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Abstract

We presentour uni�ed approach to questionan-
sweringin different languages and describeour ex-
perimentson the Japaneselanguage NTCIR-3Ques-
tion AnsweringChallenge(QAC-1) tasks1 and2. The
model weusefor Japaneselanguagequestionanswer-
ing (QA) is identical to theonewe haveapplied suc-
cessfullyon the English language TREC QA tasks,
basedon a novel statistical,non-linguistic and data-
driven approach to questionanswering. Using this
method ontheformalrun of QAC-1weobtainanMRR
of 0.340 on task1 and an average F-score of 0.159.
Thetop1accuracy of 26.5% comparesverywell with
resultsobtainedusing an identical approach on the
TRECevaluations.
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1 Intr oduction

In this paperwe present our uni�ed approach to
questionansweringin differentlanguagesanddescribe
our experimentson the Japaneselanguage NTCIR-3
QuestionAnsweringChallenge (QAC-1) tasks1 and
2. The model we use for Japaneselanguage ques-
tion answering(QA) is identical to the onewe have
applied successfullyto English language QA on the
TRECtasks[10]. Our QA systemis basedonastatis-
tical, non-linguistic, data-drivenapproachto question
answering, which usesthe N -gram statisticsfrom a
largecollectionof examplequestionswith correspond-
ing answers(q-and-a)andlargeamountsof text datain
which to �nd ananswer. In contrastto othercontem-
poraryapproachesto QA ourEnglishlanguagesystem
does not useWordNet [4, 6], named-entity (NE) ex-
traction, or any otherlinguistic information e.g.from
semanticanalysis[4] or from questionparsing[4, 5, 6]
andusescapitalisedword tokens asthe only features
for modelling. For our Japanesesystem,although we
currently useChasento segment Japanesecharacter
sequencesinto unitsthatresemblewords,we makeno

useof any morphological informationasusedfor ex-
amplein [1, 7], we do not useNE-tagging as in [1]
andwedonotdoany form of linguistic analysisof the
questionorof thedatain whichanswersaresought [8].
Constructing QA systemsfrom q-and-a datahasal-
readybeenproposedin [11] wherea part-of-speech
taggeris usedto clusterquestions. Ourapproach,how-
ever, usesonly the word tokens in the question and
answerstringsduring trainingandtesting.

We show that with suitabletraining data,our ap-
proach canbe appliedeffectively to two very differ-
ent languages:JapaneseandEnglish.Moreover, each
systemachievesperformance that is competitive with
many contemporary systemsthough still somewhat
worsethanthebestsystems.

In Section2 we give the highlights of our statisti-
cal classi�cation approachto QA which is described
morecompletely in [10]. In Section3 we describe the
experimentalsetupandpresent theresultsobtained on
NTCIR-3 QAC-1 tasks1 and2. In Section4 we dis-
cusstheresultsandconcludein Section5.

2 QA asstatistical classi�cation
Theanswerto a questiondependsprimarily on the

questionitself but alsoon many otherfactorssuchas
thepersonaskingthequestion, thelocationof theper-
son,whatquestionsthepersonhasasked before, and
soon. Although suchfactors areclearly relevant in a
real-world scenariothey aredif�cult to model andalso
to testin anoff-line mode,for example, in thecontext
of the NTCIR andTREC evaluations. We therefore
chooseto consider only thedependenceof ananswer
A on the questionQ, whereeachis considered to be
a string of lA wordsA = a1; : : : ; al A and lQ words
Q = q1; : : : ; ql Q , respectively. In particular, we hy-
pothesizethat the answerA dependson two setsof
featuresW = W(Q) andX = X (Q) asfollows:

P(A j Q) = P(A j W; X ); (1)

whereW = w1; : : : ; wl W canbe thought of asa set
of lW featuresdescribingthe “question-type” part of
Q suchas

�
(who), ��� (when), ��� (where), ���



	
(which), etc. andX = x1; : : : ; x l X is a setof lX

featurescomprising the“information-bearing” partof
Q i.e. what thequestionis actuallyabout andwhat it
refers to. For example, in thequestions, 
���
��������� ������������ !��"�#%$ (WherewasTomCruise
married?)and 
&�'
(���)� ��� �%�*���+�� )�,"%#�$
(Whenwas Tom Cruise married?) the information-
bearing componentis identical in bothcaseswhereas
thequestion-typecomponentis different.

