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Abstract

The wealthof informationon the web makes it an attractive resourcefor seekingquick
answerstosimple,factualquestionssuchas“who wasthe�rst Americanin space?”or “what is
thesecondtallestmountainin theworld?” Yettoday'smostadvancedwebsearchservices(e.g.,
GoogleandAskJeeves)make it surprisinglytediousto locateanswersto suchquestions.In
this paper, we extendquestion-answeringtechniques,�rst studiedin the informationretrieval
literature,to thewebandexperimentallyevaluatetheirperformance.

First we introduceMULDER, which we believe to be the �rst general-purpose,fully-
automatedquestion-answeringsystemavailableon theweb. Second,we describeMULDER's
architecture,which relieson multiple search-enginequeries,natural-languageparsing,anda
novel voting procedureto yield reliableanswerscoupledwith high recall. Finally, we com-
pareMULDER's performanceto that of GoogleandAskJeeveson questionsdrawn from the
TREC-8questiontrack. We �nd that MULDER's recall is morethana factorof threehigher
thanthatof AskJeeves.In addition,we �nd thatGooglerequires6.6timesasmuchusereffort
to achieve thesamelevel of recallasMULDER.

1 Intr oduction and Moti vation

While websearchenginesanddirectorieshavemadeimportantstridesin recentyears,theproblem
of ef�ciently locatinginformationon theweb is far from solved. This paperempirically investi-
gatesthe problemof scalingquestion-answeringtechniques,studiedin the informationretrieval
andinformationextractionliterature[1, 16], to theweb. Canthesetechniques,previouslyexplored
in the context of muchsmallerandmorecarefully structuredcorpora,be extendedto the web?
Will aquestion-answeringsystemyield bene�t whencomparedto cutting-edgecommercialsearch
enginessuchasGoogle1?

1http://www.google.com
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Ourfocusis onfactualquestionssuchas“what is thesecondtallestmountainin theworld?” or
“who wasthe�rst Americanin space?”While this speciesof questionsrepresentsonly a limited
subsetof the queriesposedto web searchengines,it presentsthe opportunity to substantially
reducethe amountof usereffort requiredto �nd the answer. Insteadof forcing the userto sift
throughalist searchengine“snippets”andreadthroughmultiplewebpagespotentiallycontaining
theanswer, ourgoalis to developasystemthatconciselyanswers“K-2” or “Alan Shepard”(along
with theappropriatejusti�cation) in responseto theabovequestions.

As a steptowardsthis goal, this paperintroducesthe MULDER webquestion-answeringsys-
tem. We believe that MULDER is the �rst general-purpose,fully-automatedquestion-answering
systemavailableon the web.2 The commercialsearchengineknown asAskJeeves3 respondsto
natural-languagequestionsbut its recall is very limited (seeSection4) suggestingthat it is not
fully automated.

To achieve its broadscope,MULDER automaticallysubmitsmultiple querieson the user's
behalfto asearchengine(Google)andextractsits answersfrom theengine'soutput.Thus,MUL-
DER is aninformationcarnivore in thesensedescribedin [13]. MULDER utilizesseveralnatural-
languageparsersandheuristicsin orderto returnhigh-qualityanswers.

Theremainderof this paperis organizedasfollows. Section2 providesbackgroundinforma-
tion onquestion-answeringsystemsandconsidertherequirementsfor scalingthisclassof systems
to theweb. Section3 describesMULDER andits architecture.Section4 comparesMULDER's per-
formanceexperimentallywith thatof AskJeevesandGoogle,andalsoanalyzesthecontributionof
eachof MULDER's key componentsto its performance.We concludewith a discussionof related
andfuturework.

2 Background

A questionanswering(QA) systemprovidesdirect answersto userquestionsby consultingits
knowledgebase.Sincethe earlydaysof arti�cial intelligencein the60's, researchershave been
fascinatedwith answeringnaturallanguagequestions.However, thedif�culty of naturallanguage
processing(NLP) haslimited thescopeof QA to domain-speci�cexpertsystems.

In recentyears,thecombinationof webgrowth, improvementsin informationtechnology, and
theexplosive demandfor betterinformationaccesshasreignitedtheinterestin QA systems.The
availability of hugedocumentcollections(e.g., the web itself), combinedwith improvementsin
informationretrieval (IR) andNLP techniques,hasattractedthedevelopmentof a specialclassof
QA systemsthatanswersnaturallanguagequestionsby consultingarepositoryof documents[16].
TheHoly Grail for thesesystemsis, of course,answeringquestionsover theweb. A QA system
utilizing this resourcehasthe potentialto answerquestionsof a wide variety of topics,andwill
constantlybekeptup-to-datewith thewebitself. Therefore,it makessenseto build QA systems
thatcanscaleup to theweb.

In thefollowing sections,welook at theanatomyof QA systems,andwhatchallengestheweb
posesfor them.We thende�ne whatis requiredof aweb-basedQA system.

2Seehttp://mulder.cx for a prototype
3http://www.ask.com
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2.1 Componentsof a QA system

An automatedQA systembasedon a documentcollectiontypically hasthreemain components.
The �rst is a retrieval enginethatsitson top of thedocumentcollectionandhandlesretrieval re-
quests.In thecontext of web,this is asearchenginethatindexeswebpages.Thesecondis aquery
formulationmechanismthat translatesnatural-languagequestionsinto queriesfor the IR engine
in orderto retrieverelevantdocumentsfrom thecollection,i.e., documentsthatcanpotentiallyan-
swerthequestion.Thethird component,answerextraction, analysesthesedocumentsandextracts
answersfrom them.

2.2 Challengesof the Web

Although the web is full of information, �nding the factssometimesresemblespicking needles
from ahaystack.Thefollowing arespeci�c challengesof thewebto anautomatedQA system:

� Forming the right queries. Given a question,translatingit into a searchenginequery is
not a trivial task. If thequeryis too general,too many documentsmayberetrievedandthe
systemwould not have enoughresourcesto scanthroughall of them. If the query is too
speci�c, no pagesareretrieved. Gettingtheright setof pagesis crucial in dealingwith the
web.

� Noise.Sometimesevenwith theright setof keywords,thesystemmaystill retrieve a lot of
pagesthattalk aboutsomethingelse.For example,weissuedthequeryfirst american
in space to Google,andreceived resultsaboutthe �rst Americanwomanin spaceand
the�rst Americanto votefrom space.TheQA systemhasto betolerantof suchnoiseor it
will becomeconfusedandgive incorrectanswers.

� Factoids. By far theworstscenariofor a QA systemis �nding falsehoods.AdvancedNLP
techniquesin thefuturemayallow usto �nd answers90%of thetime,but if theknowledge
is incorrectthenthe answeris still invalid. Sometimessuchfactoidsarehumanerrorsor
lies, but not always. For example,oneof thesitesreturnedby Googlestated“John Glenn
was the �rst Americanin space”,which is false. However, the site is labeled“Common
misconceptionsin Astronomy”.Suchsentencescancausealot of headachesfor QA systems.

