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Abstract

As opposedto factoid questionsquestionsposed
in a closeddomainaretypically moreopen-ended.
Peoplecanaskfor specificproperties procedures
or conditionsand require longer and more com-
plex answers.As a result, detailedunderstanding
of the questionand the corpustexts is required
for answeringsuch questions. In this paper we
presenta unification-basedlgorithm for measur
ing syntacticandsemanticsimilarity of a question
to candidatesentencesxtractedby informationre-
trieval. The algorithm first appliesstrict linguis-
tic constraintsn orderto identify potentially sim-
ilar sentenceso the question,thenusesa statisti-
cal methodto measurehe similarity of the ques-
tion’s subjectand objectto text chunksin eachof
thesesentencesThe algorithmhasbeenevaluated
on a closeddomainin telecommunicationandon
the TREC 2003, 2004 and 2005 questionsabout
the AQUAINT corpusfor comparison. The evalu-
ation shavs a precisionof 81.0% in our telecom-
municationsdomain,and 60% on the TREC non-
copulatve questionsThis confirmsour hypothesis
of the applicability of deepsyntacticanalysisfor
closeddomainQA.

1 Intr oduction

In this work, we presenta techniquefor candidateanswer
ranking in questionansweringsystems. Our focus is on
closeddomainquestioransweringhatoftenusesadocument
collectionrestrictedin subjectandvolume. Questionsasked
in a specificdomainusually are not factualquestions:they
tend to be more open-endedand ask for properties,proce-
duresor conditionsand their answersare longer and more
complex. As aresult,a systemexpertin thatdomainis ex-
pectedto perform a detailedunderstandingf the question
andthetext to be ableto extractthe correctanswer Instead
of beinga single noun phrase usually an answershouldbe
an entire sentenceo satisfywhatis asked by the end user
Becauseof thesecharacteristicsgloseddomainQA hasre-
centjﬂybeena hottopicof researchn QA [DiegoMolla, 2005;
2004.

Most currentTREC [Voorheesand Tice, 1999 type ques-
tion answeringsystemsely onredundang of answerdo rank
candidatesi.e. afactthatoccursmorefrequentlyin the doc-
umentcollectionis more likely to be true. In a document
collectionrelevantto a specifictopic, candidateredundanyg
is lesspresentthe contentof documentovervariousissues
insteadof includingrepeatednformation[Doan-Nguyerand
Kosseim,2004d. Additionally, low candidateredundang
makesit very unlikely to find an answerwith a straightfor-
ward grammaticalandlexical similarity to the question. Fi-
nally, precisionis very importantin closed-domairguestion
answeringbecausef their practicalapplicationssuchascus-
tomerserviceandteachingthatrequireshigh reliability.

In this paper we presenta Hybrid Unification Methodfor
scoringand ranking candidateanswerdor a question. This
methodappliesstrict linguistic constraintsin matchingthe
questionverbwith averbin a candidatesentencethenuses
a fuzzy unificationfor matchingthe agumentsof the verbs.
In the later processmathedsyntacticlinks in the parsetree
introducea stronglinguistic feature while the numberof the
matchingwords statisticallycontributesto the quality of the
unification. Although eachtechniquehasbeeninvestigated
individually in differenttypesof text, to our knowledge,this
rich combinationof syntacticandstatisticalcriteriais unique
andnew to thefield.

In Section2, we explain our hybrid unificationmethodfor
candidateanking;in particulay we will focusonparaphrases
whichintroducesyntacticdifferenceetweertwo sentences
thatcorvey thesamemeaning.Section3 givesthe evaluation
results:detailederroraccumulatedby the CandidateAnswer
Extractionmoduleis reportedseparatelyrom the errorof the
unifier. Theevaluationshavs avery high precisionof our ap-
proachin a closeddomainandthe cateyory of factoid TREC
questionsthat have a non-copulatre main verh  Section4
provides a review of relevant work andfinally, we analyze
theapplicability of this methodin opendomainin Section5.

