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Abstract

We proposea new methodof using multiple doc-
umentsas evidence with decreasedadding to im-
prove the performanceof a question-answeringsys-
tem. Sometimes,the answerto a questionmay be
found in multiple documents. In such cases,using
multipledocumentsfor predictionwouldgeneratebet-
ter answers thanusinga singledocument.Thus,our
methodemploysinformationfrommultipledocuments
by adding the scores of the candidateanswers ex-
tractedfrom the variousdocuments.Becausesimply
addingscoresdegradesthe performanceof question-
answeringsystems,we add scores with decreasing
weightsto reducethenegativeeffectof simpleadding.
We carried out experimentsusingthe QAC1 testcol-
lectionandconfirmedtheeffectivenessof our method
throughastatisticaltest.Ourmethodproduceda large
improvement,with valuesof 0.05to 0.14for theeval-
uationscores(MRR/MF).We alsoobtainedrelatively
good resultsin the experimentsusing the QAC2 test
collection.Theseresults,andthefact thatour method
is very simpleand easyto use, demonstrate its feasi-
bility andutility for question-answeringsystems.

Keywords: Multiple Documents, Decreased
Adding, CombinedMethod

1 Introduction

A question-answeringsystemis an applicationde-
signedto producethe correct answerto a question
givenasinput. For example,when“What is thecapi-
tal of Japan?”is givenasinput, a question-answering
systemmayretrieveadocumentcontainingasentence,
like “Tokyo is Japan’scapitalandthecountry’slargest
andmostimportantcity. Tokyo is alsooneof Japan’s
47 prefectures.” from an online text, suchasa web-
site,anewspaperarticle,or anencyclopedia.Thesys-
tem can then output “Tokyo” as the correctanswer.
We expectquestion-answeringsystemsto becomein-
creasinglyimportantasa moreconvenientalternative

to systemsdesignedfor informationretrieval, andas
a basiccomponentof futureartificial intelligencesys-
tems.Recently, many researchershave beenattracted
to this importanttopic. Theseresearchershave pro-
ducedmany interestingstudiesonquestion-answering
systems[4, 3, 1, 2, 5, 7]. Evaluatedconferences,or
contests,on question-answeringsystemshave been
held in both the U. S. A. and Japan. In the U. S.
A., anevaluatedconferencehasbeenheldastheText
REtrieval Conference(TREC) [17], while in Japan,a
conferencecalledthe Question-AnsweringChallenge
(QAC) hasbeenconducted[13]. Theseevaluatedcon-
ferencesaim to improve question-answeringsystems.
Researchersmake their question-answeringsystems
and usethem to solve the samequestions,and each
system’s performanceis thenexaminedto gleanpos-
sibleimprovement.We have investigatedthepotential
of question-answeringsystems[10] andstudiedtheir
constructionby participatingin the QAC [13] at NT-
CIR 3 [11].

In this paper, we proposea new methodusingmul-
tiple documentsasevidencewith decreasedaddingto
improve the performanceof question-answeringsys-
tems. Sometimes,the answerto a questionmay be
found in multiple documents. In such cases,using
multiple documentsfor predictionwould generatea
betteranswerthanusingonly onedocumentfor ques-
tion answeringsystems[1, 2, 5, 16]. In our method,
informationfrom multiple documentsis employedby
addingthescoresfor thecandidateanswersextracted
from the various documents[2, 16]. Becausesim-
ply adding the scoresdegradesthe performanceof
a question-answeringsystem,our method adds the
scoreswith decreasingweightsto overcometheprob-
lemsof simpleadding. More concretely, our method
multiplies thescoreof the � -th candidateanswerby a
factorof �����	��
� beforeaddingthescoreto therunning
total. The final answeris then determinedbasedon
thetotal score.For example,supposethat “Tokyo” is
extractedasacandidateanswerfrom threedocuments
andhasscoresof “26”, “21”, and“20”, andassume
that � is 0.3. In thiscase,thetotalscorefor “Tokyo” is
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Table 1. Candidate answers with original
scores, where “Toky o” is the correct an-
swer

Rank Candidateanswer Score DocumentID
1 Kyoto 3.3 926324
2 Tokyo 3.2 259312
3 Tokyo 2.8 451245
4 Tokyo 2.5 371922
5 Tokyo 2.4 221328
6 Beijing 2.3 113127
... ... ... ...