� Resourcelimitations. Searchengineshavebeenimproving steadilyandarefasterthanever,
but it is still verytaxingto issueafew dozenqueriesin orderto answereachquestion.A QA
systemhasto make intelligentdecisionson which queriesto try insteadof blindly issuing
combinationsof words.OnlineinteractiveQA 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.
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3 The M UL DER WebQA system

Figure1 showsthearchitectureof MULDER. Theuserbeginsby askingthequestionin naturallan-
guagefrom MULDER's webinterface.MULDER thenparsesthequestionusinganatural language
parser (section3.1),which constructsa treeof thequestion's phrasalstructure.Theparsetreeis
givento theclassi�er (section3.2)whichdeterminesthetypeof answerto expect.Next, thequery
formulator(section3.3)usestheparsetreeto translatethequestioninto a seriesof searchengine
queries.Thesequeriesareissuedin parallelto thesearch engine(section3.4),which fetchesweb
pagesfor eachquery. Theanswerextractionmodule(section3.5)extractsrelevantsnippetscalled
summariesfrom thewebpages,andgeneratesalist of possiblecandidateanswersfrom thesesnip-
pets.Thesecandidatesaregivento theanswerselector(section3.6) for scoringandranking;the
sortedlist of answers(presentedin thecontext of their respective summaries)is displayedto the
user.

Thefollowing sectionsdescribeeachcomponentin detail.

user


Search

Engine


?

Question Classification


Link

Parser


Classification

Rules


+


Query Formulation


Query

Formulation


Rules


(only rules applicable

to the question will


be triggered)


WordNet


Transformational

Grammar


Quote Noun

Phrases


PC-

Kimmo


web

pages


?


?


?


?


search

engine

queries


parse

tree


parse

tree


links


answer

type


Answer Extraction


Find

phrases


with

Matching


Type


Summary

Extraction


+

Scoring


summaries


parse

trees


Answer Selection (Voting)


Final

Ballot


Scoring

answers


?
?


?

Clustering


?


clusters

?


candidate

answers


?
?


PC-

Kimmo


MEI

Parser


+


Final

answer


Question


?


?
Original

Question


IDF

score


database


NLP

Parser


NLP

Parser


NLP

Parser


NLP

Parser


NLP

Parser


Legend

rectangles - components implemented by us


rounded rectangles - third party components


Figure1: Architectureof MULDER
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3.1 QuestionParsing

In contrastto traditionalsearchengineswhich treatqueriesasa setof keywords,MULDER parses
the user's questionto determineits syntacticstructure. As we shall see,knowing the structure
of thequestionallows MULDER to formulatethequestioninto severaldifferentkeyword queries
whicharesubmittedto thesearchenginein parallel,thusincreasingrecall.Furthermore,MULDER

usesthequestion's syntacticstructureto betterextractplausibleanswersfrom thepagesreturned
by thesearchengine.

Naturallanguageparsingis amature�eld with adecades-longhistory, sowechoseto adoptthe
bestexisting parsingtechnologyratherthanroll our own. Today's bestparsersemploy statistical
techniques[12, 8]. Theseparsersaretrainedonataggedcorpus,andthey uselearnedprobabilities
of wordrelationshipsto guidethesearchfor thebestparse.TheMaximumEntropy-Inspired(MEI)
parser[9] is oneof thebestof this breed,andsowe integratedit into MULDER. Theparserwas
trainedon thePennWall StreetJournaltree-bank[21] sections

�������

.

Ouroverall experiencewith theparserhasbeenpositive,but initially wediscoveredtwo prob-
lems.First,dueto its limited trainingsettheparserhasa restrictedvocabulary. Second,whenthe
parserdoesnot know a word, it attemptsto make educatedguessesfor theword's part-of-speech.
This increasesits searchspace,andslows down parsing.4 In addition, the guessescanbe quite
bad.In oneinstance,theparsertaggedtheword “tungsten”asacardinalnumber. To remedyboth
of theseproblems,we integrateda lexical analyzercalled PC-K IMMO [3] into the MEI parser.
Lexical analysisallows MULDER to tag previously unseenwords. For example,MULDER does
not know theword “neurological”,but by breakingdown theword into theroot “neurology” and
thesuf�x “-al”, it knows theword is an adjective. WhentheMEI parserdoesnot know a word,
MULDER usesPC-K IMMO to recognizeandtag the part-of-speechof the word. If PC-K IMMO

alsodoesnotknow thewordeither, weadopttheheuristicof taggingthewordasapropernoun.

MULDER's combinationof MEI/PC-K IMMO andnoundefaulting is ableto parseall TREC-8
questionscorrectly.

3.2 QuestionClassi�er

Questionclassi�cation allows MULDER to narrow the numberof candidateanswersduring the
extractionphase.Our classi�er recognizesthreetypesof questions:nominal,numericalandtem-
poral,which correspondto nounphrase,number, anddateanswers.This simplehierarchymakes
classi�cationaneasytaskandoffersthepotentialof veryhighaccuracy. It alsoavoidsthedif�cult
processof designingacompletequestionontologywith manually-tunedanswerrecognizers.

Most naturalquestionscontaina wh-phrase, which consistsof the interrogative word andthe
subsequentwordsassociatedwith it. TheMEI parserdistinguishesfour maintypesof wh-phrases,
andMULDER makesuseof this type informationto classifythequestion.Wh-adjective phrases,
suchas“how many” and“how tall”, containanadjective in additionto thequestionwords.These
questionsinquire aboutthe degreeof somethingor someevent,andMULDER classi�es themas
numerical. Wh-adverb phrasesbegin with single questionwords suchas “where” or “when”.

4While speedis not a concernfor shortquestions,longerquestionscantake a few secondsto parse.We alsouse
theparserextensively in theanswerextractionphaseto parselongersentences,wherespeedis a very importantissue.
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We usethe interrogative word to �nd thequestiontype,e.g., “when” is temporaland“where” is
nominal. Wh-nounphrasesusuallybegin with “what”, andthe questionscanlook for any type
of answer. For example,“what height” looks for a number, “what year” a date,and“what car” a
noun.Weusetheobjectof theverbin thequestionto determinethetype.To �nd theobjectof the
verb,MULDER usestheLink parser[14]. TheLink parseris differentfrom theMEI parserin that
it outputsthesentenceparsein theform of therelationshipsbetweenwords(calledlinks) instead
of a treestructure.MULDER usestheverb-objectlinks to �nd theobjectin thequestion.MULDER

thenconsultsWordNet[22] to determinethe type of the object. WordNetis a semanticnetwork
containingwordsgroupedinto setscalledsynsets. Synsetsare linked to eachotherby different
relations,suchassynonyms,hypernymsandmeronyms5 To classifytheobjectword, we traverse
thehypernymsof theobjectuntil we �nd thesynsetsof “measure”or “time”. In theformercase,
weclassifythequestionasnumerical,andin thelattercasetemporal.Sometimesawordcanhave
multiple senses,andeachsensemayleadto a differentclassi�cation,e.g., “capital” canbea city
or a sumof money. In suchcasesweassumethequestionis nominal.Finally, if thequestiondoes
notcontainawh-phrase(e.g., “Namea �lm thathaswontheGoldenBearaward ����� ”), weclassify
it asnominal.