2 Hybrid Unification

Purelinguistic criteria for measuringhe similarity of parse
treesimposevery strictsyntacticconstraintghatresultin low
recall. This problemhasbeenobsenedby researchers the
field, suchas[Cui etal., 2005.

Statisticalapproachei QA inspiredusin building a hy-
brid unification method: forcing critical syntacticroles,and
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Figure2: Parsetreeof thequestionga) “What is the mostinexpensivecommunicatioriool?” and(b) “What is Wavebase?”
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fuzzy scoringthe remaininglinks.

2.1 Linguistic Constraints

As eventsandstatesaretypically realizedby verbs,our first
stepis to verify the semanticrelatednes®f the questions
main verbto eachverbin the candidateanswer After find-
ing a similar verb, the compatibility of its agumentswill be
testedo seeif thetwo eventsareactuallythe same.

We uselLeacockandChodorav’s similarity measurdrom
WordNet::SimilarityPederseetal., 2004 for evaluatingre-
latednes®sf two verbs.Figurel shavstheparsetreeof acan-
didateanswerfor the question“How doesCall Forwarding
work?”. The verb ‘redirect’ with a similarity of 1.94 is the
closestin meaningto 'work’, the questions mainverh We
cannow proceedwith the unification by checkingwhether
thesetwo verbsrelateto the sameentities(subjectandobject
in particular).A fuzzy statisticalmethodevaluateshow simi-
larthetwo ‘subj’ subtreesre,andlik ewisefor ‘obj’ subtrees.
We will look atthis methodin detailin thefollowing section.

Theabovelinguistic selectionof verbsdoesnot work well
with copulatve sentencethathave modalverbs. Copulative
guestionssuchas“What is Wavebase?; “What is the most
inexpensiveeommunicatioriool?” and“At whatspeeds the
network compatiblewith?” have an exceptionalstructure.
They corvey a stateand not an action and their agument
structureis moreflexible. Although the first two questions
aresyntacticallysimilar (seeFigure?), theiranswersomein
differentstructures:ANS1’ in “ANS1 are the mostinexpen-
sivecommunicatiortool” hasa ‘subj’ role (Figure3), while
‘ANS2’ in “Wavebasds ANS2” comesin the ‘pred’ subtree
(Figure 4). This phenomenored us to allow toggling of
‘subj’ and‘pred’ agumentsvhenunifying copulative struc-
tures.

2.2 Statistical PhraseAnalysis

To unify two phrases(subtrees)marked by the linguistic
methodasthe argumentsof verbs,we apply a statisticalpro-
cess. This stepusestwo measuresnumberof overlapping
wordsbasedon a bag-of-wordsapproachandthe numberof
overlappinglinks.

¢ calbrio (N)

Figure5: Parsestructurefor the question“What doesCalbrio
offer?”

Thereasonwe relax our linguistic constraintsat this stage
is that we are focusingon a sentencehat corveys a simi-
lar event or stateto the questions; only a clue aboutsimi-
larity of its verb argumentsis sufficient to concludethat its
verb is affecting the sameentitiesasthe question. Syntac-
tic differencef verb agumentsshouldnot critically affect
our judgment. We rejecta candidateif its argumentshave
no keyword basedoverlapwith the questions. For example,
the noun“Calbrio” in the question“What doesCalbrio of-
fer?” (seeFigureb) appearss“The Calbrio workforceman-
agementsystem”in the answersentencedepictedin Figure
6. Here,a scoreof 1.0 is returnedby matchingthe words
(‘Calbrio’) and0.0for syntactidink overlap,sincethereis no
commonrelationin thetwo subjectsubtreesMore formally,
we computea WordOverlap + (1 — «) LinkOverlap as
the total unification score. The parametery shavs the rel-
ative importanceof the two features:a = % assignsequal

importanceo eitherfeature while o« = % (our configuration)
considerghe link-overlapfeatureto betwice asimportantas
the bag-of-wordsfeature.Note thatthe absolutevalue of the
final scoreis notimportantsincethe scoresareusedonly to

rankthecandidatesndpick thebestone.

