatthe useris
ableto determinavhichdocument containgheansweltby readingsnippetsexclusively, allowing
her to skip . On the otherhand, it doesassumethat peoplereadsnippetsand pages
sequentiallywithout skippingor employing ary kind of “speedreading”techniques Overall, we
feel thatthis afair, thoughapproximatemetricfor comparingusereffort acrosshethreesystems
investigated.

8Considera searchenginethatreturnsonehundredresults.In onecasethe correctanswetis thetop-rankedresult
andall otheranswersareincorrect.In theseconccasethe rst fty answersreincorrectandthelast fty arecorrect.
While precisionis much higherin the secondcase,usereffort is minimizedin the rst case. Unlike the caseof
collectingrelevantdocumentsthe valueof repeatinghe correctanswelis minimal.
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| Question | Answer |
Whois the Presidenbf Ghana? Rawlings

Whatis the nameof therareneurologicadiseasavith symptoms| Tourette's Syndrome
suchas: involuntarymovementdtics), swearing.andincoherent
vocalizationggrunts,shoutsetc.)?

How faris Yaroslal from Moscov? 280miles
Whatcountryis the biggestproducerof tungsten? China
Whendid the Jurassideriodend? 144 million yearsago

Tablel: Somesamplequestiongrom TREC-8 with answergprovidedby MULDER.

It is interestingto notethat an averagepersonreads280 words per minute[27], thuswe can
useword distanceo provide aroughestimateof thetime it takesto nd theanswer

4.2 Data Set

For ourtestset,we usethe TREC-8 questiortrackwhich consistf 200question®f varyingtype,
topic, compleity anddif culty . Someexamplequestionsareshovn in Tablel.

In the original questiontrack,eachsystemis providedwith approximately600,000documents
from the TREC-8 documentcollectionasits knowledgebase,andis requiredto supplya ranked
list of candidateanswerdor eachquestion.The scoregivento eachparticipantis basedon where
answersoccurin its lists of candidatesThe scoringproceduras doneby trainedindividuals. All
thequestionsaareguaranteedo have ananswelin thecollection.

We choseTREC-8 asour testsetbecausats questionsare very well-selectedandit allows
ourwork to be put into context with othersystemswhich participatedn thetrack. However, our
experimentdiffer from the TREC-8 questiontrackin four ways. First, MULDER is a QA system
basedntheweb,thereforeve donotusethe TREC-8 documentollectionasourknowledgebase.
Secondpecauseve do not usethe original documentollection,it is possiblethatsomequestions
will not have answers. For example, we spentabout30 minuteswith Googlelooking for the
answero “How muchdid Mercury spendon adwertisingin 1993?”andcouldnot nd ananswer
Third, sincewe do not have theresourceso scoreall of our testrunsmanually we constructedh
list of answerdasedon TREC-8's relevancejudgment le ® andour manualeffort. Furthermore,
someof TREC-8's answerdhadto beslightly modi ed or updated.For example,“How tall is Mt.
Everest?”canbe answereckitherin metersor feet; “Donald Kennedy”"was TREC-8's answerto
“Who is the presidentof StanfordUniversity”, but it is GerhardCasperat the time of writing.*°
Finally, whereasTREC-8 participantsare allowed to returna snippetof x edlengthtext asthe
answer MULDER returnsthe mostpreciseanswemwhene&er possible.

%http://trec.nist.gov/data/qrels _eng/qgrels.trec8.qa.gz
The updated set of questions and answers used in our experiments is publicly available at
http://longinus.cs.washington.edu/m ulder/ trec8 t.qa .
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4.3 Comparisonwith Other Systems

In our rst experiment,we comparethe usereffort requiredto nd the answersn TREC-8 by
usingMULDER, GoogleandAskJe&es.Usereffort is measuredisingword distanceasde nedin
section4.1. At eachword distanceevel, we computethe recall for eachsystem.The maximum
usereffort is boundedat 5000, which representsnore than 15 minutesof readingby a normal
person.To comparethe systemgquantitatvely, we computetotal effort atrecall % by summing
up theusereffort requiredirom 0% recallupto %. Figure3 shavstheresultof this experiment.

TheexperimentshovsthatM UL DER outperformsothAskJe@esandGoogle.MULDER con-
sistentlyrequireslessusereffort to reachan answerthan either systemat every level of recall.
AskJe@eshasthelowestlevel of recall;its maximumis roughly 20%. Googlerequirest.6times
moretotal effort thanM ULDER at 64.5%recall (Googles maximumrecall).