3.3 Query Formulation

The query formulationmoduleconverts the questioninto a setof keyword queriesthat will be
sentto thesearchenginefor parallelevaluation.MULDER hasa goodchanceof successif it can
guesshow the answermay appearin a target sentence, i.e. a sentencethat containsthe answer.
We believe this strategy works especiallywell for questionsrelatedto commonfacts,because
thesefactsarereplicatedacrossthewebon many differentsites,which makesit highly probable
that someweb pagewill containour formulatedphrase. To illustrate,onecan �nd the answer
to our American-in-spacequestionby issuingthephrasequery“"The first American in
space was" ”.6 Whengiventhis query, Googlereturns34 pages,andmostof themsay“The
first American in space was Alan Shepard ,” with variationsof Shepard's name.

A secondinsightbehindMULDER's queryformulationmethodis theideaof varyingthespeci-
�city of thequery. Themostgeneralquerycontainsonly themostimportantkeywordsfrom the
user'squestion,while themostspeci�c queriesarequotedpartialsentences.Longerphrasesplace
additionalconstraintson the the query, increasingprecision,but reducingthe numberof pages
returned.If theconstraintis too great,thenno pageswill bereturnedat all. A priori it is dif�cult
to know theoptimalpoint on thegenerality/speci�citytradeoff, henceourdecisionto try multiple
pointsin parallel;if a longphrasequeryfails to return,MULDER canfall backonthemorerelaxed
queries.MULDER currentlyimplementsthefollowing reformulationstrategies,in orderof general
to speci�c:

� Verb Conversion. For questionswith an auxilliary do-verb and a main verb, the target
sentenceis likely to containtheverbin theconjugatedform ratherthanseparateverbs.For

5A hypernym is a word whosemeaningdenotesa superordinate,e.g., animalis a hypernym of dog. A meronym is
a conceptthatis a partof anotherconcept,e.g., knobis ameronym of door.

6Theactualqueryis “ "+the first American +in space +was" ”, following Google's stopword syn-
tax.
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example,in “When did Nixon visit China?”,we expect the target sentenceto be “Nixon
visited China ����� ” ratherthan“Nixon did visit China � ��� ”. To form theverb “visited”, we
usePC-K IMMO's word synthesisfeature.It generateswordsby combiningthe in�niti veof
a word with differentsuf�x esor pre�xes.7 MULDER formsa querywith theauxilliary and
themainverbreplacedby theconjugatedverb.

� Query Expansion. Extendingthequeryvocabulary via a form of queryexpansion[5, 29]
improves MULDER's chancesof �nding pageswith an answer. For example,with wh-
adjectivequestionssuchas“How tall is Mt. Everest?”,theanswersmayoccurin sentences
suchas“the heightof Everestis ����� ”. For thesequestions,we useWordNet[22] to �nd the
attributenounof theadjectives.MULDER composesanew queryby replacingtheadjective
with its attributenoun. Tight boundsareemployed to ensurethat MULDER will not �ood
thesearchenginewith too many queries.

� Noun PhraseFormation. Many nounphrases,suchaspropernames,areatomicandshould
not bebrokendown. MULDER getsmorerelevantwebpagesif it quotestheseentitiesin its
query. For example,if onewantsto �nd web pageson question-answeringresearch,the
query“"question answering" ” performsbetterthantheunquotedquery. MULDER

implementsthis ideaby composinga querywith quotednon-recursive nounphrases,i.e.,
nounphrasesthatdo notcontainothernounphrases.

� Transformation. Transformingthequestioninto equivalentassertions(asillustratedin the
beginningof 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 sentence,andtheir effects
on thesemanticsof thesentence.Thefollowing aresomesampletransformationswe have
implementedin MULDER:

1. Subject-Aux Movements.For questionswith a singleauxilliary anda trailing phrase
suchas the American-in-spacequestion,MULDER canremove the interrogative and
form two querieswith thephraseplacedin front andafter theauxilliary, respectively,
i.e.“ "was the first American in space" ” and“"the first Ameri-
can in space was" ”.

2. Subject-Verb Movements. If thereis a singleverb in the question,MULDER forms
a queryby strippingthe interrogative, e.g., from “who shotJFK?” MULDER creates
“"shot JFK" ”.

Theactualrulesareslightly morecomplicatedin orderto handlecomplex sentences,but the
essenceis thesame.

Sinceonly a subsetof thesetechniquesareapplicableto eachquestion,for eachuserquestion
MULDER's queryformulationmoduleissuesapproximately4 searchenginequerieson average.
We think this is a reasonableloadon thesearchengine.Section4.4detailsexperimentsthatshow
thatreformulationsigni�cantly improvesMULDER's performance.

7Irregularverbsarehandledspeciallyby PC-K IMMO, but areonly slightly trickier thantheregulars.
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3.4 Search Engine

SinceMULDER dependson thewebasits knowledgebase,thechoiceof searchengineessentially
determinesour scopeof knowledge,andthe methodof retrieving that knowledge. The idiosyn-
crasiesof thesearchenginealsoaffectmorethanjust thesyntaxof thequeries.For example,with
Booleansearchenginesonecould issuea queryA AND ( B OR C ) , but for searchengines
whichdonotsupportdisjunction,onemustdecomposetheoriginalqueryinto two, A B andA C,
in orderto getthesamesetof pages.

We considereda few searchenginecandidates,but eventuallychoseGoogle.Googlehastwo
overwhelmingadvantagesoverothers:it hasthewidestcoverageamongsearchengines(asof Oc-
tober2000,Googlehasindexed1.2billion webpages),andits pagerankingfunctionis unrivaled.
Wider coveragemeansthat MULDER hasa larger knowledgebaseandaccessto moreinforma-
tion. Moreover, with a largercollectionwe have a higherprobabilityof �nding targetsentences.
Google's rankingfunctionhelpsMULDER in two ways.First,Google's rankingfunctionis based
on the PAGERANK [17] andthe HITS algorithms[19], which userandomwalk andlink analysis
techniquesrespectively to determinesiteswith higherinformationvalue.This providesMULDER

with a selectionof higherquality pages.Second,Google's rankingfunction is alsobasedon the
proximity of words,i.e., if the documenthaskeywordsclosertogether, it will be ranked higher.
While thishasno effecton querieswith longphrases,it helpssigni�cantly in caseswhenwehave
to rely on keywords.

3.5 Answer Extraction

The answerextractionmoduleis responsiblefor acquiringcandidateanswersfrom the retrieved
web pages. In MULDER, answerextraction is a two-stepprocess.First, we extract snippetsof
text that are likely to containthe answerfrom the pages.Thesesnippetsarecalledsummaries;
MULDER ranksthem and selectsthe

�

best. Next MULDER parsesthe summariesusing the
MEI parserandobtainsphrasesof the expectedanswertype. For example,after MULDER has
retrieved pagesfrom the American-in-spacequeries,the summaryextractorobtainsthe snippet
“The �rst Americanin spacewas Alan B. Shepard. He madea 15 minute suborbital�ight in
theMercurycapsuleFreedom7 on May 5, 1961.” WhenMULDER parsesthis snippet,it obtains
the following nounphrases,which becomecandidateanswers:“The �rst American”, “Alan B.
Shepard”,“suborbital�ight” and“Mercury capsuleFreedom7”.

We implementeda summarymechanisminsteadof extractinganswersdirectly from theweb
pagebecausethe latter is very expensive. TheMEI parsertakesbetweena half secondfor short
sentencesto threeor morefor longersentences,makingit impracticalto parseevery sentenceon
everywebpageretrieved.Moreover, regionsthatarenotcloseto any querykeywordsareunlikely
to containtheanswer.