By analyzinga few unification cases,we realized that
matchingof differenttypesof links shouldhave a variable
contribution to the final unification score. Comparewhena
modifier ‘'mod’ link matchesn the candidate'wir elessnet-
work” asopposedo the nouncomplementnn’ link in the
candidaté’home network.”. matcheswith the question“a
wirelesshomenetwork..” . The secondcaseshaws stronger
similarity sinceit narravs down more preciselythe mean-
ing of thenoun‘network’. A "lex-mod” link hasthe highest
weight of 1.0 (they connectProperNouns),then”nn” and
"mod” relatingname-namer modifiernamegeta weightof
0.5, andfinally "determiner’and”gen” links areassignecd
weightof 0.25. For the examplein figure 6, the value of the
linksScore featurewill be0. Thisresultsin atotal scoreof
2 x 1.0+ (1 - 1) x 0 = 0.66 for the matchingof 'subj’
subtrees.

2.3 Choosinga SeedPoint

We obsened that starting the unification methodfrom the
mostsimilar verb of the candidatesentencéo the questions
main verb doesnot always lead to the correctplacein the
candidatea strongverb similarity mustco-occurwith anen-
tity matchin the subtree.This suggestshat a strongerseed
point is the root of the subtreethat containsthe questions
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headnounphrase.

To choosethe questionhead,we rank all nhounphrasesn
the questionandpick the onethatcontainshe mostvaluable
guestionkeywords. If this headphraseis found in the can-
didatesentenceit is usedas an anchorto find the relevant
verb: we move up from the anchorto reachthe first parent
verb; this marksthe mostrelevant subtreeto be sentto the
unificationalgorithmto be matchedagainsthe question.For
example, ‘Calbrio’ is the only noun phrasein the question
shawvn in Figure5. It is foundin the left subtreeof the verb
‘provide’. Moving up from this anchorskipsthe nounnode
‘system’andmarksthe verbnode‘provide’ asthe seedpoint
for performingunification. In suchalong candidatesentence
asthis, using an anchorreducesthe candidateverbsto the
onesthatincludethe questiorheador areferenceo it.

3 Evaluation

To evaluatethe performanceof our unification method,we
have implementeda QuestionAnalysermodulethat extracts
keywordsfrom a questionandfeedsthemto the LucenelR
enginé. A CandidateAnswerExtractor module processes
the n top documentgeturnedby Luceneandmarksall sen-
tenceghatinclude questionkeywords. The outputis finally
givento theHybrid Unifier discussedh Section2 for ranking.
Thesemodulestogetherbuild a QuestionAnswering system.
For our developmentswe usethe Gateframework? andthe
Minipar parserfLin, 1993.

IAvailableatht t p: / /| ucene. apache. or g/
2htt p: // www. gat e. ac. uk/

3.1 The DocumentCollection

The algorithm was first testedon the restricteddomain of
telecommunications.To prepareour question-answedata
set, we asled 15 studentsto assumethemselesto be Bell
Canad& customersand composequestionsrelevant to the
documentcollection. The documentcollectionis madeup
of 250 web pages,internal documentsand manualsof Bell
Canada. In total, it accountsfor 500KB of text. Around
15 documentswere assignedtio eachstudent. In general,
the questionscollectedvariedin style, lengthand comple-
ity; however, aswe expectin acloseddomain(seeSectionl)
mostquestionsarelong,andcomplex (compareBell Qs’and
‘TREC Qs’ columnsin Table 1) andinclude mostly ‘what’
and ‘how’ type questions. For answering,somequestions
needknowledgeof the domainandacroryms or synoryms,
while somearevery similar, lexically andsyntacticallyto the
answersentence. In total, we randomly chose45% of the
questiondor developmentandtherestwerekeptfor testing.
For testingon opendomain,we usedthe factoid questions
from TREC-2003,TREC-2004andTREC-2005sets.