Table 2. Candidate answers with simpl y
added scores where “Toky o” is the cor -
rect answer
Rank Cand.ans. Score DocumentID

1 Tokyo 10.9 259312,451245,...
2 Kyoto 3.3 926324
3 Beijing 2.3 113127
... ... ... ...

“34.1” (= 26+ 21 � 0.3+ 20 ����� ��� ). Thus,wecalcu-
latethescorein thesameway for eachcandidateand
take the answerwith the highestscoreasthe correct
answer.

To evaluatethismethod,weexperimentedusingthe
QAC testcollection[13] andconfirmedtheeffective-
nessof ourmethodthroughastatisticaltest.In ourex-
periments,we constructeda question-answeringsys-
temandemployedfour variationsof it to confirmthat
ourmethodwaseffective. Wealsoconfirmedthatsim-
ply addingthescoresfrom multiple documents,with-
out employing decreasingweights,degradedthe per-
formanceof the question-answeringsystemsin some
cases. Our methodis very simple and easyto use,
andit improvestheperformanceof thesesystems,thus
demonstratingits feasibilityandutility.

2 Use of Multiple Documents as Evi-
dence with Decreased Adding

Supposethat the question,“What is the capitalof
Japan?”,is input to aquestion-answeringsystem,with
the goalof obtainingthe correctanswer, “Tokyo”. A
typical question-answeringsystemwould output the
candidateanswersandscoreslisted in Table1. These
systemsalsooutputadocumentID indicatingthedoc-
ument from which each candidateanswerwas ex-
tracted.

For theexampleshown in Table1, thesystemout-
putsanincorrectanswer, “K yoto”, asthefirst answer.

A methodbasedon simply adding the scoresof
candidateanswerswas usedpreviously [2, 16]. For

Table 3. Candidate answers with original
scores, where “K yoto” is the correct an-
swer

Rank Cand.ans. Score DocumentID
1 Kyoto 5.4 926324
2 Tokyo 2.1 259312
3 Tokyo 1.8 451245
4 Tokyo 1.5 371922
5 Tokyo 1.4 221328
6 Beijing 1.3 113127
... ... ... ...

Table 4. Candidate answers with simpl y
added scores where “K yoto” is the cor -
rect answer
Rank Cand.ans. Score DocumentID

1 Tokyo 6.8 259312,451245,...
2 Kyoto 5.4 926324
3 Beijing 1.3 113127
... ... ... ...

ourcurrentexamplequestion,thisproducestheresults
shown in Table 2. In this case,the systemoutputs
the correctanswer, “Tokyo”, asthe first answer. The
methodcanthusobtaincorrectanswersby usingmul-
tiple documentsasevidence.

The problemwith this method,however, is that it
is likely to selectcandidateanswerswith high fre-
quencies.It is a seriousproblemfrom a performance
standpoint,in particular. In thecaseof a systemwith
goodinherentperformance,theoriginal scoresthat it
outputsareoftenmorereliablethanthesimply added
scores,so the useof this methodoften degradesthe
systemperformance.

To overcomethis problem,we developedour new
methodof usingmultiple documentsasevidencewith
decreasedadding.Insteadof simply addingthescores
of the candidateanswers,the methodaddsthe scores
with decreasingweights. This approachreducesthe
negative effect of a question-answeringsystembeing
likely to selectcandidateanswerswith high frequen-
cies,while still improving theaccuracy of thesystem
by addingthescores.

We can demonstratethe effect of our proposed
method by giving an example. Supposethat a
question-answeringsystem outputs Table 3 in re-
sponseto thequestion,“What wasthecapitalof Japan
in A.D. 1000?”. The correctansweris “K yoto”, and
the systemoutputsthe correctanswerasthe first an-
swer.