MULDER's summaryextractoroperatesby locatingtextual regionscontainingkeywordsfrom
thesearchenginequeries.In orderto boundsubsequentparsertime andimproveef�ciency, these
regionsarelimited to atmost40 wordsandaredelimitedby sentenceboundarieswheneverpossi-
ble. Wetriedlimiting summariesto asinglesentence,but thisheuristicreducedrecallsigni�cantly.
Thefollowing snippetillustrateswhy multiple sentencesareoftenuseful: “Many peopleaskwho
wasthe�rst Americanin space.Theansweris Alan Shepardwhosesuborbital�ight madehistory
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in 1961.”
After MULDER hasextractedsummariesfrom eachwebpage,it scoresandranksthem. The

scoringfunctionpreferssummariesthatcontainmoreimportantkeywordswhicharecloseto each
other. To determinethe importanceof a keyword, we usea commonIR metricknown asinverse
documentfrequency(IDF), which is de�ned by

�

��� , where
�

is thesizeof a documentcollection
and ��� is thenumberof documentscontainingtheword. Theideais thatunimportantwords,such
as“the” and“is”, arein almostall documentswhile importantwordsoccursparingly. To obtain
IDF scoresfor words,we collectedabout100,000documentsfrom variousonlineencyclopedias
andcomputedtheIDF scoreof every word in this collection.For unknown words,we assume���

is 1. To measurehow closekeywordsareto eachother, MULDER calculatesthesquare-root-mean
of thedistancesbetweenkeywords.For example,suppose���
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MULDER selectsthebest
�

summariesandparsesthemusingtheMEI parser. To reducethe
overall parsetime, MULDER runsmany instancesof theMEI parseron differentmachinessothat
parsingcanbedonein parallel. We alsocreateda quality switchfor theparser, sothatMULDER

cantradequality for time. Theparseresultsarethenscannedfor theexpectedanswertype(noun
phrases,numbers,or dates),andthecandidateanswersarecollected.

3.6 Answer Selection

Theanswerselectionmodulepicksthebestansweramongthecandidateswith avotingprocedure.
MULDER �rst ranksthecandidatesaccordingto how closethey areto keywords.It thenperforms
clusteringto groupsimilar answerstogether, anda �nal ballot is castfor all clusters;theonewith
the highestscorewins. The �nal answeris chosenfrom the top candidatein this cluster. For
instance,supposewehave3 answercandidates,“Alan B. Shepard”,“Shepard”,and“JohnGlenn”,
eachwith scores2, 1 and2 respectively. Theclusteringwill resultin two groups,onewith “Alan
B. Shepard”and“Shepard”andtheotherwith “JohnGlenn”. Theformeris scored3 andthelatter
2, thusMULDER wouldpick theShepardclusterasthewinnerandselect“Alan B. Shepard”asthe
�nal answer.

MULDER scoresa candidateanswerby its distancefrom the keywordsin the neighborhood,
weightedby how importantthosekeywordsare. Let )* representa keyword, +� an answerword
and ,
 awordthatdoesnotbelongto eithercategory. Furthermore,let �- betheweightof keyword

). . Supposewe have a string of consecutive keywordson the left sideof the answercandidate
beginningat +�� , separatedby / unrelatedwords,i.e., )��

�����
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(the
�

in
7 8

standsfor “Left”.) Wecomputeasimilarscore,
7��

, with thesameformula,but with
keywordson theright sideof theanswer. Thescorefor a candidateis / +��

� 7 8

	

7��

� . For certain
typesof queries,we modify this scorewith multipliers. Theanswersfor temporalandwh-adverb
(when,where)queriesarelikely to occur insideprepositionalphrases,so we raisethe scorefor
answersthat occurundera prepositionalphrase.Sometransformationsexpectthe answerson a
certainsideof the querykeywords(left or right). For example,the searchenginequery“"was
the first American in space" ” expectsthe answeron the left sideof this phrase,so
MULDER rejectspotentialanswerson theright side.

After we have assignedscoresto eachcandidateanswer, we clustertheminto groups. This
procedureeffectsseveralcorrections:

� Reducing noise. Randomphrasesthat occurby chanceare likely to be eliminatedfrom
furtherconsiderationby clustering.

� Allowing alternative answers. Many answershave alternative acceptableforms. For ex-
ample,“Shepard”,“Alan B. Shepard”,“Alan Shepard”areall variationsof thesamename.
Clusteringcollectsall of thesedissimilarentriestogetherso that they have collective bar-
gainingpowerandgetselectedasthe�nal answer.

� Separatingfactsfr om �ction. Thewebcontainsalot of misinformation.MULDER assumes
thetruthwill prevail andoccurmoreoften,andclusteringembedsthis ideal.

Our clusteringmechanismis a simpli�ed versionof suf�x treeclustering[31]. MULDER sim-
ply assignsanswersthatsharethesamewordsinto thesamecluster. While acompleteimplemen-
tation of suf�x treeclusteringthathandlesphrasesmaygive betterperformancethanour simple
algorithm,ourexperienceshowsword-basedclusteringworksreasonablywell.

After theclustersarecreated,they arerankedaccordingto thesumof thescoresof theirmem-
beranswers.Thememberanswerwith thehighestindividualscoreis chosenastherepresentative
of eachcluster.

Thesortedlist of rankedclustersandtheir representativesaredisplayedasthe �nal resultsto
theuser. Figure2 shows MULDER's responseto theAmerican-in-spacequestion.

4 Evaluation

In this section,we evaluatethe performanceof MULDER by comparingit with two popularand
highly-regardedwebservices,Google(theweb'spremiersearchengine)andAskJeeves(theweb's
premierQA system).In addition,weevaluatehow differentcomponentscontributeto MULDER's
performance.Speci�cally, we studytheeffectivenessof queryformulation,answerextractionand
thevotingselectionmechanism.

AskJeevesallows usersto askquestionsin naturallanguage.It looksup theuser's questionin
its own databaseandreturnsa list of matchingquestionswhich it knowshow to answer. Theuser
selectsthemostappropriateentryin thelist, andis takento a webpagewheretheanswerwill be
found. Its databaseof questionsappearsto beconstructedmanually, thereforethecorresponding
webpagesreliably provide thedesiredanswer. We alsocompareMULDER with Google.Google
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suppliesthe web pagesthat MULDER usesin our currentimplementationandprovidesa useful
baselinefor comparison.

We begin by de�ning variousmetricsof our experimentin section4.1, thenin section4.2 we
describeour testquestionset. In section4.3,we comparetheperformanceof MULDER with the
two webserviceson theTREC-8 questionset.Finally, in section4.4we investigatetheef�cacy of
varioussystemcomponents.

4.1 Experimental Methodology

Themaingoalof ourexperimentsis to quantitativelyassessMULDER's performancerelativeto the
baselineprovidedby GoogleandAskJeeves. Traditionalinformationretrieval systemsuserecall
andprecisionto measuresystemperformance.Supposewe have a documentcollection

�

, there
is a subset

�

of this collectionthat is relevantto a query � . Theretrieval systemfetchesa subset
�

of
�

for � . Recallis de�ned as � ���

�

�

�

�

�

andprecision � ���

�

�

� ���

. In otherwords,recallmeasureshow
thoroughthesystemis in locating

�

. Precision,on theotherhand,measureshow many relevant
retrieveddocumentsareamongtheretrievedset,which canbeviewedasa measureof theeffort
theuserhasto expendto �nd therelevantdocuments.For example,if precisionis high then,all
otherthingsbeingequal,theuserspendslesstimesifting throughtheirrelevantdocumentsto �nd
relevantones.

