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Abstract

Thesystemwepresentedfor subtask1andsubtask2
in QAC2is basedonour previousone[12], which uti-
lizeda greedyanswerseekingmodelusingparaphras-
ing. We incorporated into the previoussystema re-
rankingmodelfor matching questionsand passages.
In this model,we integrateda proximity-basedscor-
ing function with the original structural-basedscor-
ing function. Unfortunately, the result of evaluation
showedthat our proposedmodeldid not work well.
Basedon error analysis,we concludethat structural
matching-basedapproachesto answerseekingrequire
technologies for the large-scaleacquisitionof para-
phrasepatterns.We are nowinvestigatinga variation
of paraphrasingwhich is expectedto bemore helpful
for questionanswering.

Keywords: structural matching, paraphrasing,
paraphrasespace

1 Intr oduction

An importantissuein questionansweringis how to
matchaninputquestionwith adocumentor a passage
thatincludesa candidateanswer(hereafterreferredto
asa passage). Languageshave redundancies,so that
the samepieceof informationcanoften be linguisti-
cally realizedasmorethanoneexpression.Thesere-
dundanciesmake it hardto matchquestionsandpas-
sages.

Paraphrasingis oneapproachto resolve this prob-
lem. If wehaveenoughknowledgeto allow paraphras-
ing to cover the redundancies,identificationcanbe a
simpletask.Hereis anexample.

(1) Q. Who inventeddynamite?

P. Alfred Nobel, the inventorof dynamite,was
alsoagreatindustrialist.

In (1) , Q is a questionandP is a matchingpassage.
This questionandpassagecannotbematchedexactly
in theiroriginalform. If theseexpressionscanbepara-
phrasedasin (2) , they canbeidentifiedexactly.

(2)Q’. X(NE:PERSON)inventeddynamite.

P’. Alfred Nobelinventeddynamite.Hewasalso
a greatindustrialist.

In previous work, we proposeda greedyanswer
seekingmodel usingparaphrasing[12]. The current
systemis basedon thisalgorithm.Thesystemalsoin-
corporatesare-rankingmodelfor matchingaquestion
anda passage.

In QAC2 [5] we participatedin subtask1andsub-
task2.We describeanoverview of thesystem,there-
sultsanddiscussionin thefollowing sections.

2 SystemOverview

An overview of thesystemis shown in Figure1. In
thecurrentsystem,theoverallquestionansweringpro-
cesshasthreesteps:1) questionanalysis,2) passage
retrieval and3) answerselection.We describeprepro-
cessingfirst andthentheabove threesteps.

2.1 Preprocessing

Questionsin QAC2 arefactoidquestions.The re-
quiredanswersareshortanswersconsistingof a noun
or nounphrase.Theanswersarebasicallyrepresented
asnamedentities(hereafterNE) in sourcetexts. Fur-
thermore,keywords in a questionare NE in most
cases.Hence,NE taggingplaysa very importantrole
in findingananswer. WeutilizedanNE taggerBar[1]
to annotatethedocumentswith NE tags.Barannotates
usingtheeight typesof NE tagsdefinedin IREX [7].
The taggingF-measureis about87% for newspaper
text.

Our questionansweringsystemparaphrasesboth
questionsandpassagesusinga lexico-structuralpara-
phraseengineKURA [11]. SinceKURA requiresthe
dependency structureof a sentenceas its input, in-
put questionsand passageshave to be parsedinto
their dependency structures.For sentenceparsing,we
use CaboCha[10]. We use dependency structures,
with bunsetsu-phrasalunitsasthe nodes,to represent
parsedquestionsandpassages.
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Figure 1. System overview

All of the sentencesin the corpus used for the
QAC2 taskwereparsedinto their dependency struc-
turesandtaggedwith NE tagsbeforetheformal runto
conductentireprocessin practicaltime.

