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Abstract

TheJAVELIN systemevaluatedat TREC2003
is an integratedarchitecturefor open-domain
questionanswering.JAVELIN employsamod-
ular approachthataddressesindividualaspects
of theQA taskin anabstractmanner. TheSys-
temimplementsa plannerthatcontrolstheex-
ecutionandinformation�o w, aswell asamul-
tiple answerseekingstrategiesuseddifferently
dependingon thetypeof question.

1 SystemOverview

JAVELIN is anobject-orientedarchitecturethatseparates
theprocessingdetailsof individual operations(e.g. tag-
gers,parsers)from the contexts in which they areused.
JAVELIN is a�e xible andextensibleplatformwhichsup-
portscomponent-levelevaluation,sothatdifferentstrate-
gies can be testedindividually and then integratedinto
thesystemin a straightforwardmanner.

The currentsystem(Figure1) bringstogethera large
number of modular componentsthat perform various
question-answeringtasks, such as: questionanalysis,
documentandpassageretrieval,answercandidateextrac-
tion, answerselection,answerjusti�cation, andplanning.
ThePlannermoduleusesabstractinterfacede�nitions for
eachcomponentto selectandordertheexecutionof indi-
vidual components,allowing the systemto dynamically
generatemultiple processingstrategiesandreplanwhen
necessary.

Thedetailsof executionarehandledby theExecution
Manager, a componentwhichusesa DataRepositoryfor
storingsessiondata(processsteps,intermediateand�nal
results). JAVELIN incorporatesa userinteractioncom-
ponent(GUI) for questioninput and userclari�cation.
ThesystemalsoincludesanAnswerJusti�cationmodule,
which providesa browsableview of theprocesshistory,
intermediatedatastructuresand�nal results.

1.1 QuestionAnalysis

The QuestionAnalyzer (QA) producesa programmatic
representationof eachinput questionfor useby the rest
of theJAVELIN system.This representation(referredto
asaRequestObjector RO) containsthreemajorfeatures:
theanswertype,keyword sets,anda logical representa-
tion of the question. Although many systemsgenerate
the �rst two featuresthroughsurfaceanalysisof the in-
putquestion,JAVELIN alsoattemptsto applynaturallan-
guageprocessingto obtaina logical representationof the
question.The logical representationattemptsto capture
thesemantics(meaning)of thequestion;a similar repre-
sentationhasbeenreportedfor questionnodetemplates
in (Harabagiuetal., 2000).

In theQA module,naturallanguageprocessingoccurs
in two steps:lexical andsyntacticparsing.Sincethe in-
putsto beanalyzedareopen-domainquestions,mostspe-
ci�c dictionariesprovide inadequatecoverage. Instead,
we useseveral external tools designedfor open-domain
text:

� Brill tagger(Brill, 1995)for part-of-speechtagging;

� BBN IdentiFinder(Bikel etal.,1999)for nameden-
tity tagging(people,organizations,locations,etc.);

� WordNet(Fellbaum,1998)for usein �nding hyper-
nym relationshipsfor semanticcategorizationand
for extractingtheroot form of a word;

� KANTOO Lexi�er (Nyberg and Mitamura, 2000)
for �nding verbvalencies.

The QA moduleusesthe KANTOO parser(Nyberg
and Mitamura, 2000) and hand-built grammarfor syn-
tactic analysis. The moduleextract semanticinforma-
tion producedby KANTOO's lexical processingrules,
and speci�c rule-basedpatternsare insertedas needed.
Specializedgrammarrules are used on a per-answer-
type basisto recognizesyntacticand semanticsimilar-
ities amongquestions. The grammarsof fundamental
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Figure1: TheJAVELIN architecture.ThePlanneroperatesasaservicefor theuserinterfaceandcontrolsexecutionof
theindividualcomponentsvia theExecutionManager. ThePlannerselectsfrom asetof 5 differentextractionmodules
accordingto its domainmodelof theQA process.

constituentsaremodularized(e.g. NPsandVPs)to sup-
portstraightforwardcombinationof differentconstituent-
level grammarsinto sentence-level grammars.

