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Abstract

We presentour uni ed approach to questionan-
sweringin different languages and describeour ex-
perimentson the Japareselanguage NTCIR-3Ques-
tion AnsweringChallenge (QAC-1) tasksl and2. The
modé we usefor Japanesdanguage questioranswer
ing (QA) is identical to the onewe haveapgdied suc-
cessfullyon the English language TREC QA tasks,
basedon a novel statistical, nondinguistic and data
driven approach to questionanswering Using this
methal ontheformalrun of QAC-1weobtainan MRR
of 0.340 on task 1 and an average F-score of 0.159
Thetopl accuracy of 26.9% compaesvery well with
resultsobtainedusing an identicd approach on the
TRECevaludions.
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1 Intr oduction

In this paperwe preseh our uni ed appoachto
questionansweringn differentanguagsanddescribe
our experimentson the Japaneséanguag NTCIR-3
QuestionAnsweringChalleng (QAC-1) tasks1 and
2. The modd we usefor Japanesdanglage ques-
tion answering(QA) is identicalto the onewe have
appied successfullyto Englishlanguag@ QA on the
TRECtasks[10]. Our QA systemis basedon a statis-
tical, nonlinguistic, data-diven apgroachto question
answerig, which usesthe N -gram statisticsfrom a
large collectionof exanple questiois with correspod-
ing answergg-and-a)andlargeamountsof text datain
whichto nd ananswer In contrastto othercontem
porary apprachego QA our Englishlanguag system
does not useWordNet[4, 6], namal-entity (NE) ex-
traction or ary otherlinguistic information e.g.from
semanti@nalysig4] or from questiorparsing4, 5, 6]
andusescapitalisedword tokers asthe only features
for mocklling. For our Japanessystem althoudh we
currently use Chasento segmert Japaneseharater
sequenesinto unitsthatresemblevords,we make no
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useof ary morptologicalinformation asusedfor ex-
amplein [1, 7], we do not useNE-tagdng asin [1]
andwe donotdoary form of linguistic analysisof the
questioror of thedatain whichanswersaresough [8].
Constructilg QA systemsfrom g-ard-a datahasal-
readybeenproposedin [11] wherea part-of-speech
taggeris usedo clusterquestios. Ourappoach,how-
ever, usesonly the word tokers in the question and
answerstringsduring trainingandtesting.

We shaw that with suitabletraining data, our ap-
proach canbe appliedeffectively to two very differ-
entlanguags: JapanesandEnglish. Moreover, each
systemachieresperformane thatis competitive with
mary contanporay systemsthouch still somavhat
worsethanthe bestsystems.

In Section2 we give the highlights of our statisti-
cal classi cation apprachto QA which is described
morecompgetelyin [10]. In Section3 we descrike the
experimentalsetupandpresentheresultsobtainal on
NTCIR-3 QAC-1tasksl and2. In Section4 we dis-
cusstheresultsandconclwein Section5.

2 QA asstatistical classi cation

The answerto a questiondepemls primarily on the
guestionitself but alsoon mary otherfactorssuchas
thepersonaskingthe questionthelocationof the per
son,whatquestionghe personhasasled before, and
soon. Although suchfactos areclearly relevart in a
real-world scenaridhey aredif cult to modé andalso
to testin anoff-line mode,for examge, in the context
of the NTCIR and TREC evaluatiors. We therefoe
chocseto conside only the depenénceof ananswer
A onthe questionQ, whereeachis consideed to be

pothesizethat the answerA dependson two setsof
featuesW = W(Q) andX = X (Q) asfollows:

P(AJQ) = P(AjW;X); (1)

of Iy featuresdescribingthe “questiontype” part of
Q suchas (who), (when) (wheme),



(which), etc. andX = Xxj;:::;X, isasetof Ix
featuescomgising the “information-baring” part of
Q i.e. whatthe questionis actuallyabou andwhat it
refersto. For examge, in thequestiors,

(WheewasTomCruise
married?)and
(Whenwas Tom Cruise married?) the information-
beaing componentis identicd in both casesvhereas
thequestiontype compaentis different.