2.2 Questionanalysis

The systemfirst analyzesan input question. In
our system,an input questionis first paraphrasedinto
a regularizedexpressionfor the purposeof question
analysis.The regularizedexpressioncontainsa word
variablewhich is to bematchedwith theanswer. The
knowledge for questionanalysisis implementedas
paraphrasingpatterns. We implementedabout 130
paraphrasingpatternsfor thecurrentsystem.Thefol-
lowing is an example of paraphrasingfor question
analysis.

(3) S. “ �������
	����������������������� �!
"�#�$
“

(WhenwastheclonedsheepDolly born?)

T. “ ���%�&��	��'��(��� X(NE:DATE) ����)� $ ”
(The cloned sheep Dolly was born on
X(NE:DATE))

S is the original questionand T is the paraphrased
question. Theseparaphrasesare generatedby para-
phrasingpatternssuchas (4)

(4) a. ����* X(NE:DATE)
(when * X(NE:DATE))

b. VP
",+ �-� X(NE:DATE) . *

X(NE:DATE)VP
"&+

(the day VP is X(NE:DATE) * VP on
X(NE:DATE))

2.3 Passageretrieval

For passageretrieval, the systemfirst submitsthe
setof keywordscontainedin a given questionto the
IR tool [14] to retrieve the 20-bestdocuments.The
passageretrieval modulethensummarizesthe 20 re-
trieveddocuments,andproducesa setof passages.A
passageis a sequenceof sentencesselectedaccording
to the following factors: questionkeywords, answer
type, NE tagsandthe proximity of the sentences.In
thecurrentsystem,thelengthof passagesis limited to
five sentences.The systemalso calculatesthe score
of eachpassagein orderto rankthem,andthe10-best
passagesare then passedon to the answerselection
module.

2.4 Answer selection

2.4.1 Matching

Therolesof matchingaquestionwith apassageare1)
to giveascoreto everywordin apassageand2) to cal-
culatethesimilarity betweenthequestionandpassage.
1) is necessaryfor selectionof answercandidates,and
2) is necessaryfor greedyanswerseekingandranking
of answercandidates.

Sincethe systemmustextract only onesetof an-
swersfrom thedocuments,thesimilarity is especially
importantfor subtask2in QAC2 . Thecurrentsystem
dependscompletelyon the similarity measureto de-
tecttherelevancethreshold.

Our previoussystemusedonly structuralmatching
basedon the TreeKernel[2] for matchingbetweena
questionanda passage.However structuralmatching
is too strict for matchingbetweenquestionsandpas-
sagesbecauseof variationin naturallanguageexpres-
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sions.We thereforeextendedthematchingin two di-
rections.First, we integrateda proximity-basedscor-
ing function with the structural-basedscoring func-
tion. The systemfirst calculatessimilarity using a
proximity-basedscoringfunction. Thefunctiongives
ascoreto everybunsetsu-phrasein apassagebasedon
questionkeywords,the answertype,NE tagsandthe
proximity of the bunsetsu-phrasesin bunsetsu-phrase
sequences.This scoreis thenmultiplied by thestruc-
turalsimilarity score(0 / 1) calculatedby astructural-
basedscoringfunction. In other words, our system
verifies and re-ranksanswercandidatesusing struc-
tural information. The systemcalculatesthe scoreof
the 0 th bunsetsu-phrasein a passage( 132547698;: ) using
scoringfunction(1).

132547698;:=<?>@>BADCFEHGJI�KJL�C�13GJI�KNM (1)

where A is a keyword matchingscore, E is a prox-
imity score,1 is a structuralmatchingscore,and K L
and KJM arebothconfidencemeasure.KJL measuresthe
amountof keywords in the original questionthat are
matchedin thepassage.Similarly KNM is usedto eval-
uatetheamountof theoriginalquestion’sdependency
structurethatis preservedin thepassage.Thefunction
(1) attachesa greatdealof importanceto thevalueof
structuralconfidence. We discussissuesconcerning
variationsof thefunctionin Section4.2.

Second,we madethe structuralmatchinglooser.
Generally, it seemsto be rare that the structureof a
questionsentencematchesthatof passages.Thecur-
rent systemproducesa bag of bigramson a depen-
dency tree.This canbethoughtof asa looseapproxi-
mationof strict structuralmatching.