In orderto have anidea of the compleity of the docu-
mentcollection,we comparedhemto severalothertext gen-
res. The most popular Readability Measues [Greenfield,
2004 show thatour texts have on averagelongersentences
andhenceareof lower readingeasecomparedo ShortSto-
ries*, news articlesfrom the AQUAINT corpus|Voorheesand
Tice, 1999, and grade5 readingcomprehensionexts typi-
cally usedin QA domain[Molla, 2003. Table 1 compares

3Theleadertelecommunicationserviceproviderin Canada
“We took 5 classic ~ short  stories  from
http://ww. bnl.conf shorts/



| Statistics | BellQs [ TREC Qs || Bell Corpus [ Short Stories | AQUAINT | Grade5 |

Numberof words 344 396 10,947 9,672 10,088 1,525
Numberof sentences 39 59 551 460 637 174
Average# characterperword 4.36 4.35 4.89 4.44 4.66 421
Averaget syllablesperword 1.43 1.46 1.71 1.49 1.55 1.36
Averagett wordspersentence 8.82 6.25 19.87 21.03 15.84 8.76
Readability Measures

GunningFog index 6.55 6.73 13.83 12.08 10.95 4.79
FleshKincaid Gradelevel 4.73 3.93 12.30 10.18 8.93 3.85
Automatedreadabilityindex 3.53 2.18 11.55 9.99 8.44 2.78
SMOG 8.04 7.78 13.64 11.94 11.24 6.74
Flesdh ReadingEase 76.88 78.06 42.27 59.56 59.26 83.05

Tablel: Compleity of the Bell corpuscomparedo othergenresof text.

the relative compleity of randomly chosen60KB of text

from eachof thesecollections. The GunningFog index in-

dicatesthe numberof yearsof formal educatiorthata person
requiresn orderto easilyunderstandhetext onthefirstread-
ing. The FleshKincaid, AutomatedReadabilitylndex (ARI)

andSMOGareapproximateepresentationsf theU.S.grade
level neededo comprehendhetext. Finally for Flesdh Read-
ing Easemeasurescorenf 90-100areconsiderecasilyun-

derstandabley anaveragebth grader;8th and9th gradestu-
dentscaneasilyunderstandexts with ascoreof 60-70(which

is the caseof ShortStoriesandAQUAINT), andtexts with re-
sultsof 0-30arebestunderstoody college graduate3

3.2 Results

As theupperboundon accurag, we first computedheaccu-
mulatederrorin extractingcandidateanswersentencesSince
thesearethe sentencesentto our unifier algorithm,they im-
posealimit ontheexpectedinal result. Table2 shavsanac-
curag of 39.3% atthesentenceetrieval level for our closed-
domaintestset(the “IR Acc!” column);this representshe
percentag®f questiondor which at leastone correctcandi-
datesentencés retrievedandsentto the unifier by the IR. In
opendomain,theaccuray atthis stageis around35%.

Thefinal accurag of the QA systemis givenin the MRR
measurdVoorheesandTice, 1999 for the developmentand
testdataset$. Althoughwe have a relatively low accurag
at the sentencextractionlevel, the resultsshav a high per
formanceof the candidaterankingalgorithmin telecommu-
nicationscloseddomain(81.0% shavn in the “Unif. Acc”
column).Ourunifieris favoredhoweverbecaus¢he students
who composedhequestionssav thedocumentbeforehand.
This mayhave unintentionallyled themto choosea syntactic
structurefor theirquestionghatis closeto the structureof the
answersentence.

For factualopendomainquestionshowever, the precision
of the unifier dropsto around60% for the questionswith a

SReaders Digestmagazinehasa readabilityindex of about65,
Time magazinescoresabout52, andthe Harvard Law Review hasa
generakeadabilityscorein thelow 30s.