1.2 Retrieval Strategist

The main purposeof the Retrieval Strategist (RS) mod-
ule is to retrieve likely answerdocumentsfrom thedoc-
umentrepositoryin responseto a query. TheRSmodule
alsoactsasadocumentserverfor otherpartsof JAVELIN
which trigger lookup requestsfor speci�c documentsor
passages.TheRSmoduleoperatesontheRequestObject
producedby theQuestionAnalyzer. Thesalientsubparts
of theRequestObjectarea)thesetof keywordsproduced
for the question,and b) a set of constraintsassociated
with theretrieval process.

The keywords are words or phraseswhich the QA
modulehasdeemedlikely to be presentin the answer.
Eachkeyword is oneof threetypes:a) a singleword; b)
a shortphrase,e.g. 'electoralcollege'; c) a propername,
e.g.'Elvis Presley'. No queryexpansionis currentlyper-
formedby theRSmoduleonthekeywords.However, the
QA modulemayspecifya setof alternatesfor any given
keyword,whicharetreatedassynonymsfor retrieval.

The set of constraintspresentin the RequestObject
includes:

� upperandlowerlimits onthenumberof rankeddoc-
umentsto beretrieved;

� thelikely answertype;

� oneor moresubtypesfor thegivenanswertype;

� thetotal timeallowedfor processing.

SinceTREC 2002,we have switchedfrom using the
proprietary Inquery retrieval systemto the Lemur 2.0
toolkit (Oglivie andCallan,2002).Lemuris open-source
andsupportsa varietyof retrieval models,includingsup-
port for Inquery-stylestructuredqueries.

Stemmingis doneat indexing time using the Lemur
Porterstemmer. Beforeindexing, our sourcedocuments
arepreprocessedwith theBBN Identi�nder (v1.7)named
entity tagger(Bikel et al., 1999) to identify nameden-
tities suchas 'Organization', 'T ime', 'Date', 'Person',
'PlaceName', 'Currency Amount', 'Number', 'Percent-
age', andobject typessuchas'Animal', 'Plant', 'Prod-
uct', 'Game', etc. This analysisattemptsto focus re-
trieval on documentscontainingnot only the relevant
keywords,but alsorelevantdatatypes.At indexing time,
any termswithin a spanof text identi�ed asa nameden-
tity arestoredin the index usinga setof corresponding
special�elds.

To processa queryat runtime,if a likely answertype
is speci�ed, it is mappedto a setof namedentity types.
For example, an answerexpectedto be of ' temporal'
type might mapto eithera 'T ime' or 'Date' nameden-
tity �eld. Thesenamedentity �elds aretreatedasspecial
'keywords' to beincludedin thetermspassedto Lemur.

Thecurrentsearchalgorithmis similarto thealgorithm
usedin TREC 2002,andproceedsusingan incremental
queryrelaxationtechnique;startingfrom aninitial query
that is highly constrained,thealgorithmsearchesfor all
the keyword termsanddatatypesin closeproximity to



eachother. However, lastyear's algorithm(TREC2002)
always includedall keywords at every relaxationstep,
while this year's algorithmattemptsto be more�e xible
by assigninga priority to eachkeyword. This priority
is basedona functionof thelikely answertype,keyword
type(word,propername,or phrase)andtheinversedocu-
mentfrequency (idf) valueof thekeyword term(s).Key-
wordsdeemedmore likely to exist nearthe answerare
givenhigherpriority. At eachiteration,a priority thresh-
old is adjustedwhich may result in lower-priority key-
wordsbeingdiscardedfrom thequery.

As before,at eachrelaxationstep,the algorithmalso
relaxesother parametersin the querysuchas the word
proximity window. This assumesthat more likely an-
swer documentswill have clustersof relevant question
keywords and data types in closerproximity. Another
new featureof thisyear'salgorithmis theuseof a hybrid
IR modelin which earlier, moreconstrainedquerysteps
usethestructuredqueryretrieval model,while latersteps
switch to a tf.idf model. The algorithmterminatesonce
the requesteddocumentlist is full, or thereareno more
relaxationstepspossible.Thecompletesetof relaxation
parametersincludes:

1. TheInquery-styleproximity/beliefoperatorusedto
combinekeywords. At eachrelaxationstep,we ei-
therkeepthesameoperatorbut expandthewindow
size,or startwith a new, moregeneraloperator. The
operatorappliesto all keywordsgivenin thequery.
For example,initially all keywordsmust be found
within aproximity of threewords.Wethenrelaxthe
operatorto considerunordered20-, 100-,and250-
word windows, followedby document-wideproba-
bilistic AND, andsoon.