MULDER displayedanimpressve ability to answerquestionsffectively. As gure 3 shaws,
34% of the questionshave the correctanswerastheir top-ranlked result (as comparedwith only
1% for Google.)MULDER's recallrisesto about60%at 1000words. After this point, MULDER'S
recall per unit effort grows linearly at a rate similar to Google. The questiondn this region are
harderto answey and someof the formulatedqueriesfrom transformationglo not retrieve ary
documentshenceM ULDER's performancas similar to thatof Google.MULDER still hasanedge
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Figure3: Recallvs. usereffort: MULDER versusGoogleversusAskJeees. On average,Googlerequires

6.6timesthetotal effort of MULDER, to achieve thesamdevel of recall. AskJeees' performance
is substantiallyworse.
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overGoogle however, dueto phrasedjueriesandanswerextraction. Thelatter Iters outirrelevant
text sothatuserscan nd answersvith MULDER while readingfar lesstext thanthey would using
Google. Finally, MULDER's curve extendsbeyond this graphto about10,000words, endingat
75%.Basedonourlimited testing,we speculatehatof the 25%unanswereduestionsabout10%
cannotbe answerevith pagesndexed by Googleat thetime of writing, andthe remaining15%
requiremoresophisticatedearchstratgies.

From our results,we canalsoseethe limited recall of AskJe&es. This suggestshata search
enginewith agoodrankingfunctionandwide coverageis betterthana non-automate@A system
in answeringjuestions.

4.4 Contributions by Component

Our secondexperimentinvestigateghe contribution of eachcomponeniof MULDER to its per
formance.We compareMULDER to threedifferentvariantsof itself, eachwith a single missing
component:

M ULDER without query formulation (M-QF). We take away the queryformulationmod-
ule andissueonly the questionto the searchengine.
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Figure4: Recallvs. usereffort: MULDER versus3 differentcon gurationsof itself - without query for-

mulation (M-QF), without answerextraction (M-X), and without voting (M-V). Googleis the
baseline.
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System total g%ftg:tel{f/loﬁ_DER
MULDER 1.0
M-V 2.3
M-QF 3.0
M-X 3.8
Google 6.6

Table2: Performancesf MULDER variantsand Googleas multiplesof total effort requiredby MULDER
at64.5%recall. All threeMuULDER variantsperformworsethanMuULDER but betterthanGoogle.
The experimentsuggestshat answerextraction (M-X) is the mostimportant,followed by query
formulation(M-QF) and nally voting (M-V).

M UL DER without answerextraction (M-X) Withoutanswerxtraction,we locateanswers

in this systemusingthe sameapproachwe usedfor Googlein the previous experiment.To

linearizetheresultsretrieved from multiple querieswe orderqueriesin orderof generality

startingfrom themostspeci ¢ query Thenresultsfrom eachqueryareselectedn abreadth-

rst manner To illustrate,suppose isthe resultfromthe query andwe have

gueries.Theorderwould be andsoon.  wouldbethe
resultfrom the original unformulatedjuery sinceit is themostgeneral.

MULDER without voting (M-V) In this system,we replacevoting by a simple scheme:
it assignscandidateanswerghe samescoregivento the summariegrom which they were
extractedfrom.

In addition,we includedGoogleasa baselinefor comparison.As in the rst experiment,we
comparehe systemsperformancen recallandusereffort. Figure4 illustratestheresults.

Figure4 shaws thatat all recalllevels, systemswith missingcomponentgerformworsethan
MULDER, but betterthanGoogle. Amongthem,M-V appeargo performbetterthanM-QF, and
M-X trails both. Table 2 shows total usereffort for eachsystemas a multiple of MULDER'S
at 64.5%recall, Googles maximum. The numberssuggesthat answerextractionis the most
important,followedby queryformulation,andvoting least. Answerextractionplaysa majorrole
in distilling text which saresusersa lot of time. Queryformulationhelpsin two ways: rst, by
forming querieswith alternatve wordsthat improve the chanceof nding answers;second by
gettingto the relevant pagessooner The positive effects of queryformulationcanalsobe seen
with the improvementin M-X over Google;we expectthis effect to be much more pronounced
with otherlessimpressie searchengines,suchasAltaVistal! andInktomi.? Finally, voting is
thelastelementhatenhanceanswerextraction. Withoutvoting, M-V only reached 7% recallat
effort O; with voting, thenumberis doubled.It is howeverlesseffective after 1500words,because
it becomedlif cult to nd ary correctansweratthatpoint.