Whenweapplythemethodof simplyaddingscores
in this system,however, we obtainthe resultsshown
in Table4. In thiscase,theincorrectanswer, “Tokyo”,



Table 5. Candidate answers obtained by
decreased adding, where “K yoto” is the
correct answer
Rank Cand.ans. Score DocumentID

1 Kyoto 5.4 926324
2 Tokyo 2.8 259312,451245,...
3 Beijing 1.3 113127
... ... ... ...

Table 6. Candidate answers obtained by
decreased adding, where when “Toky o”
is the correct answer
Rank Cand.ans. Score DocumentID

1 Tokyo 4.3 259312,451245,...
2 Kyoto 3.3 926324
3 Beijing 2.3 113127
... ... ... ...

achievesthehighestscore.
To overcomethis problem,we cantry to applyour

proposedmethodof addingcandidatescoreswith de-
creasingweights. Supposethat we implementour
methodby multipling the scoreof the � -th candidate
by a factor of ��� ��������
�� beforeaddingscores. In this
case,thescorefor “Tokyo” is 2.8 (= 2.1 ����� � �!��� ��"���$#%�&��� ���'�"��� ()�*��� ��+ ) and we obtain the re-
sultsshown in Table5. Thecorrectanswer, “K yoto”,
achievesthehighestscore,while thescorefor “Tokyo”
is notablylower.

We canalsoapplyour methodto the first example
question,“What is the capitalof Japan?”.Whenwe
useour method,thescorefor “Tokyo” is 4.3 (= 3.2 �, � �-�.�/� �0� , �$#-�.�/� ���1� , � ( �.��� ��+ ), andwe obtain
the resultsshown in Table6. As expected,“Tokyo”
achievesthehighestscore.

As describedhere,our methodof addingscoresfor
candidateanswerswith decreasingweightssuccess-
fully obtainedthe correctanswersto eachof the ex-
amplequestions.This suggeststhe feasibility of the
methodfor reducingtheeffectof aquestion-answering
systembeing likely to selectcandidateanswerswith
high frequencies,while at the sametime improving
the system’s accuracy. We thusconfirmedthe effec-
tivenessof ourmethodexperimentally, asdescribedin
Section4.

3 Question-answering Systems Used in
This Study

Thesystemutilizesthreebasiccomponents:

1. Predictionof answertype

Thesystempredictstheanswerto bea particu-
lar typeof expression,basedon whetherthein-
putquestionis indicatedby aninterrogativepro-
noun,anadjective,or anadverb. For example,if
theinputquestionis “Who is theprimeminister
of Japan?”,theexpression”Who” suggeststhat
theanswerwill bea person’sname.

2. Documentretrieval

Thesystemextractstermsfrom the input ques-
tion and retrieves documentsby using these
terms. The retrieval processthus gathersdoc-
umentsthatarelikely to containthecorrectan-
swer. For example,for theinput question“Who
is theprimeministerof Japan?”,thesystemex-
tracts“prime”, “minister”, and“Japan”asterms
andretrievesdocumentsaccordingly.

3. Answerdetection

The systemextractslinguistic expressionsthat
match the predicted expressiontype, as de-
scribedabove, from theretrieveddocuments.It
then outputsthe extractedexpressionsas can-
didate answers. For example, for the ques-
tion “Who is the prime minister of Japan?”,
thesystemextractsperson’snamesascandidate
answersfrom documentscontainingthe terms
“prime”, “minister”, and“Japan”.