2. Phraseproximity, for any phrasekeywords. This
is usuallykept at 3 wordsor less,until later in the
relaxationregime,whenthe window is slightly ex-
panded.

3. Propernameproximity, for any propernamekey-
words. Like phrasekeywords, this is usually kept
at 3 words or lessuntil very late in the relaxation
regime,whenthewindow is slightly expanded.

4. Theinclusionor exclusionof thespecialnameden-
tity 'keywords' correspondingto the answertype.
This alternatesbetween'on' and 'of f ' at every re-
laxationstep.

5. The keyword priority threshold,which starts low
andis slowly increasedwith furthersteps.

The iterative relaxationtechniquemay be considered
asan implicit scoringstrategy in which the relevanceof
a documentrelative to the questionis inverselypropor-
tional to its window spansize,anddirectly proportional

to the tf.idf sumof keywordsappearingin the window.
The�nal RSmoduleoutputis a rankedlist of document
IDs.

1.3 Inf ormation Extractor

The Information Extractor (IX) moduleextractscandi-
dateanswersfrom relevant documentsretrieved by the
RS module. JAVELIN implementsa multi-strategy ap-
proachto answerextraction(Czubaet al., 2003),andin-
cludesseveraldifferentimplementationsof the IX mod-
ule. The assumptionis that optimal performancein ex-
tracting different answertypes may require a number
of separatestrategies, ranging from simple �nite state
transducersto classi�ers trainedto separatecorrectan-
swersfrom incorrectanswers.Eachinformationextrac-
tion methodscorescandidateanswers(with their corre-
spondingpassages)andpassesthemdown thepipelineto
the Answer Generatorfor canonicalizationand cluster-
ing. Scoringfunctionsdiffer amongtheIX modules,and
their scoresarenotnormalizedindividually.

The�rst andmoststraightforwardextractionapproach
(Light IX) implementsa non-linearweightedproximity
metric that spansa passageof threesentences.This ap-
proachidenti�es candidateanswersof the appropriate
typeandassignsa scorebasedon proximity to question
termsandtheir synonyms. This IX moduleimplements
speci�c strategies for de�nition questions,relationship
questions,andpersonbiographyquestions.

Another strategy is to combine statistical features
emerging from a passageandananswer, andtrainaclas-
si�er to separatecorrectanswersfrom incorrectonesfor
eachspeci�c answertype. The classi�ers were trained
onTrec9andTrec10datasets,andincludeasupportvec-
tor machine(SVM IX) classi�er as well as a k-nearest
neighbors(KNN IX) classi�er. Thepositiveversusnega-
tivedataratiowastunedfor bestperformance.

The �nal strategy is basedon traditional informa-
tion extraction and implementsa �nite statetransducer
(FST IX). This approachis modeledafter eachques-
tion type/relationshipthat theQuestionAnalyzeridenti-
�es. The FST IX is basedon lexical features,Wordnet
features,andsurfaceform �ags. It is mostappropriate
for questiontypeswhereanswerscan be extractedus-
ing ahandfulof simplepatterns(RavichandranandHovy,
2002)1.

1.4 Answer Generator

The Answer Generator(AG) moduleis responsiblefor
producingarankedlist of answersfrom thesetof answer
candidatesproducedby the IX modules. The AG also

1Wearealsoworking to addanInformationExtractorbased
on NLP analysisof answerpassages(NLP IX); althoughthis
moduleis shown in Figure1, it wasnot integratedinto thesys-
temevaluatedfor TREC2003.



makes useof the RequestObject producedby the QA
module. The AG performsseveral normalizationfunc-
tions, suchascombiningsimilar answercandidatesand
applyinganswertypecheckingto �lter out inappropriate
answers.