®Notethatbasedntheperformancef thelastyearsTRECsub-
missions the questiondn TREC-2003wereharderto answer with
anaverageprecisionof 12.2% for theyear2003,comparedo 15.5%
in the2004and16.7% in the2005years.

| QSet | #Q [ IR Acc. | MRR [ Unifier Acc. |
Telecom(Devel) | 96 | 34.9% | 29.6% 85.0%
Telecom(Test) | 120 | 39.3% | 32.0% 81.0%
2003copulatve | 192 24.5% | 7.7% 23.4%
2003non-copul | 94 | 23.4% | 15.7% 59.1%
2004copulatve | 147 | 36.1% | 19.0% 35.8%
2004non-copul | 64 | 45.3% | 28% 58.6%
2005copulatve | 250 | 32.4% | 16.9% 37.0%
2005non-copul | 110 | 33.6% | 24.5% 62.3%

Table2: Accuray atsentencextractionandunificationlevels.

main contentverb (non-copulatve questions): more candi-
dateanswersaresentto the unifier (on averagell sentences
with a standarddeviation of around10) comparedo closed
domain(on average6 sentenceswvith a standarddeviation of
3). The highernumberof candidatesnakesthe rankingpro-
cessharderandsensitve to the weightsusedin the scoring.
The low accurag for the copulatve TREC questiongwith-
outamaincontentverb)shovstheimportantrole of themain
verbin our method.

3.3 Analysis

Among the sourcesof error in the unification phasewe ob-
senedthefollowing with our closeddomain:

Ellipsis in Lists List structuresntroducea gapin the flow
of text: theheadingsentencéntroducesanentity andthesen-
tenceghatfollow, provide featuredor thatentity, withoutex-
plicitly including that entity’s name. No scoreis considered
for suchelided constituents For a few questionsappositve
structuressimilarly causea gapin the subjector objectof a
sentence.

Incorr ectparsetr eefor the question The Minipar parser
is not specifically designedto parsesentencesn question
form. Proceedingvith unificationbasedn awrongly parsed
questionobviously resultsin extractingincorrectanswers.

Co-reference Sometimesthe answerand its supporting
context comein two consecutie sentencesWe needcorefer
enceresolutionto identify theansweilin suchcases.



4 RelatedWork

To compareour techniquewith other closed-domainsys-
temswe should note that as it was shavn in Table 1, the
textual genre/compleity differs significantly amongclosed
domainworks: in readingcomprehensiordone by Molla,
et.al.[Molla, 2003, sentencesre shortand easyto parse;
eachdocument(story) has5 questiongelatedto it, meaning
a precisedocumentretreival for the task. Even the evalua-
tion in closeddomaincanbe subjectve anddoneon different
subsystemgéex. Templatesn WEBCOOP[Benamara2004
usedin thetouristicdomain.)Molla in [Molla, 2003 reports
an MRR of around40%in the bestsystemconfigurationfor
thereadingcomprehensiomask. However, it is necessaryo
evaluatethe performancef a QA systenfor real-world texts.

Bnamarain WEBCOOP systemusesthree types of re-
laxationin orderto copewith complex questionsin the for
touristicdomain[Benamara2004: relaxationdasedncar
dinality, the type of the questionfocus, andfinally the con-
stants. Theserelaxationsare hard-codedn the QA system.
Althoughthey cover a large proportionof queriesfor touris-
tic domain,they may not work for the cateyoriesthatarenot
predictedby the systemdevelopers.

To compareour techniquewith other syntactic based
approacheswe can mention the university of Singapore
QA [Cui et al., 2009 systemthat basetheir answerextrac-
tion moduleon pre-etractedsyntacticpatternsand approx-
imate matchingof dependengrelations. They calculatethe
costof transformingthe parsetreeof the questionto a candi-
dateparsdree.In additionto bag-of-wordshowever, we keep
stopwordsandfind thecommonsyntacticlinks (ex. “his red
car” versus‘the car at his red door”; we gave this syntac-
tic featuretwice asmuchcontributionin the subtree(ARG)
scoringby (1 — «) = 2/3).

Katz etal. bringup the needfor introducingsyntacticcon-
straintsafter applying a bag-of-words passageetrieval en-
gine[Katz andLin, 2003. They focuson the following two
problemsandadapta first orderpredicatdogic formalismto
addresshem:

1. Semanticsymmetry:suchasin “What do frogs eat?”
and“What eatsfrogs?” which are similar at the word
level.

2. Ambiguousmodification: for examplein “the largest
volcanoin the Solar System?”and“the largestplanet
in the Solar system”and “Even the largest volcanoes
found... badkyard, the Solar System; the adjective
‘lar gest’ modifiesdifferententities.