3.1 Prediction of answer type

3.1.1 Heuristic rules

Thesystemweusedappliesmanuallydefinedheuristic
rulesto predicttheanswertype. Thereare39 of these
rules.Someof themarelistedhere:

1. Whendare “who” occursin a question,a per-
son’snameis givenastheanswertype.

2. When itsu “when” occursin a question,a time
expressionis givenastheanswertype.

3. Whendonokurai “how many” occursin a ques-
tion, a numericalexpressionis givenasthean-
swertype.

3.2 Document retrieval

Oursystemextractstermsfrom aquestionby using
a morphologicalanalyzer, ChaSen[6]. The analyzer
first eliminatestermswhosepartof speechis a prepo-
sition or a similar type; it thenretrievesby usingthe
extractedterms.

Thedocumentretrieval methodoperatesasfollows:
We first retrieve the top �3254 
 documentswith the

highestscorescalculatedfrom theequation
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where _ is a document, ` is a term extractedfrom
a question, `acbd_/eT`f is the frequency of ` occurring
in document_ , _gacb�`f is the numberof documentsin
which ` appears,h is thetotal numberof documents,idj@kml `nob	_Mf is the length of _ , and p is the average
lengthof all documents.�rq and ��s areconstantsde-
finedaccordingto experimentalresults.We basedthis
equationon Robertson’s equation[14, 15]. This ap-
proachis very effective, and we have usedit exten-
sively for informationretrieval [9, 12, 8]. In theques-
tion answeringsystem,weusea largenumberfor � q .

Next, we re-rankthe extracteddocumentsaccord-
ing to the following equationandextract the top � 254 �
documents,which areusedin theensuinganswerex-
tractionphase.
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where _ is a document,� is thesetof termsin the
question,and _����@`ub�`t��e` , f is the distancebetweeǹt�
and ` , (definedas the numberof charactersbetween
them)with _����=`ub	`t��eT` , f = 0.5when `t����` , .   254 � b�` , f
is a functionof ` , thatis adjustedaccordingto experi-
mentalresults.

Becauseour question-answeringsystemcan de-
terminewhethertermsoccur neareachother by re-
rankingthemaccordingto Eq. 2, it canusefull-size
documentsfor retrieval. In this study, we extracted
20 documentsfor retrieval. The following procedure
for answerdetectionis thusappliedto the20extracted
documents.

3.3 Answer detection

To detectanswers,our systemfirst generatescan-
didateexpressionsfor the answerfrom the extracted
documents.We initially usedmorphemen-gramsfor
thecandidateexpressions,but thisapproachgenerated

too many candidates.Instead,we now only usecan-
didatesconsistingonly of nouns,unknown words,and
symbols.Also, we usethe ChaSenanalyzerto deter-
minemorphemesandtheir partsof speech.

Our approachto judgingwhethereachcandidateis
a correctansweris to add the score( ¡£¢u¤K¥ jR¦�§�¨ 4�bd¢=f )
for the candidate,underthe condition that it is near
anextractedterm,andthescore( ¡£¢u¤K¥ jª©�§g« b	¢@f ) based
on heuristicrulesaccordingto the answertype. The
systemthenselectsthe candidateshaving the highest
totalpointsascorrectanswers.

Weusedthefollowing methodto calculatethescore
for a candidate¢ underthe condition that it mustbe
neartheextractedterms.
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where ¢ is a candidatefor the correct answer, and  254 � b�` , f is a functionof ` , , which is adjustedaccord-
ing to experimentalresults.

Next, we describehow the score( ¡±¢u¤K¥ j ©�§g« bd¢=f ) is
calculatedbasedon heuristic rules for the predicted
answertype. We used45 heuristic rules to award
pointsto candidatesandutilized thetotalpointsasthe
score.Someof theheuristicrulesarelistedbelow:

1. Add 1000to candidateswhenthey matchoneof
the predictedanswertypes(a person’s name,a
timeexpression,or anumericalexpression).We
use namedentity extraction techniquesbased
on thesupport-vectormachinemethodto judge
whetheracandidatematchesapredictedanswer
type [18]. We usedonly five namedentity as
sameasin ourprevioussystem[11].

2. When a country nameis one of the predicted
answertypes,add1000to candidatesfound in
our dictionaryof countries,which includesthe
namesof almost every country (636 expres-
sions).