Typecheckingis veryimportantwhenselectingproper
answersfrom acandidatelist. Earliermodulescansome-
timesproduceirrelevant answers,leadingto candidates
which do not matchthe question. For example,for the
question,”What continentis Egypt on?” the AG might
receive the candidates,”Middle East”, ”Arab”, ”Islam”,
and”Africa”. Theanswertypeis location(continent),so
theAG shouldselect”Africa” asthe�nal answer.

Currently, theAG usesWordNet,theTipsterGazetteer
(TIPSTER,1992),theWeb,andtype-speci�cpatternsto
supportanswertypechecking.WordNetprovideshyper-
nym andmeronym relationshipinformationusedby the
AG to determinetherelationshipsbetweencandidatean-
swersand the target answertype (Cardieet al., 2000).
The Web is alsousedasa resourceto seehow strongly
theserelationshipsaresupported:theAG createsvalida-
tion patternsfromtheanswertypeandanswercandidates,
sendsarequestto theWeb,andgeneratesascorefrom the
numberof retrieved documents(Magnini et al., 2002).
For locationquestions,the AG examinesboth WordNet
andtheGazetteer;the latterprovidesextensive informa-
tion onvariouscity, state,andcountrynames.

Whenno adequateanswercanbefound,theAG com-
municatesthis information to the Planner. This allows
a new strategy to be appliedto the question,potentially
resultingin acorrectanswer.

1.5 ExecutionManager and Repository

TheExecutionManager(EM) modulecoordinatescom-
municationbetweenthe Plannerandall other modules.
Additionally, it communicateswith theRepository, acen-
tralizedSQL databasecontainingall of the information
andanalysisgeneratedby JAVELIN duringquestionan-
swering.Aside from creatinga completehistoryof sys-
tem behavior, this allows analysisdata to be collected
in a mannersuchthat the Answer Justi�cation module
can easily createjusti�cation resultsfor display to the
user. The EM's runtime coordinationand communica-
tion with theRepositoryprovidefundamentalsupportfor
JAVELIN' sobject-oriented,modulararchitecture.

1.6 Planner

The Plannermodule is responsiblefor controlling the
question-answeringprocess. It selectsand issuesse-
quencesof modulecalls to maximizethe expectedutil-
ity of theinformationJAVELIN produces,takinginto ac-
countthecurrentinformationstateandsystemresources.
This increasesthe system's �e xibility to generatedif-
ferent strategies at run-time, exploit different modules'

strengthsfor speci�c questiontypes,andmore robustly
handlemodulefailuresasthey arise.

Figure 2 presentsa high-level view of the Planner's
architecture. The Planneroperatesas a servicefor the
JAVELIN GUI, and communicateswith the rest of the
systemvia the ExecutionManager.2 Upon receiving a
new question,the Plannercalls the QuestionAnalyzer
(via the EM) andusesthe resultingquestionanalysisto
generatea planningproblemdescribingthe initial state
(featuresof the questionanalysis),and an information
goalbasedon theexpectedanswertype.
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Figure2: Relationshipof thePlannerto theJAVELIN QA
system.Within thePlannermodule,a server component
providestheQA domain-speci�cfunctionality, while the
Plannercomponentprovides domain-independentplan-
ning functionality.

The planning and execution processis basedon a
forward-chainingutility-basedalgorithmthatperformsa
best-�rst searchacrossthe set of possibleinformation
states(HiyakumotoandVeloso,2002). Beginning with
the initial staterepresentationand an empty plan, the
Plannerevaluatesall actionsapplicablein the current
state,selectingthe onewhoseprojectedoutcomestates
have the highestexpectedutility. Expectedutility is es-
timatedusinga weightedcombinationof the states'in-
formationquality metricsand likelihoods. The internal
planningstateis thenprojectedforwardto re�ect thepos-

2It shouldbe notedthat the normaloperatingmodefor the
GUI andPlannerincludesan option for the Plannerto solicit
user-feedbackduring the QA process.This functionality was
disabledduring theTRECevaluation,anda batch-modescript
wasusedin placeof thestandardGUI to issuequestionsto the
Plannermodule.



sible outcomesof the chosenaction, and the selection
processrepeats.At eachstep,thealgorithmalsodecides
betweenexecutingthe�rst unexecutedactionin theplan
and continuingto plan with the uncertaintyof the pro-
jectedstates. If a modulecall is executed(e.g., docu-
mentsareretrieved),theresultsareusedto updatethein-
ternalinformationstatemodelanda replanningdecision
is made. The processcontinuesuntil the goal is satis-
�ed (thesystemhasfoundananswerwith thecorrectan-
swertypeandanexpectedutility exceedinga prede�ned
threshold),or available resourceshave beenexhausted.
Upon terminating,the Plannerreturnsthe system's an-
sweror a failuremessage.