FindingthebestanswerÂ involvesasearchoverall
A for theonewhich maximizestheprobability of the
abovemodel:

Â = argmax
A

P(A j W; X ): (2)

This is guaranteedto give ustheoptimal answerin
a maximum likelihood senseif the probability distri-
bution is thecorrect one. Making variousconditional
independenceassumptionsasdescribedin [10] to sim-
plify modelling, weobtainthe�nal optimisationcrite-
rion:

argmax
A

P(A j X )
| {z }

r etr iev al
model

� P(W j A)
| {z }

f ilter
model

: (3)

The P(A j X ) model is essentiallya language
model which models theprobability of ananswerse-
quenceA given a setof information-bearingfeatures
X . It modelstheproximity of A to featuresin X . We
call this modeltheretrieval modelandexamine it fur-
therin Section2.1.

The P(W j A) modelmatchesan answerA with
features in the question-type setW . Roughly speak-
ing this modelrelateswaysof askinga questionwith
classesof valid answers. For example, it associates
dates,or daysof theweekwith when-type questions.
In general,therearemany valid andequiprobableA
for a given W so this component can only re-rank
candidateanswersretrievedby theretrieval model. If
the �lter model wereperfect and the retrieval model
wereto assignthecorrectanswera higher probability
than any other answersof the sametype the correct
answershould alwaysbe ranked �rst. Conversely, if
an incorrect answer, in the sameclassof answersas
thecorrectanswer, is assigneda higherprobability by
theretrieval modelwe cannot recover from this error.
Consequently, we call it the �lter modelandexamine
it furtherin Section2.2.

2.1 Retrieval model

Theretrieval model essentiallymodels theproxim-
ity of A to featuresin X . SinceA = a1; : : : ; al A we
areactuallymodellingthe distribution of multi-word
sequences. This shouldbe borne in mind in the fol-
lowing discussionwhenever A is used.As mentioned
above, we currently usea deterministic information-
feature mapping function X = X (Q). This mapping

only generatesword m-tuples(m = 1; 2; : : :) from
single words in Q that are not presentin an empiri-
cally built stop-listof around50high-frequency words
for Englishandaround 75 high-frequency words for
Japanese.In principle thefunction couldof courseex-
tract deeperlinguistic features but we leave this for
future work.

We �rst assumethatacorpusof text dataS is avail-
able for searchingfor answerscomprising jSj sen-
tencesS1; : : : ; SjSj and a set U of jUj documents
and a vocabulary V of jV j unique words. We use
the notation X i to de�ne an active set of the fea-
tures x1; : : : ; x l X such that X i = x1 � � (d1); x2 �
� (d2); : : : ; x l X � � (dl X ) where� (�) is a discreteindi-
catorfunctionwhichequals 1 if its argumentevaluates
true(i.e. its argument(s)areequal, is notanemptyset,
or is a positive number) and 0 if false(i.e. its argu-
ment(s) arenotequal,is anemptyset,is 0 or is a neg-
ative number) and ~d = [d1; : : : ; dl X ] is thesolutionto
i =

P l X
j =1 2j � 1dj .

The probability P(A j X ) is modeledasa linear
interpolationof the2l X distributions:

P(A j X ) =
2l XX

i =1

� X i � P(A j X i ); (4)

where� X i = 1=2l X for all i andP(A j X i ) is the
conditional probability of A given the featuresetX i

andis computedasthemaximumlikelihood estimate
from thecorpusS.