3. WhenthequestioncontainsnaniNounX “what
Noun X”, add 1000 to candidateshaving the
NounX.

Our systemhasanadditionalfunctionthatareused
afteranswersareselectedbasedonthescores.It is the
compiling of similar answers. Our systemcompiles
answersthat arepart of otheranswersandthe differ-
encein their scoresis lessthan90%of thebestscore.
The compiling is doneby eliminating answersother
thanthe longestone. We call this methodrate-based
answercompiling.



4 Experiments using the QAC1 data col-
lection

4.1 Data Used in the Experiments

We usedthe Task-1datain the QAC1 datacollec-
tion from the QAC at NTCIR 3 for our first experi-
ments[13]. This datacollection contains200 pairs
consistingof a questionandits answer. It wasdevel-
opedin the Japaneselanguageand is basedon arti-
cles in the JapaneseMainichi newspaperfrom 1998
and1999. The meanreciprocalrank (MRR) is used
for evaluation.By applyingtheMRR, we thenobtain
a scoreof �K²K¥ whenther-th outputansweris correct.
Oursystemoutputsits top fiveanswers.

4.2 Methods of Adding Scores

In the experiments,we employed eachof the fol-
lowing methodsof addingscores.
Original Method

This methodsimply outputstheanswersgenerated
by thequestion-answeringsystemasthey are,without
addingthescoresof eachcandidateanswer.
Simple Adding Method

This methodaddsthescoresof eachcandidatean-
swer as extractedfrom multiple documents. It then
outputstheanswersaccordingto their addedscores.

In our question-answeringsystem,thesignificance
of a candidateansweris greatly changedby a score
of 1000. Therefore,we do not want to skew scores
by addingthe thousandsandhigher-orderdigits from
eachscore. Instead,for scoreswith the samevalues
for the thousandsandhigher-orderdigits, the method
extractsonly thedigitsrepresentingvaluesbelow 1000
(i.e.,hundreds,tens,andunits)fromeachscore.It then
addsall theextractedvaluesto giveasubtotal,whichis
combinedwith thevaluesof thethousandsandhigher
digitssharedby thescores.

On the other hand, the methoddoesnot add the
scoresof candidateswith differentvaluesfor thedig-
its representingvaluesof 1000or greater, but instead
simply takesthehigherscoreasthetotal.

For example,supposethat a candidateanswer ³
appearstwice with scoresof 1025and1016. In this
case,25and16areextractedasthedigits representing
valuesbelow 1000; thesescoresareaddedto obtain
41; andfinally, 41 is addedto 1000,and1041is ob-
tainedasthetotal score.As anotherexample,suppose
that a candidateanswer³ appearstwice with scores
of 2025and1016.Here,thescoreshave differentval-
uesfor thethousandsdigit. In this case,thescoresare
notadded,and2025is obtainedasthetotal score.
Decreased Adding Method

This methodaddsthescoresfor eachcandidatean-
swerextractedfrom multiple documentsin almostthe

sameway asthe simpleaddingmethod. It alsohan-
dlesthedigits representingvaluesof 1000or moreby
usingthesameapproach.

Theactualmethodof adding,however, is different.
The decreasedaddingmethodmultiplies the scoreof
the � -th candidateanswerby a factorof �����	��
� before
addingthescores.This is expressedby thefollowing
equation:6/7�8:9t; � d´ � ¯®tµ� � A¶Bzg·�¸�· ¬ N ¸�¹�z � 7�8:95;Tº � ¸¼»T¸ ¬=®t½ < x ? (5)

Here, ¡£¢u¤K¥ j 2 §¾ 4 §�¨=©�§ 2 is the value of the final
scoreobtainedby the decreasedadding methodfor
the digits representingvalues below 1000, while�R¢u¤K¥ jª¿ 4 �¼Àt� ¦�¨5Á b���f is the valueof the original scoreob-
tainedby thequestion-answeringsystemfor thesedig-
its.
k

is thenumberof occurrencesof thesamecandi-
dateanswerextractedfrom multiple documentswith
the samevaluesfor the thousandsand higher-order
digits. Finally, � is a constantsetaccordingto experi-
mentalresults.