Uhttp://www.altavista.com
Phttp://www.inktomi.com . Inktomi powers web sites such as http://www.hotbot.com and
http://www.snap.com
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5 Relatedwork

Although questionansweringsystemshave a long historyin Arti cial Intelligence previous sys-
temshave usedprocessedr highly-editedknowledgebasege.g.,subject-relation-objedtiples[18],
editedlists of frequentlyasked questiong6], setsof newvspaperarticles[16], and an eng/clo-

pedia[20]) astheir foundation. As far aswe know, MULDER is the rst automatedjuestion-
answeringsystemthat usesthe full web as its knowledgebase. AskJe&es™ is a commercial
servicethat provides a naturallanguagequestioninterfaceto the web, but it relieson hundreds
of humaneditorsto map betweenquestiontemplatesand authoritatve sites. The Webclopedia
project* appeardo be attackingthe sameproblemas MULDER, but we areunableto nd ary

publicationsfor this systemandfrom the absencef afunctioningwebinterface,it appeardo be

still in active development.

START [18] is oneof the rst QA systemswith a webinterface,having beenavailablesince
1993. Focussedn questionsaboutgeographyandthe MIT InfoLab, START usesa precompiled
knowledgebasein the form of subject-relation-objedtiples,andretrievesthesetuplesat runtime
to answemuestionsOur experiencewith the systemsuggestshatits knowledgeis ratherlimited,
e.g., it failson simplequeriessuchas“What is the third highestmountainin the world?”

TheseminaMURAX [20] usesaneng/clopediaasa knowledgebasen orderto answelttrivia-
type questionsMURAX combinesa Booleansearchenginewith ashallov parserto retrieverele-
vantsectionof theeng/clopediaandto extractpotentialanswersThe nal answelis determined
by investigatinghe phrasakelationshipsetweenvordsthatappeaiin the question. Accordingto
its authorMURAX' sweakperformancestemdsrom thefactthatthevectorspacemodelof retrieval
is insufcient for QA, atleastwhenappliedto alarge corpuslike aneng/clopedia.

RecentlyUsenetrAQ les (collectionsof frequentlyasked questionsandanswersconstructed
by humanexperts)have becomea popularchoiceof knowledgebase pecause¢hey aresmall,cover
a wide variety of topics,andhave high content-to-noiseatio. Auto-FAQ [30] wasan early sys-
tem, limited to a few FAQ les. FAQFinder[6] is a more comprehensie systemwhich usesa
vectorspacelR engineto retrieve a list of relevant FAQ les from the question. After the user
selectsa FAQ le from thelist, the systemproceedgo usequestionkeywordsto nd aquestion-
answerpairin the FAQ le thatbestmatcheghe users question.Questionmatchingis improved
by usingWordNet[22] hyperrymsto expandthe possiblekeywords. Anothersystem[25] uses
priority keyword matding to improve retrieval performance Keywordsaredividedinto different
classeglependingon theirimportanceandarescoreddifferently. Variousmorphologicalandlex-
ical transformationgrealsoappliedto wordsto improve matching.MULDER usesa similaridea
by applyingIDF scoredo estimatetheimportanceof words.

Therearealsomary nev QA systemsspavning from the TREC-8 QA competition[28], the
1999 AAAIl Fall Symposiumon QuestionAnswering[10] andthe MessagdJnderstandingCon-
ferencegl]. Sincethe TREC-8 competitionprovidesarelatively controlledcorpusfor information
extraction,the objectvesandtechniquesisedby thesesystemsaresomevhatdifferentfrom those
of MULDER. Indeed,mostTREC-8 systemsisesimple,keyword-basedetrieval mechanisman-
steadfocussingon techniquedo improve the accurag of answerextraction. While effective in
TREC-8, suchmechanismglo not scalewell to the weh Furthermore thesesystemshave not

Bhittp://www.ask.com
Yhttp://www.isi.edu/natural-language/pr oject s/web cloped ia/
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addressedhe problemsof noiseor incorrectinformationwhich plaguetheweh A lot of com-
mon techniquesare sharedamongthe TREC-8 systemsmost notably a questionclassi cation
mechanismandname-entitytagging.

Questiorclassi cationmethodsanalyzea questionin orderto determinavhattype of informa-
tion is beingrequestedothatthe systemmay betterrecognizeananswer Many systemsle ne a
hierarchyof answertypes,andusethe rst few wordsof the questionto determinewhattype of
answerit expects(suchas [23, 26]). However, building a completequestiontaxonomyrequires
excessve manualeffort andwill not cover all possiblecases.For instance what questionscan
be associatedvith mary nounsubjects,suchaswhat height what currencyandwhat membes.
Thesesubjectscanalsooccurin mary positionsin the question.n contrastMULDER usesa sim-
ple questionwh-phrasematchingmechanisnwith combinedlexical and semanticprocessingo
classifythe subjectof the questiorwith highaccurag.