Figure2: MULDER outputfor thequestion“Who wasthe�rst Americanin space?”
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In questionanswering,we cande�ne recallasthepercentageof questionsansweredcorrectly
from thetestset.Precision,on theotherhand,is inappropriateto measurein this context because
aquestionis answeredeithercorrectlyor incorrectly.8 Nonetheless,wewouldstill like to measure
how muchusereffort is requiredto �nd theanswer, notmerelywhatfractionof thetimeananswer
is available.

To measureusereffort objectively acrossthedifferentsystems,weneeda metricthatcaptures
or approximateshow muchwork it takesfor the userto reachan answerwhile readingthrough
the resultspresentedby eachsystem. While the true “cognitive load” for eachuseris dif�cult
to capture,a naturalcandidatefor measuringusereffort is time; the longer it takes the userto
reachtheanswer, themoreeffort is expendedon theuser's part. However, readingtime depends
on numerousfactors,suchashow fasta personreads,how well thewebpagesarelaid out, how
experiencedthe useris with the subject,etc. In addition,obtainingdatafor readingtime would
requireanextensiveuserstudy. Thus,in our�rst investigationof thefeasibilityof webQA systems,
wechoseto measureusereffort by thenumberof wordstheuserhasto readfrom thestartof each
system's resultpageuntil they locatethe�rst correctanswer.

Naturally, our measureof usereffort is approximate.It doesnot take into accountpagelay-
out, users'ability to skip text insteadof readingit sequentially, differencesin word length,etc.
However, it hastwo importantadvantages.First, themetriccanbecomputedautomaticallywith-
out requiringanexpensive userstudy. Second,it providesa commonway to measureusereffort
acrossmultiplesystemswith verydifferentuserinterfaces.

Wenow de�ne ourmetricformally. Theword distancemetriccountshow many wordsit takes
anidealizeduserto reachthe�rst correctanswerstartingfrom thetop of thesystem's resultpage
andreadingsequentiallytowardsthebottom.Suppose�
�
	
�

�

	

�����

	3�1� arethesummaryentriesin the
resultspagereturnedby thesystem,and �  is thewebpagelinkedto by �1 . We de�ne

� ���

to bethe
numberof wordsin thetext

�

beforetheanswer. If
�

doesnot have theanswer, then
� ���

is thetotal
numberof wordsin

�

. Finally, let + bethe index of theentrywith theanswer, thus ��� and ��� are
the�r st snippetanddocumentcontainingtheanswerrespectively.

�

���

�

��� if theansweris found
in ��� , sincewe donotneedto view �	� if ��� alreadycontainstheanswer.

We now de�ne 


���

	�
 � , theword distanceof the�rst correctanswer
�

on a resultspage
 ,
asfollows:




���

	�
 � �

�

�

�

 &%��

�

�1 

� �

�

�

���

�

Notethatour word distancemetric favorsGoogleandAskJeevesby assumingthat theuseris
ableto determinewhichdocument�� containstheanswerby readingsnippetsexclusively, allowing
her to skip ���

�����

�
 ��� . On the otherhand,it doesassumethat peoplereadsnippetsandpages
sequentiallywithout skippingor employing any kind of “speedreading”techniques.Overall, we
feel thatthis a fair, thoughapproximate,metricfor comparingusereffort acrossthethreesystems
investigated.

8Considerasearchenginethatreturnsonehundredresults.In onecase,thecorrectansweris thetop-rankedresult
andall otheranswersareincorrect.In thesecondcase,the�rst �fty answersareincorrectandthelast�fty arecorrect.
While precisionis much higher in the secondcase,usereffort is minimized in the �rst case. Unlike the caseof
collectingrelevantdocuments,thevalueof repeatingthecorrectansweris minimal.
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Question Answer
Who is thePresidentof Ghana? Rawlings
Whatis thenameof therareneurologicaldiseasewith symptoms
suchas: involuntarymovements(tics), swearing,andincoherent
vocalizations(grunts,shouts,etc.)?

Tourette's Syndrome

How far is Yaroslavl from Moscow? 280miles
Whatcountryis thebiggestproducerof tungsten? China
Whendid theJurassicPeriodend? 144million yearsago

Table1: Somesamplequestionsfrom TREC-8 with answersprovidedby MULDER.

It is interestingto notethatan averagepersonreads280wordsperminute[27], thuswe can
useworddistanceto providea roughestimateof thetime it takesto �nd theanswer.

4.2 Data Set

For ourtestset,weusetheTREC-8 questiontrackwhichconsistsof 200questionsof varyingtype,
topic,complexity anddif�culty . Someexamplequestionsareshown in Table1.

In theoriginalquestiontrack,eachsystemis providedwith approximately500,000documents
from the TREC-8 documentcollectionasits knowledgebase,andis requiredto supplya ranked
list of candidateanswersfor eachquestion.Thescoregivento eachparticipantis basedon where
answersoccurin its lists of candidates.Thescoringprocedureis doneby trainedindividuals.All
thequestionsareguaranteedto haveananswerin thecollection.

We choseTREC-8 asour testsetbecauseits questionsarevery well-selected,and it allows
our work to beput into context with othersystemswhich participatedin thetrack. However, our
experimentsdiffer from theTREC-8 questiontrack in four ways.First, MULDER is a QA system
basedontheweb,thereforewedonotusetheTREC-8 documentcollectionasourknowledgebase.
Second,becausewedonotusetheoriginaldocumentcollection,it is possiblethatsomequestions
will not have answers. For example,we spentabout30 minuteswith Googlelooking for the
answerto “How muchdid Mercuryspendon advertisingin 1993?”andcouldnot �nd ananswer.
Third, sincewe do not have theresourcesto scoreall of our testrunsmanually, we constructeda
list of answersbasedon TREC-8's relevancejudgment�le 9 andour manualeffort. Furthermore,
someof TREC-8's answershadto beslightly modi�ed or updated.For example,“How tall is Mt.
Everest?”canbeansweredeitherin metersor feet; “Donald Kennedy”wasTREC-8's answerto
“Who is the presidentof StanfordUniversity”, but it is GerhardCasperat the time of writing.10

Finally, whereasTREC-8 participantsareallowed to returna snippetof �x ed lengthtext as the
answer, MULDER returnsthemostpreciseanswerwheneverpossible.

9http://trec.nist.gov/data/qrels eng/qrels.trec8.qa.gz
10The 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 answersin TREC-8 by
usingMULDER, GoogleandAskJeeves.Usereffort is measuredusingworddistanceasde�ned in
section4.1. At eachword distancelevel, we computethe recall for eachsystem.Themaximum
usereffort is boundedat 5000,which representsmorethan15 minutesof readingby a normal
person.To comparethesystemsquantitatively, we computetotal effort at recall � % by summing
up theusereffort requiredfrom 0% recallup to � %. Figure3 shows theresultof thisexperiment.