Applicability of this comprehensie state-of-the-art
methodis shavn successfullyonfive questionsBreakingthe
text into smallgrainsin predicate-logidorm is lessfeasible
to applyin largescaleandopen-domain.

Salw etal., in [de Salw Brazetal., 2005 introducea hi-
erarchicaknowledgerepresentatiofor MeaningEntailment:
a sentences entailedby a paragraphf its context graphcan
be unifiedwith thatof the paragraph A costfunctiondeter
minesthegoodnes®f aunification. Unified nodesmustbeat
thesamdevel in thehierarchyandthe costof unifying nodes
athigherlevelsdominateghoseof thelowerlevels. Nodesin
both hierarchiesare checled for subsumptiorin a top-davn

manner: The hierarchylevel Hy consistsof verbsthat unify

if they aresynorymsbasedn WordNetandtheir constituent
phrasesat H; level unify. Hierarchyset H, correspondso

word-level nodes. As it canbe seen,syntaxis usedonly at

thetopmostlevel H.

Ontheotherhand,PiQASso[Attardi etal., 2001 andAn-
swerFindef{Molla and Gardiner 2004 computethe match
betweena questionand a candidateanswerusing a metric
which computeghe overlapin their dependengrelations.A
similar work by Nyberg [Durme et al., 2003 introducesa
light-weight fuzzy unificationasan extensionto their earlier
work, JAVELIN [Nybem etal., 2003; here,counterparsyn-
tacticlinks andtheir headandtail tokenscontributeto thefi-
nal matchscore.Unlike the PIQASsosystem syntacticlinks
areweightedsothatamatching'subject’link hashighercon-
tribution than a ‘determiner’ link. For this linguistic work
however, no evaluationresultis provided.

Finally, asanothermpopularstatisticalmethodfor unifying
parsetrees,we would like to referto, Rainaet al. [Rainaet
al., 2009. They learnweightsfor matchingsubtreestructures
atthesourceanddestinatiomodes:matchingof the modifier
of two verbnodesmay contribute lessthanmatchingof their
subjectsWe considerthis asa linguistic featurein our unifi-
cationmethod.

5 Conclusionand Futur e Work

In this papemwe shavedhaow to imposesimplelinguistic con-

straintsto selectonly the candidatedhat refer to the same
eventor statethatthe questionasksfor andat the sametime,

syntacticallychunkthesecandidatesentencesA fuzzy sta-
tistical measurghencomputeghe similarity of eachchunk
in a candidateto its counterparin the question. The simi-

larity of the eventandthe main entitiesshav high semantic
resemblancef thatcandidatdo the questionandthe answer
is extractedandreturnedirom thatcandidate.

We evaluated this algorithm on a closed domain in
telecommunicationandon the TREC AQUAINT corpusfor
comparison. The evaluation shavs high precisionin our
telecommunicationsomainthat confirmsour hypothesisof
the necessityof deepsyntacticanalysisfor closeddomain
QA. We obtainedrelatively lower precisionon the TREC
non-copulatve questions. Finally, since our methodrelies
on the semanticsimilarity of the questions main verb with
the candidates’jt doesnot performwell on the copulative
questions.Around onethird of the TREC factoidquestions
arenon-copulatve. Finding an appropriatemappingfrom a
copulative parsetreeto a non-copulatie parsetreewould be
interestingor thenon-copulatre questionghatareanswered
by a copulatve sentenceandvice versa.

Specialattentionshouldbe given to parsingthe question;
for example corvertingthequestiorto thepositive form or to
usemorethanoneparserto realizewhenthe questionis not
parseccorrectlyshouldbe studied.We arecurrentlystudying
the combinationof answemredundang prevalentin opendo-
mainwith our linguistic methodto gethigherperformancen
TRECquestions.
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