Critical to this decision-makingprocessis the Plan-
ner's domainmodelof theQA process,which is de�ned
in termsof types, literals, metricsand operators. Ta-
ble 1 highlights key featuresof the QA domainmodel
usedby the Plannerfor TREC12. Typesde�ne the cat-
egoriesof objectscreatedand transformedby the pro-
cess,including the system's questionand answertype
hierarchy(as subtypesof qtype and atype respectively)
and intermediatedataobjects(e.g., a docset). Literals
de�ne informationfeatures(e.g.,thenumberof question
keywordsextractedduring questionanalysis),datarela-
tionships(e.g.,the relationshipbetweena setof answer
candidatesandthe documentsusedto createthem),and
systemstatus(e.g.,moduleavailability). Metrics repre-
sentsystemresources(e.g.,system time) andquality es-
timates(e.g.,docset quality) for the informationobjects
presentin thecurrentstate,andareusedin thecalculation
of astate'sutility. Together, metricsandliteralscomprise
thePlanner's internalstaterepresentation.Operators(ac-
tions)de�ne theQA processingfunctionsthatthePlanner
cancontrol,describedin termsof theirpreconditions(lit-
eralandmetricconditionsthatmustbetruein thecurrent
statein orderfor theactionto beapplicable), andasetof
probabilisticeffects(possiblechangesto theinformation
statethatmayoccuruponexecution).

The domainoperatorsimplementedfor TREC 12 es-
sentiallyprovideaone-to-onemappingto theQA system
components,with the exception of check answers,
which triggersan internalsanitycheckbeforethe Plan-
ner terminates(to verify the answercon�denceis non-
zero). Obviously, theseoperatorsarenot the only ones
we couldhavede�ned: we couldhavechosento give the
Planner�ner -grainedcontrolof thesystem(e.g.,de�ning
multiple retrieval operatorsspecifyingdifferentretrieval
methods)assumingweidentify statefeaturesthatreliably
indicateappropriatecontextsfor eachoperator. However,
giventhetime constraints,we decidedto focussolelyon
theextractionperformance.Thus,theeffectiveroleof the
Plannerin TREC12was to dynamicallyselectamongst
thefour extractioncomponents.

The IX selection strategy implementedfor factoid

types:question,qtype,atype,docset,®llset,anslist,ix-name
subtypesof qtype:entity, activity,...
subtypesof atype:temporal,location,...

literals:
(interactive session)
(satis®es< question> < atype> < anslist> )
(request< question> < qtype> )
(retrieved docs< docset> < qtype> )
(no docsfound< qtype> )
(no more docs< qtype> )
(candidate®lls < �llset > < qtype> < docset> < ix-name> )
(no ®lls found< qtype> < docset> < ix-name> )
(ranked answers< anslist> < qtype> < �llset > )
(no answers< qtype> < �llset > )
(displayed< anslist> )

metrics:
systemtime
requestquality
docsetquality
®llset quality
answerquality

operators:
retrieve documents
extract KNN candidate®lls
extract FST candidate®lls
extract SVM candidate®lls
extract Light candidate®lls
rank candidates
checkanswers

Table1: Partial listing of theTREC12QA domainmodel.

questionswasdeterminedby comparingtheperformance
of eachIX moduleon theTREC9 and10 questionsets.
Thesolestatefeatureusedin our strategy decisionswas
the expectedanswertype, and feedbackloops to call
multiple IX moduleswere consideredonly as a means
for failure recovery when prior execution(at either the
extractionor answergenerationstages)did not identify
any potentialanswers.The resultingextractionmodule
preferenceorders(summarizedin Table2) attemptto ex-
ploit differencesin theirprecisionandrecallto maximize
their combinedquestioncoverage. Preferenceis gener-
ally givento higher-precisionmodulesthatmayfail to re-
turnananswermoreoften,with theless-accurate,higher-
recall modulesusedas a fallback method. Two exam-
plesof actionsequencesproducedby thePlannerarepre-
sentedin Figure3 illustratingtheuseof this strategy.