Findingthebestanswer involvesasearctoverall
A for the onewhich maximizesthe probability of the
abore model:

A= argmaxP (A j W; X): 2)

This is guaanteedo give usthe optimd answerin
a maximum likelihoad senseif the probability distri-
bution is the correct one. Making various conditional
independerreassumptionasdescritedin [10] to sim-
plify moddling, we obtainthe nal optimisationcrite-
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model model

The P(A j X) modelis essentiallya languae
mockl which modds the probability of ananswerse-
quence A given a setof informationbearingfeatures
X. It modelsthe proximity of A to featuresn X . We
call this modeltheretrieval modelandexamireiit fur-
therin Section2.1

The P(W j A) modelmatchesan answerA with
featuesin the questiontype setW. Roughy speak-
ing this modelrelatesways of askinga questionwith
classesof valid answers. For examge, it associates
dates,or daysof the weekwith whentype questions.
In generalthereare mary valid and equiprdable A
for a given W so this commnentcan only re-rark
canddateanswergetrieved by the retrieval model. If
the Iter modé were perfect andthe retrieval model
wereto assignthe correctanswera higher probaility
thanary otheranswersof the sametype the correct
answershoud alwaysberanked rst. Corversely, if
anincorrect answey in the sameclassof answersas
thecorrectansweryis assignedx higherprabability by
the retrieval modelwe cannd recover from this error.
Conseqently, we call it the Iter modelandexanine
it furtherin Section2.2.

2.1 Retrieval model
Theretrieval model essentiallymodéds the proxim-

are actually modelling the distribution of multi-word
sequenes. This shouldbe bome in mind in the fol-
lowing discussiorwherever A is used.As mentiored
above, we currently usea deterninistic information-
featue mappng function X = X (Q). This mappiry

only gereratesword m-tuples(m = 1;2;:::) from
singlewords in Q that are not presentin an empiii-
cally built stop-listof around 50 highfrequerty words
for Englishand arownd 75 high-frequery words for
Japanesdn principle thefunction could of courseex-
tract deeperlinguistic featues but we leave this for
future work.

We rst assumehatacorpusof text dataS is avail-
able for searchingfor answerscompising jSj sen-

and a vocalulary V of jVj unigue words. We use
the notdion X; to de ne an active set of the fea-
suchthat X; = x3  (di);x2
(di, ) where () is a discreteindi-
catorfunctionwhichequads 1 if its argumentevaluates
true(i.e. its agument(s)areequd, is notanemptyset,
or is a positive nunber) and 0 if false(i.e. its argu-
mentg) arenot equal,is anemptyset,is 0 or is a neg-
ativewumter) andd = [dy;:::;d\ ]isthesolutionto
i= X2 1.
The probability P(A j X) is modeledasa linear
interpolationof the 2'x distributions:
X
P(AjX)= X,
i=1
where x, = 1=2'x for all i andP (A j X;) is the
condtional probaility of A giventhe featureset X
andis compued asthe maximumlik elihoad estimate
fromthecorpts S.

P(A]Xi); (4)

2.2 Filter model

A setof jVwj single-word featuresis extracted
basedon frequeng of occurencein questiondata.
Someexamges include: (How mud),
(Whid), (Whidh), (What)etc. Thequestion
type mappirg funcdion W (Q) extractsn-tuples(n =
1;2;:::) of questiontype featuresfrom the question
Q, suchas (How many and
(Until when)

Modelling the comgex relationship betweenW
andA directly is nontrivial. We therefae introduce
anintermedate variablerepresentingclasse®f exam
ple g-ard-a,c. for e = 1:::jCgj drawn from the set
Ce, andto facilitatemocelling we saythatW is con
ditiondly independeniof A givence asfollows:

igei
P(WJjA)= P(Wjce) P(cjA): (5

e=1

w(y)  a.