Name-entity(NE) taggingassociates phraseor a word with its semantics. For example,
“Africa” is associateavith “country”, “John” with “person”and“1.2 inches”with “length”. Most
of the NE taggersaretrainedon a taggedcorpususingstatisticallanguageprocessindechniques,
andreportrelatively highaccurag [4]. QA systemaisetheNE taggeito tagphrasesn thequestion
aswell astheretrieveddocumentsThe numberof candidateanswersanbegreatlyreducedf the
systemonly selectsanswerghathave therequiredtagtype. Many systemseportfavorableresults
with NE tagging,e.g. [26]. We believe aNE taggemwould beausefuladditionto MULDER, but we
alsobelieve a QA systemshouldnot rely too heavily on NE tagging,asthe numberof new terms
changesandgrows rapidly ontheweh

Relationshipsetweenvordscanbea powerful mechanisnto recover answersAs mentioned
previously, the START systemusessubject-relation-objeaklationships.CL Researcls QA sys-
tem[24] parsesll sentencefrom retrieved documentandforms semantiaelationtriples which
consistof adiscourseentity, a semantiaelationthatcharacterizethe entity's role in the sentence,
anda governingword to which the entity standsin the semanticrelation. Anothersystem,de-
scribedby Harabagiu[15], achievesrespectableesultsfor TREC-8 by reasoningwith linkages
betweenwords,which areobtainedrom its dependengbasedstatisticalparsef[12]. Harabagius
systemrst parseshequestionandtheretrieveddocumentsnto word linkages.It thentransforms
theselinkagesinto logical forms. The answeris selectedusingan inferenceprocedure supple-
mentedby anexternalknowledgebase We believe mechanismsef this typewould bevery useful
in reducingthe numberof answercandidatesn MULDER.

6 Futurework

Clearly, we needsubstantiallymoreexperimentalevaluationto validateM ULDER's strongperfor
mancen ourinitial experimentsWe planto compareM ULDER againstdditionalsearchservices,
andagainsttraditionaleng/clopedias.In addition,we planto evaluateM ULDER usingadditional
guestionsetsand additionalperformancemetrics. We planto conductcontrolleduserstudiesto
gaugetheutility of MULDER to webusers Finally, aswe have donewith previousresearclproto-
types,we planto gatherdataon the performancef thedeployedversionof MULDER in practice.

Many challengesemainaheadof MULDER. Our currentimplementatiorutilizeslittle of the
semantia@andsyntacticinformationavailableduringanswerextraction. We believe our recall will
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be muchhigherif thesefactorsaretakeninto consideration.

Thereare mary elementghat candeterminethe truth of an answer For example,the last-
modi ed information from web pagescantell us how recentthe pageandits answeris. The
authorityof apageis alsoimportant,sinceauthoritatve sitesarelik ely to have bettercontentsand
more accurateanswers.In future versionsof MULDER we may incorporatetheseelementsnto
our answerselectionrmechanism.

We arealsoimplementingour own searctengine andplanto integrateM UL DER with its index.
We expectthatanevaluationof thebestdatastructureandintegratedalgorithmswill providemary
challenges.Therearemary adwantagego alocal searchengine,the mostohbviousbeingreduced
network latenciedor queryingandretrieving web pages We may alsoimprove theef ciency and
accuray for QA with analyse®f alargedocumentollection.Onedisadwantageof ahome-gravn
searchengineis our smallercoverage sincewe do not have theresource®f a commerciakearch
engine.However, with focussedvebcrawling technique$7], we maybeableto obtainavery high
quality QA knowledgebasewith our limited resources.

7 Conclusion

In this papemwe setoutto investigatavhetherthe question-answeringgchniquestudiedin classi-
calinformationretrieval canbe scaledio theweh While additionalwork is necessaryo optimize
the systemso thatit cansupporthigh workloadswith fastresponsegur initial experiments(re-
portedin Section4) areencouragingOur centralcontributionsarethe following:

We elded http://mulder.cx ,the rst general-purposéully-automatedjuestion-answering

systemavailableontheweh

MULDER is basedon a novel architecturethat combinesinformationretrieval ideaswith
thoseof statisticalnaturallanguageprocessinglexical analysis,queryformulation,answer
extraction,andvoting.

We performedan ablationexperimentwhich shoved that eachmajor componenof MuL-
DER (queryformulation,answerextraction,andvoting) contributedto the systems overall
effectiveness.

We conductecempiricalexperimentswhich shovedthat MULDER reducedusereffort by a
factorof 6.6 whencomparedvith Google. We alsodemonstrated three-foldadvantagean
recallwhencomparingour fully-automatedV UL DER systemwith themanually-constructed
AskJewes.

Ourwork is asteptowardstheultimategoalof usingthewebasa comprehensie, self-updating
knowledgerepositorythat canbe automaticallyminedto answera wide rangeof questionswith
muchlesseffort thanis requiredfrom usersanteractingwith today's searcrengines.
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