Both de�nition and list questionswere handledwith
a single �x ed strategy by enablingonly the extraction
operatorfor the IX modulewe estimatedwas“best” for
each(namelythe Light andKNN modules,respectively).
This decisionwasmadebecauseonly theLight extractor
wascapableof generatinglongeranswers,andthe KNN
extractorhadthehighestrecall of uniqueanswerswhen
evaluatedonpastTREClist questions.



Q: Whatmoviewon theAcademyAward for bestpicture in 1989?
A: 1. Driving Miss Daisy

2. Chariotsof Fire
3. Saving PrivateRyan

...

< retrieve documents DS6024 RO6637>
< extract SVMcandidate fills FS18637 RO6637
DS6024>
< rank candidates AL5184 RO6637 FS18637 >
< check answers A5046 AL5184 Q2694>

Q: Whatcountry is Aswan High Damlocatedin?
A: 1. Egypt

2. SaudiArabia
< retrieve documents DS5957 RO6570>
< extract FST candidate fills FS17958 RO6570
DS5957>
< extract SVMcandidate fills FS17962 RO6570
DS5957>
< rank candidates AL5119 RO6570 FS1962>
< check answers A4983 AL5119 Q2504>

Figure3: Sampleactionsequencesgeneratedandexecutedby theJAVELIN system.Thesecondquestionshows the
Planner'sability to recover from theFST extractor's failureto produceany candidatesby invoking theSVM extractor.

location FST , SVM , Light , KNN
temporal FST , KNN , SVM , Light
causal-antecedent Light , KNN , FST , SVM
causal-consequenceLight , KNN , FST , SVM
other3 SVM , FST , KNN , Light

Table2: Extractionmodulepreferenceorderingfor fac-
toid questions.Eachextractoris calledin successionuntil
thesystemgeneratesanansweror all optionshave been
exhausted.No orderingstrategy wasusedfor de�nition
andlist questions:in thesecasesthePlannerjust invoked
the single “best” extractor for each(Light and KNN re-
spectively).

2 Results

In themain (factoid)task,JAVELIN answeredcorrectly
55 questions,3 inexact, and 3 unsupported,for an ac-
curacy of 0:133. The systemachieved the highestac-
curacy on locationquestions:0:3125(Table3). For the
50de�nition questionsin TREC12,theJAVELIN system
achievedanaverageF scoreof 2.16. JAVELIN obtained
a 0.052scoreon list questions(Table4).

3 Analysis

Table5 showstheF scoresof thelist questionsaccording
to theanswertype.As canbeseenin Table6, 32%of the
questionsweremisclassi�ed.

TheQuestionAnalyzer'saccuracy in assigninganswer
typeshasbeenanalyzedusing the TREC 9, 10, and11
corpora. Since grammardevelopmentfor analysisis
basedon the TREC 9 and 10 corpora,we have sepa-
ratedour resultsand provide TREC 11 as an example

AssignedAnswerType #Qs Accuracy
action 1 0
de�nition 1 0
description 3 0
lexicon 13 0.1538
location 64 0.3125
numeric-expression 97 0.1649
object 93 0.0430
organization-name 22 0.0455
person-name 33 0.1818
process 34 0
proper-name 1 0
regexp 1 0
relation 1 0
temporal 46 0.1304
type-of 1 0
unknown 2 0

Table3: Answertypeaccuracy for factoidquestions.

of unsupervisedaccuracy; a breakdown by answertype
appearsin tables7 and8. The averagesupervisedand
unsurpervisedaccuraciesare97:4% and92:0%, respec-
tively. Both areacceptable,but the � ve percentdrop in
unsupervisedperformanceindicatesthatwehaveroomto
improve. However, the training datausedfor the Ques-
tion Analyzerhasa differentquestiondistribution from
theTREC2003list questions.Thelow scorein list ques-
tionsre�ect this problemthroughanincreasein misclas-
si�cation ratein TREC2003.