TheexperimentshowsthatMULDER outperformsbothAskJeevesandGoogle.MULDER con-
sistentlyrequireslessusereffort to reachan answerthaneithersystemat every level of recall.
AskJeeveshasthelowestlevel of recall; its maximumis roughly20%. Googlerequires6.6 times
moretotal effort thanMULDER at64.5%recall(Google'smaximumrecall).

MULDER displayedan impressive ability to answerquestionseffectively. As �gure 3 shows,
34% of the questionshave the correctanswerastheir top-ranked result (ascomparedwith only
1% for Google.)MULDER's recallrisesto about60%at 1000words.After thispoint,MULDER's
recall per unit effort grows linearly at a ratesimilar to Google. The questionsin this region are
harderto answer, andsomeof the formulatedqueriesfrom transformationsdo not retrieve any
documents,henceMULDER's performanceis similar to thatof Google.MULDER still hasanedge
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Figure3: Recallvs. usereffort: MULDER versusGoogleversusAskJeeves. On average,Googlerequires
6.6timesthetotaleffort of MULDER, to achieve thesamelevel of recall.AskJeeves' performance
is substantiallyworse.
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overGoogle,however, dueto phrasedqueriesandanswerextraction.Thelatter�lters outirrelevant
text sothatuserscan�nd answerswith MULDER while readingfar lesstext thanthey wouldusing
Google. Finally, MULDER's curve extendsbeyond this graphto about10,000words,endingat
75%.Basedonourlimited testing,wespeculatethatof the25%unansweredquestions,about10%
cannotbeansweredwith pagesindexedby Googleat thetime of writing, andtheremaining15%
requiremoresophisticatedsearchstrategies.

Fromour results,we canalsoseethe limited recallof AskJeeves. This suggeststhata search
enginewith agoodrankingfunctionandwidecoverageis betterthananon-automatedQA system
in answeringquestions.

4.4 Contributions by Component

Our secondexperimentinvestigatesthe contribution of eachcomponentof MULDER to its per-
formance.We compareMULDER to threedifferentvariantsof itself, eachwith a singlemissing
component:

� M UL DER without query formulation (M-QF). We takeaway thequeryformulationmod-
ule andissueonly thequestionto thesearchengine.
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mulation (M-QF), without answerextraction (M-X), and without voting (M-V). Googleis the
baseline.
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System total effort
total effort MULDER

MULDER 1.0
M-V 2.3
M-QF 3.0
M-X 3.8
Google 6.6

Table2: Performancesof MULDER variantsandGoogleasmultiplesof total effort requiredby MULDER

at 64.5%recall.All threeMULDER variantsperformworsethanMULDER but betterthanGoogle.
The experimentsuggeststhat answerextraction(M-X) is the mostimportant,followed by query
formulation(M-QF) and�nally voting (M-V).

� M UL DER without answerextraction (M-X) Withoutanswerextraction,welocateanswers
in this systemusingthesameapproachwe usedfor Googlein thepreviousexperiment.To
linearizetheresultsretrievedfrom multiple queries,we orderqueriesin orderof generality,
startingfrom themostspeci�c query. Thenresultsfrom eachqueryareselectedin abreadth-
�rst manner. To illustrate,suppose�

 

�

� is the ����� result from the ����� query, andwe have �

queries.Theorderwouldbe �

�

�

�
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�����

	

�
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�

	

����� andsoon. �

�

�

 wouldbethe
�

���

resultfrom theoriginalunformulatedquery, sinceit is themostgeneral.

� M UL DER without voting (M-V) In this system,we replacevoting by a simple scheme:
it assignscandidateanswersthesamescoregivento thesummariesfrom which they were
extractedfrom.

In addition,we includedGoogleasa baselinefor comparison.As in the �rst experiment,we
comparethesystems'performanceon recallandusereffort. Figure4 illustratestheresults.

Figure4 shows thatat all recall levels,systemswith missingcomponentsperformworsethan
MULDER, but betterthanGoogle.Amongthem,M-V appearsto performbetterthanM-QF, and
M-X trails both. Table 2 shows total usereffort for eachsystemas a multiple of MULDER's
at 64.5%recall, Google's maximum. The numberssuggestthat answerextraction is the most
important,followedby queryformulation,andvoting least.Answerextractionplaysa majorrole
in distilling text which savesusersa lot of time. Queryformulationhelpsin two ways: �rst, by
forming querieswith alternative words that improve the chanceof �nding answers;second,by
gettingto the relevant pagessooner. The positive effectsof queryformulationcanalsobe seen
with the improvementin M-X over Google;we expectthis effect to be muchmorepronounced
with other lessimpressive searchengines,suchasAltaVista11 andInktomi.12 Finally, voting is
thelastelementthatenhancesanswerextraction.Withoutvoting,M-V only reaches17%recallat
effort 0; with voting,thenumberis doubled.It is however lesseffectiveafter1500words,because
it becomesdif�cult to �nd any correctanswerat thatpoint.

11http://www.altavista.com
12http://www.inktomi.com . Inktomi powers web sites such as http://www.hotbot.com and

http://www.snap.com .
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5 Relatedwork

Althoughquestionansweringsystemshave a long history in Arti�cial Intelligence,previoussys-
temshaveusedprocessedorhighly-editedknowledgebases(e.g.,subject-relation-objecttuples[18],
editedlists of frequentlyasked questions[6], setsof newspaperarticles [16], and an encyclo-
pedia[20]) as their foundation. As far as we know, MULDER is the �rst automatedquestion-
answeringsystemthat usesthe full web as its knowledgebase. AskJeeves13 is a commercial
servicethat providesa naturallanguagequestioninterfaceto the web, but it relieson hundreds
of humaneditorsto mapbetweenquestiontemplatesandauthoritative sites. The Webclopedia
project14 appearsto be attackingthe sameproblemasMULDER, but we areunableto �nd any
publicationsfor this system,andfrom theabsenceof a functioningwebinterface,it appearsto be
still in activedevelopment.

START [18] is oneof the �rst QA systemswith a web interface,having beenavailablesince
1993. Focussedon questionsaboutgeographyandtheMIT InfoLab, START usesa precompiled
knowledgebasein theform of subject-relation-objecttuples,andretrievesthesetuplesat run time
to answerquestions.Ourexperiencewith thesystemsuggeststhatits knowledgeis ratherlimited,
e.g., it failson simplequeriessuchas“What is thethird highestmountainin theworld?”

TheseminalMURAX [20] usesanencyclopediaasaknowledgebasein orderto answertrivia-
typequestions.MURAX combinesaBooleansearchenginewith ashallow parserto retrieverele-
vantsectionsof theencyclopediaandto extractpotentialanswers.The�nal answeris determined
by investigatingthephrasalrelationshipsbetweenwordsthatappearin thequestion.Accordingto
its authorMURAX' sweakperformancestemsfrom thefactthatthevectorspacemodelof retrieval
is insuf�cient for QA, at leastwhenappliedto a largecorpuslikeanencyclopedia.