For example,supposethat a candidateanswer ³
appearstwice with scoresof 2025and2016,andthat�Â�Ã��� � . First, 25 and16 areextractedasthe values
for thedigits below 1000. Thesevaluesareaddedby
usingEq. 5, sothat

, #����RÄÅ�y��� � givesaresultof 29.8.
Then,29.8is addedto 2000,and2029.8is obtainedas
thetotal score.

In thisstudy, weused0.01,0.02,0.05,0.1,0.2,0.3,
0.4,0.5,0.6,0.7,0.8,and0.9asvaluesof � .
Combined Method

This method is a combination of the original
method,thesimpleaddingmethod,andthedecreased
addingmethod(with thesametwelve possiblevalues
of � , i.e., 0.01,0.02,0.05,0.1, 0.2, 0.3, 0.4, 0.5, 0.6,
0.7, 0.8, and0.9). First, the combinedmethodiden-
tifies the methodobtainingthe bestperformance(as
measuredby theMRR/MF) for a setof trainingdata.
Then,it usesthebestmethodto outputanswers.

In thisstudy, wedid notuseany dataotherthanthe
QAC test collection, so we performed10-fold cross
validationfor trainingpurposes.

Thecombinedmethodinvolvestwo importantcon-
siderations.

Oneis thecombinationof multiple methods.It can
selecta goodmethodfor eachcaseandimprove sys-
temperformance.

Thesecondconsiderationis fair evaluation.For ex-
ample,thedecreasedaddingmethodhadtwelvepossi-
ble valuesof � in our experiments.Becausethevaria-
tion in � is large,evenif asystemusingacertainvalue
for � obtainsa goodevaluationscore,the scoremay
bea rarefluke foundonly in thetestdata. In general,
to avoid suchunfair evaluationandto calculateappro-
priateevaluationscores,the10-foldcrossvalidationis
used.



4.3 Tested Systems

As notedabove, we usedthe question-answering
systemdescribedin Section3 for theexperiments,but
we employedfour variationsof it, aslistedhere.Note
that the designation,Sys-3,refersto the basesystem
exactlyasdescribedpreviously.

We usedthesefour systemsto confirmwhetherour
proposedmethodof usingmultiple documentsasevi-
dencewith decreasedaddingwouldbeeffectivein var-
iousquestion-answeringsystems.
Sys-1

Unlike Sys-3,which usesEq. 4, this systemuses
thefollowing equation.
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Sys-1thusdoesnotusethedistancesbetweenacan-
didateanswerandthe termsextractedfrom the input
question.
Sys-2

Thissystemdividesdocumentsintoparagraphsdur-
ing documentretrieval without re-rankingbasedon
Eq. 2, andit alsousesEq. 6 insteadof Eq. 4.

Sys-2thusalsodoesnot directly usethe distances
betweena candidateanswerandthe extractedterms.
Becauseit dividesdocumentsinto paragraphsduring
documentretrieval, however, it doesconfirmwhether
a candidateanswerappearsin the sameparagraphas
eachterm. This enablesSys-2to utilize a little more
informationrelatedto the distancesbetweenthe can-
didateanswerandtheextractedterms,ascomparedto
Sys-1.
Sys-3

Sys-3is thebasequestion-answeringsystemasde-
scribedin Section3.

4.4 Experimental Results

We conductedexperimentswith the QAC testcol-
lection for Task-1by usingthe methodsdescribedin
Sections4.2and4.3.Theresultsareshown in Table7.
In the table,the leftmostcolumnindicatestheadding
method, while the top line indicates the question-
answeringsystem. We usedthe two-sidedt-testasa
statisticaltestto recognizesignificantdifferences,with
the original methodasthe baselinemethod. Whena
methodperformedbetterthanthe baselinemethodat
the0.05or 0.01significancelevel, it wastaggedwith
“+” or “++”, respectively. Likewise, whena method
performedworsethanthebaselinemethodat the0.05
or 0.01 significancelevel, it was taggedwith “-” or
“–”, respectively.