Our experimentsshow that the FST IX seemsto bet-
ter cover the locationquestionanswerspace,while the



Full Parse Partial Parse Pattern
AnswerType Questions CorrectATypes Accuracy Corr. Err. Corr. Err. Corr. Err.

temporal 120 120 100% 113 0 8 0 0 0
object 206 200 97% 174 4 22 2 4 0
location 205 204 100% 180 1 18 0 6 0
proper-name 220 216 98% 196 4 15 0 5 0
numeric-expression 141 136 96% 123 3 12 0 1 2
lexicon 63 54 86% 54 5 0 3 0 1
de�nition 165 159 96% 159 3 0 1 0 2
person-bio 39 39 100% 39 0 0 0 0 0
regexp 4 4 100% 4 0 0 0 0 0
causal 14 14 100% 10 0 3 0 1 0
procedural 4 4 100% 4 0 0 0 0 0
action 6 6 100% 6 0 0 0 0 0
relation 1 1 100% 1 0 0 0 0 0
Overall 1188 1157 97.39% 1063 20 78 6 17 5

Table7: Performanceof theQuestionAnalyzeronTREC9 and10questions.

AnswerType Questions CorrectATypes Accuracy

temporal 99 99 100%
object 80 69 86%
location 111 106 95%
proper-name 100 91 91%
numeric-expression 74 65 88%
lexicon 25 19 76%
de�nition 5 5 100%
person-bio 0 0 -
regexp 0 0 -
causal 0 0 -
procedural 6 6 100%
action 0 0 -
relation 0 0 -

Overall 500 460 92.00%

Table8: Performanceof theQuestionAnalyzeronTREC11questions.

QuestionSet Best Median Worst JAVELIN
Factoid 0.7 0.177 0.034 0.133
De�nition 0.555 0.192 0.0 0.216
List 0.396 0.069 0.0 0.052

Table 4: JAVELIN TREC12scores. JAVELIN scores
arecomparedwith thebest,median,andworstaccuracy
scoresin theTREC2003QA track.

causalstrategy implementedin the proximity basedIX
handlescausal-antecedent/causal-consequencequestions
better. Thede�nition questionstrategy in theIX andAG
seemsto extract long and completede�nitions, mostly
from appositioncontexts,with reasonablesuccess.

To examine the impact of answertype checkingon

AnswerType #Qs AverageFScore
location 12 0.06475
proper-name 1 0.017
person-name 10 0.0248
organization-name 3 0.19767
object 11 0.02627

Table5: TREC12List QuestionsTask.

JAVELIN systemperformance,we ran two testson the
TREC9 corpus,onewith andonewithout typechecking.
Theresultsappearin table9. Both theTRECscoreand
the MRR scoreincreasedapproximately12% with type
checkingenabled. For location-speci�cquestionsfrom
TREC 9, 10, and11, seenin table10, thesescoresim-



AnswerType #Qs #Correct Misclassi�cations
location 12 10 object(2)
proper-name 1 0 object(1)
person-name 10 4 proper-name(1)

org-name(1)
object(3)

QA failure(1)
org-name 3 2 object(1)
object 11 9 causal(1)

lexicon(1)
Total 37 25 12 (32%)

Table6: TREC12List QuestionClassi�cation.

WithoutTC With TC
TrecScore 0.193 0.217

MRR 0.24 0.271

Table9: TREC9resultswith/without typechecking(TC)

proveda full 23%becauseof theadditionalinformation
availablefrom theGazetteer.

We testedthe systemwith the Planner's IX-ordering
strategy on 500additionalquestionsfrom TREC11. As
the resultsin Table 11 show, the system's performance
with thePlanner(PL) wasnot appreciablybetterthanit
was using a �x ed sequencewith the best single SVM
extractor (79 versus77 questionscorrectly answered).
We attribute this to our useof a relatively small dataset
for estimatingtheextractorperformance(1193questions
from TREC 9 and 10; particularly problematicfor the
less-commonanswertypes),coupledwith the fact that
the questionsusedto estimatethe planningparameters
werethesameonesusedto developtheextractorsthem-
selves,leadingto possibleoverestimatesof their perfor-
mance.