RecentlyUsenetFAQ �les (collectionsof frequentlyaskedquestionsandanswers,constructed
by humanexperts)havebecomeapopularchoiceof knowledgebase,becausethey aresmall,cover
a wide variety of topics,andhave high content-to-noiseratio. Auto-FAQ [30] wasan early sys-
tem, limited to a few FAQ �les. FAQFinder[6] is a morecomprehensive systemwhich usesa
vector-spaceIR engineto retrieve a list of relevant FAQ �les from the question. After the user
selectsa FAQ �le from the list, thesystemproceedsto usequestionkeywordsto �nd a question-
answerpair in theFAQ �le thatbestmatchestheuser's question.Questionmatchingis improved
by usingWordNet [22] hypernyms to expandthe possiblekeywords. Anothersystem[25] uses
priority keyword matching to improve retrieval performance.Keywordsaredividedinto different
classesdependingon their importanceandarescoreddifferently. Variousmorphologicalandlex-
ical transformationsarealsoappliedto wordsto improve matching.MULDER usesa similar idea
by applyingIDF scoresto estimatetheimportanceof words.

Therearealsomany new QA systemsspawning from the TREC-8 QA competition[28], the
1999AAAI Fall Symposiumon QuestionAnswering[10] andtheMessageUnderstandingCon-
ferences[1]. SincetheTREC-8 competitionprovidesarelatively controlledcorpusfor information
extraction,theobjectivesandtechniquesusedby thesesystemsaresomewhatdifferentfrom those
of MULDER. Indeed,mostTREC-8 systemsusesimple,keyword-basedretrieval mechanisms,in-
steadfocussingon techniquesto improve the accuracy of answerextraction. While effective in
TREC-8, suchmechanismsdo not scalewell to the web. Furthermore,thesesystemshave not

13http://www.ask.com
14http://www.isi.edu/natural-language/pr oject s/web cloped ia/
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addressedtheproblemsof noiseor incorrectinformationwhich plaguetheweb. A lot of com-
mon techniquesare sharedamongthe TREC-8 systems,most notably a questionclassi�cation
mechanismandname-entitytagging.

Questionclassi�cationmethodsanalyzeaquestionin orderto determinewhattypeof informa-
tion is beingrequestedsothatthesystemmaybetterrecognizeananswer. Many systemsde�ne a
hierarchyof answertypes,andusethe �rst few wordsof thequestionto determinewhat typeof
answerit expects(suchas [23, 26]). However, building a completequestiontaxonomyrequires
excessive manualeffort andwill not cover all possiblecases.For instance,what questionscan
be associatedwith many nounsubjects,suchaswhat height, what currencyandwhat members.
Thesesubjectscanalsooccurin many positionsin thequestion.In contrast,MULDER usesasim-
ple questionwh-phrasematchingmechanismwith combinedlexical andsemanticprocessingto
classifythesubjectof thequestionwith highaccuracy.

Name-entity(NE) taggingassociatesa phraseor a word with its semantics.For example,
“Africa” is associatedwith “country”, “John” with “person”and“1.2 inches”with “length”. Most
of theNE taggersaretrainedon a taggedcorpususingstatisticallanguageprocessingtechniques,
andreportrelativelyhighaccuracy [4]. QA systemsusetheNE taggerto tagphrasesin thequestion
aswell astheretrieveddocuments.Thenumberof candidateanswerscanbegreatlyreducedif the
systemonly selectsanswersthathavetherequiredtagtype.Many systemsreportfavorableresults
with NE tagging,e.g. [26]. WebelieveaNE taggerwouldbeausefuladditionto MULDER, but we
alsobelieve a QA systemshouldnot rely too heavily on NE tagging,asthenumberof new terms
changesandgrowsrapidly on theweb.

Relationshipsbetweenwordscanbeapowerful mechanismto recoveranswers.As mentioned
previously, theSTART systemusessubject-relation-objectrelationships.CL Research's QA sys-
tem[24] parsesall sentencesfrom retrieveddocumentsandformssemanticrelationtriples which
consistof adiscourseentity, asemanticrelationthatcharacterizestheentity's role in thesentence,
anda governingword to which the entity standsin the semanticrelation. Anothersystem,de-
scribedby Harabagiu[15], achievesrespectableresultsfor TREC-8 by reasoningwith linkages
betweenwords,whichareobtainedfrom its dependency-basedstatisticalparser[12]. Harabagiu's
system�rst parsesthequestionandtheretrieveddocumentsinto word linkages.It thentransforms
theselinkagesinto logical forms. The answeris selectedusingan inferenceprocedure,supple-
mentedby anexternalknowledgebase.We believemechanismsof this typewould bevery useful
in reducingthenumberof answercandidatesin MULDER.

6 Futur ework

Clearly, weneedsubstantiallymoreexperimentalevaluationto validateMULDER's strongperfor-
mancein our initial experiments.Weplanto compareMULDER againstadditionalsearchservices,
andagainsttraditionalencyclopedias.In addition,we planto evaluateMULDER usingadditional
questionsetsandadditionalperformancemetrics. We plan to conductcontrolleduserstudiesto
gaugetheutility of MULDER to webusers.Finally, aswehavedonewith previousresearchproto-
types,weplanto gatherdataon theperformanceof thedeployedversionof MULDER in practice.

Many challengesremainaheadof MULDER. Our currentimplementationutilizes little of the
semanticandsyntacticinformationavailableduringanswerextraction.We believe our recallwill
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bemuchhigherif thesefactorsaretakeninto consideration.

Therearemany elementsthat candeterminethe truth of an answer. For example,the last-
modi�ed information from web pagescan tell us how recentthe pageand its answeris. The
authorityof apageis alsoimportant,sinceauthoritativesitesarelikely to havebettercontentsand
moreaccurateanswers.In future versionsof MULDER we may incorporatetheseelementsinto
ouranswerselectionmechanism.

Wearealsoimplementingourownsearchengine,andplanto integrateMULDER with its index.
Weexpectthatanevaluationof thebestdatastructuresandintegratedalgorithmswill providemany
challenges.Therearemany advantagesto a local searchengine,themostobviousbeingreduced
network latenciesfor queryingandretrieving webpages.We mayalsoimprove theef�ciency and
accuracy for QA with analysesof a largedocumentcollection.Onedisadvantageof ahome-grown
searchengineis our smallercoverage,sincewe do not have theresourcesof a commercialsearch
engine.However, with focussedwebcrawling techniques[7], wemaybeableto obtainaveryhigh
qualityQA knowledgebasewith our limited resources.

7 Conclusion

In thispaperwesetout to investigatewhetherthequestion-answeringtechniquesstudiedin classi-
cal informationretrieval canbescaledto theweb. While additionalwork is necessaryto optimize
the systemso that it cansupporthigh workloadswith fastresponse,our initial experiments(re-
portedin Section4) areencouraging.Ourcentralcontributionsarethefollowing:

� We�elded http://mulder.cx , the�rst general-purpose,fully-automatedquestion-answering
systemavailableon theweb.

� MULDER is basedon a novel architecturethat combinesinformation retrieval ideaswith
thoseof statisticalnaturallanguageprocessing,lexical analysis,queryformulation,answer
extraction,andvoting.

� We performedan ablationexperimentwhich showed thateachmajor componentof MUL-
DER (queryformulation,answerextraction,andvoting) contributedto thesystem's overall
effectiveness.

� We conductedempiricalexperimentswhich showedthatMULDER reducesusereffort by a
factorof 6.6whencomparedwith Google.We alsodemonstrateda three-foldadvantagein
recallwhencomparingour fully-automatedMULDER systemwith themanually-constructed
AskJeeves.

Ourwork is asteptowardstheultimategoalof usingthewebasacomprehensive,self-updating
knowledgerepositorythat canbe automaticallyminedto answera wide rangeof questionswith
muchlesseffort thanis requiredfrom usersinteractingwith today'ssearchengines.