jf(ty)=e i=1

tainedby ¢, =



Assumingconditioral independerce of the answer
words in classce given A andmakingthe modelling
assumptia thatthej thansweworday® in theexanple
classc, is depementonly on the j th answerword in
A we obtain:

IXEJ N(e
P(WjA)= P(W jce) P(aia)
e=1 j=1
ige] e €Al
= P(Wjc) P(ajca)P(Ca &);
e=1 j=1 a=1

(6)

wherec, is aconceteclassin the setof jCaj answer
classe€a , andassumingy’ is conditianally indepen

dert of g givenc,. Thesystemusingthe above for-

mulation of Iter model given by Equation (6) is re-

ferredto asmocdel ONE.

3 Experimental work

As mentimedearlierour systenrelieson someno-
tion of wordsasthemodelling units. We therefoe use
ChaserR.3.3associateavith the IPADIC 2.7.0 dictio-
nary for all questionsegmertation (bath training de-
velogpmentandevaluation questims),answersegmen
tationanddatasegmentdion. Themorphologicd anal-
ysis output by Chaserwith information suchaspart-
of-speechNE-tagsetc.is notusedin ary way.

Fortrainingthe Iter modelweusejCgj = 268531
exanple g-ard-afrom the 5TAKU quiz data[9] where
a questionis posedtogetherwith 5 candidite an-
swerssuch as: /

Here,eachclasscontainsoneuniqueexamge g-ard-a.
Weremoveary questioswhich overlap charater-for-
chaacterwith questios in the QAC-1 additiona and
formal runs. A setof jMyyj = 125 single-word fea-
turesis extractedfrom the mostfrequently occuring
words in questiors in the 5TAKU quiz data.Themost
frequentjVc,j = 215000words from the Mainichi
Newspapger (1998-1999) corpws were usedto obtain
Ca for jCaj = 5000clusters.

3.1 Data sources

We usetwo differernt corpaa asthe sourcefor lo-
catinganswergso questios: (1) the Mainichi Shim-
bun (1998-199) newvspagr corpws (mai) that was
the of cial sourcefor the NTCIR-3 QAC-1 task;and
(2) the NTCIR-3 WEB snapshb crawled in 2001
(wwv). For one setof expelimentswe also corsider
a comhbnation of both the newspager and web data
(mai+ wwv). Docunentsare retrieved using akechi-
2.01b[2]. For eachquestionand eachdatasource,
jUj = 1;5;10;50; 100 500 1000; 5000 documents

areretrieved. For mai+www we alsousea combina-
tion of 5000 mai documentsand5000wwwdocunents
for eachquestion.

3.2 Development: QAC-1 additional run

We usethe 757 questiondrom the NTCIR-3 task1
additional run setfor systemdevelopmert purposes.
For determiring systemperfamancefor tasksl and
2 we use the evaluation tool [3] provided after the
NTCIR-3 QAC-1 confaence. In addition we also
compute the topl accurag asis now comman in the
NTCIR and TREC QA evaluations, however, we ig-
nore the correctnes®f suppating documentsin deter
mining answercorrectness.
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Figure 1. Systemaccurag vs. maximum docu
mentsusedfor NTCIR-3 QAC-1 additionalandfor-
mal runson 2 differentdatasources.

In Figure 1 the solid lines shov the accuagy on
the 757 addtional run questios againstthe numbe
of documentsusedfor eachof thetwo datasourcesin
the top half of Table 1 we show the bestperforming
systemson the additianal run using 5000 docunents
for eachof mai and wwwand 1000 documentsfor
thecombined mai+www datasource

3.3 Evaluation: QAC-1 formal run

For the evaluation systermwe addin the 757 g-and
a from the NTCIR-3 task1 additioral run setto the
26831 examges usedduring developmen. We then
perform a nal evaluationon the 200 questiors from
the NTCIR-3 QAC-1 formal run which wasreleased
befae the additional run having previously ensured
therewas no overlap betweenthem. The samescor
ing tool is usedfor assessingystemperformance.