The systemreturnsthe top five answercandidates
for subtask1,and answercandidateswhich have a
higherscorethana giventhresholdfor subtask2.The
parametersfor the matchingand the thresholdwere
tunedmanuallyusingtheQAC1 data[4].

2.4.2 Greedyanswerseekingusingparaphrasing

We previously proposedananswerseekingalgorithm
for questionansweringthat integratesmatchingand
paraphrasing[12]. In this method,paraphrasingis re-
sponsiblefor making matchingmore exact. Match-
ing andparaphrasingarerepeateduntil the improve-
mentin thematchingscorelevelsoff. Thebestmatch-
ing pairandthecorrespondinganswercandidatestring
are then returned. In Figure1, the systemgenerates
a paraphrasespacebetween O and P to seekbetter
matches.Heretheparaphrasespaceis a searchspace
consistingof paraphrasesgeneratedfrom questions
andpassages.Sinceit canbeintractablylarge,we re-
strict theparaphrasegenerationin agreedysearch-like
manner.

The current system also utilizes this algorithm.
Knowledgefor paraphrasingis basicallythe sameas
in ourprevioussystem.

3 Results

3.1 Passageretrieval

We first examinedthe accuracy of the passagere-
trieval module. The systemretrieved passageswhich
containsacorrectanswerfor 163questionsoutof 197
questionsin subtask1. This meansthat the system
failedto find ananswerfor 34 ( Q7RTS UWV ) questions.The
accuracy is variableby the parameterwhich setsthe
numberof passages.We needto setthis at anappro-
priatevalue.

3.2 Answer seeking

The resultsof the overall questionansweringtask
areshown in Table1 for subtask1andTable2 for sub-
task2. We conductedexperimentson four types of
modelwhich arecombinationsof two setsof alterna-
tives: with ( C ) or without ( X ) re-rankingusingstruc-
tural information (re-ranking), and with or without
greedyanswerseekingusingparaphrasing(paraphras-
ing). We comparedtheseresultsto analyzetheeffects
of there-rankingmodelandparaphrasing.Thevalues
areMRR in Table1 andmeanF-valuein Table2

Table 1. MRR in subtask1X re-ranking C re-rankingX paraphrasing 0.340 0.311C paraphrasing 0.341 0.310

Table 2. Mean F-value in subtask2X re-ranking C re-rankingX paraphrasing 0.219 0.185C paraphrasing 0.220 0.185

4 Discussion

4.1 Effects of re-ranking by structural
matching

As Table1 and Table2 show, re-ranking using
structuralmatchinghada negative ratherthana pos-
itive effect. The main reasonwhy re-rankingdid not
work is scatteredkeywords. Questionkeywords of-
tenappearin positionssyntacticallyisolatedfrom the
answer. Furthermorethey tendedto be scatteredbe-
yond sentenceboundaries. In such cases,without
deeperanalysisof discourseincludingcoreferenceres-
olution, structuralmatchingis ineffective. We have
shown previously theimportanceof coreferencereso-
lution in questionanswering[13]. For YZQ9V of ques-
tions in QAC1, matchingpassagescontainmorethan
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Table 3. Experimental results using vari-
ous scoring functions

scoringfunction s1 s2 s2’
(2) 0.356 0.211 0.211
(3) 0.351 0.210 0.154
(4) 0.353 0.211 0.212
(5) 0.296 0.167 0.108

onecoreferencewhich hasto be resolved in orderto
matchwith thequestionsentenceexactly.

Even in casesin which there is no coreference,
structural information did not work in most cases.
We expectedthat paraphrasingwould help structural
matching,however, thesizeof our currentparaphras-
ing knowledgewastoo smallto do so.We discussthe
effectsof paraphrasingin Section4.3.

4.2 Variations of scoring function

The systemcalculatedthe score of a bunsetsu-
phraseusingthefunction(1). As previouslystated,the
functionmayattachea greatdealof importanceto the
valueof structuralconfidenceto excess.We thencon-
ductedexperimentsusingvariousscoringfunctionsas
follows.