Table 7. Results for Task-1 in QAC1 (MRR)
Sys-1 Sys-2 Sys-3

Original 0.294 0.405 0.541
Simple 0.387

W/W
0.474

W
0.449

¹�¹
Combined 0.437

W/W
0.506

W/W
0.597

W/W
Decreased
k=0.01 0.432

W/W
0.498

W/W
0.551

k=0.02 0.433
W/W

0.502
W/W

0.561
k=0.05 0.440

W/W
0.510

W/W
0.563

k=0.1 0.449
W/W

0.516
W/W

0.570
k=0.2 0.446

W/W
0.509

W/W
0.590

W/W
k=0.3 0.450

W/W
0.504

W/W
0.597

W/W
k=0.4 0.434

W/W
0.504

W/W
0.580

k=0.5 0.428
W/W

0.509
W/W

0.565
k=0.6 0.414

W/W
0.505

W/W
0.544

k=0.7 0.411
W/W

0.498
W/W

0.537
k=0.8 0.399

W/W
0.489

W/W
0.492

k=0.9 0.390
W/W

0.480
W/W

0.472
¹

4.5 Discussion

From Table 7, we found the following: The sim-
ple addingmethodobtainedlower performancethan
theoriginal methodin somecases(Sys-3).Thecom-
binedmethod,which includesour proposedmethod,
alwaysobtainedhigherperformancethantheoriginal
methodand the simpleaddingmethod. Our method
produceda large improvement,with valuesof 0.05
to 0.14 for the evaluationscores(MRR). In the de-
creasedaddingmethod,0.2 and 0.3 were good val-
uesfor � . We actuallycountedthefrequency of using
eachmethodin the combinedmethodandconfirmed
that the frequency of using0.2 or 0.3 wasvery large.
With our bestquestion-answeringsystem(Sys-3),the
combinedmethodobtainedscoresof 0.597for Task-
1, while theoriginalmethodobtainedscoresof 0.541.
Thebestscorewas0.608in theQAC contest.Wehave
triedmany otherwaysto improvequestionanswering,
but we could not improve questionansweringeasily.
Although our proposedmethodin this paperis very
easyandfeasible,it couldmakequitea largeimprove-
mentandobtainalmostthesameprecisionasthebest
scorein theQAC contest.

The proposedmethod using multiple documents
as evidencewith decreasedadding has the problem
that when only one documentincludesanswers,the
methodcannotaddthe scoresof answersin multiple
documents,and the performanceof the systemdete-
riorates. We examinedthis problemby usingSys-3,
whichofferedthebestperformance.Wecalculatedthe
systemperformanceof Sys-3with variousnumbersof
documents( Æ ) including answersamongthe top 20
documentsobtainedduringdocumentretrieval. As we
expected,in thecaseof 0 Ç x È 1, thecombinedmethod
obtainedlower performancethantheoriginal method.



Table 8. Results for Subtask-1 in QAC2
SystemID MRR
CRL1 0.566
CRL2 0.577
Baseline 0.541

Table 9. Results for Subtask-2 in QAC2
SystemID MF Ratefor select
CRL1 0.321 0.95
CRL2 0.302 0.97
CRLX 0.363 0.90
CRLY 0.358 0.85
CRLZ 0.334 0.80
Baseline 0.293 0.95

Otherwise,however, the combinedmethodobtained
higherperformance.To solve thisproblem,weshould
increasethesizeof thedocumentsetsto obtainmulti-
pledocumentscontaininganswersor identify whether
thenumberof documentsincludinganswersfor anin-
putquestionis oneor more.