Even if our ordering strategy had perfectly �t the
questionset(PL+), the Plannerwould have enabledthe
systemto correctly answerjust 8 more questionsthan
thesingle-extractor�x edsequenceversioncouldanswer.
Thus,althoughagoodoperatormodelis likely to include
answertypeinformation,thatby itself is not suf�cient to
correctlydeterminethecontext for applyingeachextrac-
tion method. To achieve the bestpossibleperformance
from the currentQA components(PL*) additionalpre-
dictive featuresmustbe identi�ed andincorporatedinto
thePlanner'smodelof theQA domain.

4 Curr ent and Future Work

Our primaryfocusafterTREC2003andfor thefutureis
on morecomplex relationshipandscenario-basedques-
tions. For example,a humaninteractingwith JAVELIN
maywishto collectdataonaterroristorganizationincre-

WithoutTC With TC
TrecScore 0.177 0.218

MRR 0.207 0.259

Table10: Resultson 316locationquestionsfrom TREC
9, 10,and11with andwithout typechecking(TC).

AnswerType #Qs SVM PL PL+ PL*
location 109 26 27* 26 (S) 33
temporal 99 28 27 28 (S) 43
object 90 1 2 3 (K) 5
num-expression 69 7 8 7 (S) 14
person-name 50 3 3 7 (K) 10
proper-name 31 5 5 7 (L) 8
lexicon 24 3 3 3 (S;L) 3
org-name 16 4 4 4 (S) 4
other 12 0 0 0 0

OVERALL 500 77 79 85 120

Table 11: JAVELIN performanceon TREC 11 ques-
tionsusinga�x edsequencewith thebestsingleextractor
(SVM) and the Plannerwith answer-type-basedIX op-
eratormodel (PL). The last two columnscontainupper
boundsfor anoptimalanswer-type-basedPlannermodel
(PL+), andthebestpossibleperformancefor thecurrent
QA componentsby chosinganoptimalsequencefor each
question(PL*).

mentallyfor usewith subsequentquestionanswering.To
facilitatethis expansion,eachmoduleis focusingon en-
hancementsnecessaryto processmorecomplex question
typesandcontent.

TheQA moduleisenhancingthedepthandaccuracy of
its languageprocessingoutput,in additionto creatingand
improving analysisfor scenario-basedquestiontypes.

A new NLP-basedIX is beingdeveloped. This IX is
basedsolely on linguistic analysisof the questionand
answerdata, unifying syntacticand semanticforms of
thequestionagainstsimilaranalysesof candidateanswer
passages.

A Text Processingmoduleis beingaddedto thesystem
to facilitatemuchof thenewly-requirednaturallanguage
processing.Thismodulecentralizestextualanalysis,pro-
viding much of the tagging, hypernym/meronym, syn-
tactic, andsemanticprocessingusedby otherJAVELIN
modules.

A LinguisticReasonermoduleis beingcreatedto serve
asa morelinguistically awaresub-planner. For complex
questionsnotanswerableby a ”straightshot” throughthe
existing JAVELIN system(e.g. questionscontainingan
implied subquestion),the LR usesa dependency-based
mechanismto �nd missinginformationand recursively
communicatethis needto the main JAVELIN Planner.
This allows bothmoresophisticatedlinguistic reasoning
andmoreintricateuseof JAVELIN itself to answercom-



plex questions.
All of theseenhancementsarebeingdevelopedto im-

prove the JAVELIN system's capability to answercom-
plex questionsdependenton semanticsor context. The
resultsfrom our participationin the �rst NIST relation-
shipQA pilot evaluationindicatethatapproacheswhich
arecurrentlycommonfor factoid-stylequestionsarenot
applicableto relationshipand scenarioquestions. We
hope to apply our �e xible architectureand linguistic
knowledgeto areasof questionansweringwhich require
deeperreasoningaboutthe text. It will be useful to see
how theselinguistic techniquesperformfor factoidques-
tions,but webelievethattheirprimarystrengthwill bein
addressingother, morecomplex typesof questions.
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