132547698 : < >[A\C�EHGNI�K L (2)

132547698 : < >[A\C�EHGNI�K L C�1 (3)

132547698;:]< >[A\C�EHGNI�K^L�C�1�I�KNM (4)

132547698;:]< >@>BADCFEHGJI�KJL�C�13GJI�KNM (5)

The function (2) correspondsto “without re-ranking”
andthe function(5) correspondsto “with re-ranking”
denotedin Section3.2.

The resultsof experimentsare shown in Table3.
Columns1 ands2 show the resultsfor subtask1and
subtask2respectively. Columns2’ showstheresultfor
subtask2usingthemodifiedTreeKernelbasedscoring
measurefor structuralmatchingwhich we proposed
in our previoussystem[12]. Eachvaluein Table3 is
MRR for subtask1andmeanF-valuefor subtask2.We
manually tunedsomesystemparametersfor the ex-
perimentsin orderto concentratevariationof scoring
functions. This causedslight differencesbetweenthe
resultin Table3 andthatin Table1 andTable2.

Thefunction(2) gave thetop performancefor sub-
task1. This meansthat structuralmatchingcould not
bringdesiredeffect for subtask1.Theresultof s2’ us-
ing the function (4) gave slightly higer meanF-value
thanthatusingthefunction(2). This shows availabil-
ity of structuralmatching.

4.3 Effects of paraphrasing

Oncomparisonbetweenwith ( C ) paraphrasingand
without( X ) paraphrasingin Table1 andTable2, it be-
comesclear that the effects of paraphrasingare ex-
tremelysmall.

For 200questionstherewere2000pairsof question
andpassage.Thesystemgenerated7829(3.91on av-
erage)paraphrases.Of those7829paraphrases,6668
paraphraseswere of passagesand 1161 paraphrases
wereof questions.The paraphrasesof questionsdid
notincludeparaphrasesproducedby thequestionanal-
ysismodulewhich regularizesfrom interrogative sen-
tencesto affirmativesentences.

Greedyanswerseekingrepeated1.08timeson av-
erage.This doesnot meanthat thesimilarity between
a questionanda passagelevels off, but that thereis
often insufficient paraphrasingknowledge to gain a
matchingscore. The numberof paraphrasingrules
which were usedto gain a matchingscorewas 592.
In other words the systemgeneratedeffective para-
phrases0.296timeson averagefor eachpair.

5 Relatedwork

Hermjakob et al. [6] and Dumaiset al. [3] report
thatusingparaphrasepatternsresultedin considerable
improvementswhenusingthe web asan information
source,but did not work effectively when the infor-
mationsourcewaslimited to a closeddocumentcol-
lection. Whenresourcesarelimited suchasin QAC2,
largescaleparaphrasingknowledgeis required.

Ittycheriahet al. [8] andKiyota et al. [9] usedsyn-
tacticstructureinformationasa scoreto beappended.
In our approach,however, this informationwasused
asa penalty. The penaltywas too strict, sinceques-
tion key wordsappearedin positionsisolatedfrom the
answerin many passages.

6 Conclusion

The characteristicsof our questionansweringsys-
tem are1) a re-rankingmodelusingstructuralinfor-
mation and 2) greedymatchingusing paraphrasing.
Unfortunately, the resultof evaluationshows that the
re-rankingmodel did not work. It could be usedas
anapproachwhichavoidsusingstructuralinformation
for matchingbetweena questionanda passage,how-
ever, an answerfound by shallow information such
asproximity of keywordsdoesnot have a reasonable
level of certainty. We must thereforeinvestigatethe
effective useof structuralinformation. Thoughpara-
phrasingseemedto bea solutionfor theproblem,the
result also shows that the knowledgeusedfor para-
phrasingwasstill insufficient.
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We arenow investigatinga variationof paraphras-
ing which is expectedto bemorehelpful for question
answering.
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