19



8 Acknowledgements

We thankDavid Ko andSamRevitch for their contributionsto the project. We alsothankErik
Sneiders,TessaLauandYasuroKawatafor their helpfulcomments.This researchis supportedby
NSFGrantIIS9874759.

9 Bibliography

References

[1] Proceedingsof the SeventhMessage UnderstandingConference(MUC-7). Morgan Kauf-
mann,1998.

[2] Adrian Akmajian andFrankHeny. An Introductionto the Principlesof Transformational
Syntax. MIT Press,Cambridge,Massachusetts,1975.

[3] EvanL. Antworth. PC-KIMMO: a two-level processorfor morphological analysis. Dallas,
TX: SummerInstituteof Linguistics,1990.

[4] D. Bikel, S.Miller, R. Schwartz,andR.Weischedel.Nymble:A High-performanceLearning
NameFinder.In Proceedingsof theFifth ConferenceonAppliedNatural LanguageProcess-
ing, pages194–201,1997.

[5] C. Buckley, G. Salton,J.Allan, andA. Singhal.AutomaticqueryexpansionusingSMART:
TREC3. In NISTSpecialPublication500-225:TheThird Text REtrieval Conference(TREC-
3), pages69–80.Departmentof Commerce,NationalInstituteof StandardsandTechnology,
1995.

[6] RobinBurke, Kristian Hammond,Vladimir Kulyukin, StevenLytinen,Noriko Tomuro,and
ScottSchoenberg. QuestionAnsweringfrom Frequently-AskedQuestionFiles: Experiences
with theFAQFinderSystem.TechnicalReportTR-97-05,Universityof Chicago,Department
of ComputerScience,1997.

[7] S. Chakrabarti,M. vanderBerg, andB. Dom. Focusedcrawling: a new approachto topic-
speci�c Webresourcediscovery. In Proceedingsof 8th InternationalWorld Wide WebCon-
ference(WWW8), 1999.

[8] E. Charniak.Statisticaltechniquesfor naturallanguageparsing.AI Magazine, 18(4),Winter
1997.

[9] E. Charniak. A Maximum-Entropy-InspiredParser. TechnicalReportCS-99-12,Brown
University, ComputerScienceDepartment,August1999.

[10] VinayChaudhriandCo-chairsRichardFikes.QuestionAnsweringSystems:Papersfrom the
1999Fall Symposium.TechnicalReportFS-98-04,AAAI, November1999.

20



[11] NoamChomsky. Aspectsof a Theoryof Syntax. MIT Press,Cambridge,Mass.,1965.

[12] MichaelJohnCollins. A New StatisticalParserBasedon BigramLexical Dependencies.In
Proceedingsof the34thAnnualMeetingof theACL, SantaCruz, 1996.

[13] O. Etzioni. Moving up the informationfood chain: softbotsasinformationcarnivores. In
Proceedingsof theThirteenthNationalConferenceon Arti�cial Intelligence, 1996. Revised
versionreprintedin AI Magazinespecialissue,Summer'97.

[14] DennisGrinberg, JohnLafferty, andDaniel Sleator. A Robust ParsingAlgorithm for Link
Grammars.In Proceedingsof theFourth InternationalWorkshopon ParsingTechnologies,
Prague, September1995.

[15] SandaHarabagiu,MariusPasca,andStevenMaiorano.Experimentswith Open-DomainTex-
tual QuestionAnswering. In Proceedingsof COLING-2000,SaarbrukenGermany, August
2000.

[16] David Hawking, Ellen Voorhees,PeterBailey, andNick Craswell. Overview of TREC-8
QuestionAnsweringTrack. In E. M. VoorheesandD. K. Harman,editors,Proceedingsof
theEighthText Retrieval Conference- TREC-8, November1999.

[17] Monika R. Henzinger, Allan Heydon,MichaelMitzenmacher, andMarc Najork. Measuring
index qualityusingrandomwalkson theWeb. 31(11–16):1291–1303,May 1999.

[18] B. Katz. From SentenceProcessingto Information Accesson the World Wide Web. In
Natural Language Processingfor theWorld Wide Web: Papers fromthe1997AAAI Spring
Symposium, pages77–94,1997.

[19] J. Kleinberg. Authoritative sourcesin a hyperlinkedenvironment. In Proc. 9th ACM-SIAM
Symposiumon DiscreteAlgorithms, 1998.

[20] JulianKupiec. MURAX: A RobustLinguistic Approachfor QuestionAnsweringUsingan
On-LineEncyclopedia.In RobertKorfhage,EdieM. Rasmussen,andPeterWillett, editors,
Proceedingsof the16thAnnualInternationalACM-SIGIRConferenceon Research andDe-
velopmentin InformationRetrieval. Pittsburgh, PA, USA,June27 - July 1, pages181–190.
ACM, 1993.

[21] M. P. Marcus,B. Santorini,andM. A. Marcinkiewicz. Building a LargeAnnotatedCorpus
of English:ThePennTreebank.ComputationalLinguistics, 19:313–330,1993.

[22] G. Miller. WordNet: An on-line lexical database.InternationalJournal of Lexicography,
3(4):235–312,1991.

[23] DragomirR. Radev, JohnPrager, andValerieSamn. The Useof Predictive Annotationfor
QuestionAnsweringin TREC8.In Proceedingsof the8thText Retrieval Conference(TREC-
8). NationalInstituteof StandardsandTechnology, Gaithersburg MD, pages399–411,1999.

[24] K.C. Litkowski (CL Research).Question-AnsweringUsing SemanticRelationTriples. In
Proceedingsof the8th Text Retrieval Conference(TREC-8).National Instituteof Standards
andTechnology, Gaithersburg MD, pages349–356,1999.

21



[25] E. Sneiders. AutomatedFAQ Answering: ContinuedExperiencewith Shallow Language
Understanding.In QuestionAnsweringSystems.Papersfromthe1999AAAIFall Symposium.
TechnicalReportFS-99-02, 1999.

[26] Rohini SrihariandWei Li (Cymfony Inc.). InformationExtractionSupportedQuestionAn-
swering.In Proceedingsof the8thText Retrieval Conference(TREC-8).NationalInstituteof
StandardsandTechnology, Gaithersburg MD, pages185–196,1999.

[27] S. E. Taylor, H. Franckenpohl,andJ. L. Pette.Gradelevel normsfor thecomponentof the
fundamentalreadingskill. EDL InformationandResearch Bulletin No.3. Huntington.N.Y.,
1960.

[28] E. VoorheesandD. Tice. TheTREC-8QuestionAnsweringTrack Evaluation, pages77–82.
Departmentof Commerce,NationalInstituteof StandardsandTechnology, 1999.

[29] Ellen Voorhees.Queryexpansionusinglexical-semanticrelations. In Proceedingsof ACM
SIGIR,Dublin, Ireland, 1994.

[30] StevenD. Whitehead.Auto-FAQ: An experimentin cyberspaceleveraging.ComputerNet-
worksandISDNSystems, 28(1–2):137–146,December1995.

[31] O. Zamir andO. Etzioni. A DynamicClusteringInterfaceto WebSearchResults. In Pro-
ceedingsof theEighthInt. WWWConference, 1999.

22