5 Experiments using the QAC2 data col-
lection

In this section,we show the experimentalresults
in the QAC2 datacollection. The resultsare shown
in Tables8 to 10. We usedSys-3with the decreased
addingmethodand �-�É�/� � . In Subtask-1,oursystem
outputsits top five answers. In CRL1 of Subtask-2
or Subtask-3,our systemoutputsthe answershaving
a scorethat is more than 95% of the highestscore.
In CRL2 of Subtask-2or Subtask-3,our systemout-
putstheanswershaving ascorethatis morethan97%
of the highestscore. In CRL3 of Subtask-3,our sys-
tem outputsthe top five answers.Although we used
select-onemethodin theQAC1 contest[11], we used
select-by-ratemethodin theQAC2contest.Select-by-
ratemethodoutputstheanswershaving a scoremore
thana certainrate(Ratefor selection)of the highest
score. In Subtask-2,we madeexperimentsof chang-
ing the rate for selection. CRLX, CRLY, andCRLZ
arethe resultsafter thecontest.In Subtask-3,theau-
tomaticevaluationsystemhasnot beengiven by the
organizers,so we could not make additionalexperi-
ments.“Baseline” is thesystemusingSys-3andnot
usingthedecreasedaddingmethod.Sys-2of Subtask-
1 usesthefollowing equation[11] insteadof Equation
4.
 z

CRL is an abbreviation of CommunicationsResearchLabora-
tory, which is thepreviousnameof our institute,NationalInstitute

Table 10. Results for Subtask-3 in QAC2
SystemID MF
CRL1 0.224
CRL2 0.223
CRL3 0.153

6/7�8:95; ¬Rd® � � <�7T?A BP��T{R|M� N � ¸ µ P � ´Ê P��g�¬Rd® � � � �T� � < D �u? Q 8:U Z> H < D �u? (7)
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Our systemsobtainedthe second-bestscore, the
bestscore,andthebestscore,in Subtask-1,Subtask-2,
andSubtask-3of QAC2, respectively. This indicates
that our methodsfor question-answeringsystemsare
veryeffective.

In Subtask-1and Subtask-2,CRL1 which uses
the decreasedaddingmethodoutperformedthe base-
line methodwhich doesnot usethedecreasedadding
method. The effectivenessof the decreasedadding
methodwasalsoconfirmedin theQAC2 datacollec-
tion.

In thispaper, wecouldnotshow theresultsof more
detailedexperimentsin thecaseusingtheQAC2 data
collection, becausethe schedulefor writing is very
tight andour systemneedsa lot of time. (Our system
is very slow.) In the future studies,we plan to make
moreexperimentsandshow them.

6 Conclusions

We have proposeda new methodof usingmultiple
documentsasevidencewith decreasedaddingto im-
provetheperformanceof question-answeringsystems.
Our decreasedaddingmethodmultiplies the scoreof
the � -th candidateby �����	��
� beforeaddingthescoreto
the running total. We found experimentallythat 0.2
and0.3weregoodvaluesfor � . Ourproposedmethod
is simpleandeasyto use,andit producedlargescore
improvements. Theseresultsdemonstratethe feasi-
bility andutility of our method. We alsoappliedthe
methodin variousquestion-answeringsystems.It im-
provedperformancein everycase.

Our participationteam(CRL) obtainedthesecond-
bestprecision,thebestprecision,andthesecond-best
precision,in Task-1,Task-2,andTask-3of QAC1, re-
spectively. It alsoobtainedthesecond-bestscore,the
bestscore,andthebestscore,in Subtask-1,Subtask-2,
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andSubtask-3of QAC2, respectively. Thus,we ob-
tainedvery goodresultsconstantlyin theseriesof the
QAC contest. This indicatesthe effectivenessof our
question-answeringsystem. Our question-answering
systemusesmany kindsof effective methodsthatcan
beusedeasily. Thus,thepaperdescribingthosemeth-
odswill beveryuseful.

Our question-answeringsystemhasnot yet useda
largeontologyfor thenamedentity andhasusedonly
a few kinds of namedentities. In future studies,we
would like to usemorekindsof namedentitiesto im-
prove theperformanceof our system.
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