In Figure 1 the dashedines showv the accurag on
the 200 formal run questios agairst the numter of
documentsusedfor eachof the two datasources.In
the bottomhalf of Table1 we show the resultson the
formal run obtairedby thebestperformingsystemsn
theadditioral run (givenin thetop half of Table1).



|Run| Data | Accuray | MRR | F-score]
A mai 149(0.197) | 0.260 | 0.131
d Www 91(0.120) | 0.172 | 0.084
d mai+www | 154(0.203) | 0.277 | 0.130
F mai 48(0.24)) | 0.316 | 0.150
o] wWww 37(0.1%) | 0.237 | 0.106
r mai+www | 53(0.26) | 0.340 | 0.159

Table 1. Accuragy, MRR andF-scoreon NTCIR-3
QAC-1 additional(Add) andformal (For) runsusing
5000mai docurnentsand 5000documets wwwand
100 documeits from mai+www.

4 Discussion

Fromtheresultsin Table1 we canseethatthe sys-
tem perfamanceis quite impressie despitethe sim-
plicity of our appoach.While the perfamancseis still
somavhatlowerthanthatof thebestparticipatingsys-
tems (MRR: 0.61 and F-score: 0.36) we are some-
wherein the mid-rangeof all participatirg systems.

A particulaty interestingobsenation is that the
more datawe usethebettertheresults.While we have
still not found an optimum (pefformarce could con-
ceivally deterigateif too mary docunentsare used)
it appearsfrom Figure 1 that performarce is still in-
creasingalbeit at a slower rate. Moreover, usingthe
10000 docurrentsfrom 2 different datasourcesgives
usour bestoverall resultwith anMRR=0.34ontask1
andanF-score=0l59ontask2.

These results agree very favourably with those
obtaired on English in the TREC evaluatins. In
TREC20® our model ONE systemusing only the
suppied AQUAINT corpus achieved an of cial topl
accuncy of 14.3%whenignoring the needfor correct
doaumentsupprt. Our estimatedperfomanceof the
model ONE systenmusingwebdatainsteadvas17.7%.
Theseresultsshov thatour modelis equallyeffective
for bothEnglishandJapanselanguag QA.

% errorsin eachmodel combiration | NOT
R F R&F ERR.
42.8% | 21.7% 32.9% 2.6%

Table 2. Percentageof errors of total 152 in
Retrieval, Filter and Lengthmodels,and NOT actu-
ally ERRPorsbestsystemon the QAC-1 formal run.

In Table2 we give a subjectve brealdown of which
mockl is respomsible for the erras on the bestformal
run. We seethatthe majority of errors areattributable
to the retrieva model which wasalsothe casefor the
Endish-langwagesysten{10] andre ectsthesimplic-
ity of our currentretrieval model. Improved modds
will therebre be investigatedin the future. We also
corsideredthat 4 errorsinvolving correct datesbut
without  wereactuallycorrect.

5 Conclusion

In this paperwe have demorstratedthe effective-
nessof our uni ed apprach to questionanswering
on Japanesandshowvn thatthe performane is com-
paratke with similar English languae tasks. While
the performarce still falls short of the bestsystems
arownd today our systemusesno linguistic infor-
mation whatswer (except to perform charater sey-
mentatia) insteadrelying on large quantitiesof real-
world trainingexamgesandlargeamouwunts of datafor
searchig for answers. In future we aim to comge-
mentour data-diven apgoachwith alittle morelin-
guistic awareressand extendour uni ed appoachto
otherlangua@s.

A demamstrationof the systemusing model ONE
suppoting questios in Endish, Japanese,Chi-
nese,Russianand Swedishcan be found online at
http://  asked.jp/
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