2.2 Filter model

A set of jVW j single-word featuresis extracted
basedon frequency of occurrencein questiondata.
Someexamples include: �.-�/ (How much), ��0
(Which), �1� 	 (Which), 2 (What)etc.Thequestion-
type mapping function W(Q) extractsn-tuples (n =
1; 2; : : :) of question-type featuresfrom the question
Q, suchas �435-�/6� (How many) and ���7 8�
(Until when).

Modelling the complex relationshipbetweenW
andA directly is non-trivial. We therefore introduce
anintermediatevariablerepresentingclassesof exam-
ple q-and-a,ce for e = 1: : : jCE j drawn from theset
CE , andto facilitatemodelling we saythatW is con-
ditionally independentof A givence asfollows:

P(W j A) =
jCE jX

e=1

P(W j ce) � P(ce j A): (5)

Givena setE of example q-and-a t j for j = 1 : : : jE j
wheret j = (qj

1; : : : ; qj
l Q j

; aj
1; : : : ; aj

l A j
) we de�ne a

mapping function f : E ! CE by f (t j ) = e. Each
classce = (we

1; : : : ; we
l W e ; ae

1; : : : ; ae
l A e ) is thenob-

tainedby ce =
S

j :f ( t j )= e
W(t j )

l A jS

i =1
aj

i .



Assumingconditional independence of theanswer
words in classce given A andmakingthe modelling
assumption thatthej th answerwordae

j in theexample
classce is dependentonly on the j th answerword in
A weobtain:

P(W j A) =
jCE jX

e=1

P(W j ce) �
l A eY

j =1

P(ae
j j aj )

=
jCE jX

e=1

P(W j ce)
l A eY

j =1

jCA jX

a=1

P(ae
j j ca)P(ca j aj );

(6)

whereca is a concreteclassin thesetof jCA j answer
classesCA , andassumingae

j is conditionally indepen-
dent of aj givenca . Thesystemusingtheabove for-
mulation of �lter model given by Equation (6) is re-
ferredto asmodel ONE.

3 Experimental work

As mentionedearlieroursystemreliesonsomeno-
tion of wordsasthemodelling units.Wethereforeuse
Chasen2.3.3associatedwith theIPADIC 2.7.0 dictio-
nary for all questionsegmentation (both training, de-
velopmentandevaluationquestions),answersegmen-
tationanddatasegmentation. Themorphological anal-
ysis output by Chasenwith information suchaspart-
of-speech,NE-tagsetc.is notusedin any way.

For trainingthe�lter modelweusejCE j = 268531
exampleq-and-afrom the5TAKU quizdata[9] where
a question is posedtogetherwith 5 candidate an-
swerssuch as: 9;:�<>=+38?A@�3�B!C �>D 0 / EFHGJI

, K!L'MHN , KHL!M'O , K!LHP'Q , K!L!M)R .
Here,eachclasscontainsoneuniqueexample q-and-a.
Weremoveany questionswhichoverlapcharacter-for-
characterwith questions in theQAC-1 additional and
formal runs. A setof jVW j = 125 single-word fea-
turesis extractedfrom the most frequently occurring
words in questions in the5TAKU quizdata.Themost
frequent jVCA j = 215000words from the Mainichi
Newspaper (1998-1999) corpus were usedto obtain
CA for jCA j = 5000clusters.

3.1 Data sources

We usetwo different corpora asthe sourcefor lo-
catinganswersto questions: (1) the Mainichi Shim-
bun (1998-1999) newspaper corpus (mai ) that was
theof�cial sourcefor the NTCIR-3 QAC-1 task;and
(2) the NTCIR-3 WEB snapshot crawled in 2001
(www). For onesetof experimentswe also consider
a combination of both the newspaper and web data
(mai+ www). Documentsare retrieved usingakechi-
2.0.1b [2]. For eachquestionand eachdatasource,
jUj = 1; 5; 10; 50; 100; 500; 1000; 5000 documents

areretrieved. For mai+www we alsousea combina-
tionof 5000 mai documentsand5000wwwdocuments
for eachquestion.

3.2 Development: QAC-1 additional run

We usethe757questionsfrom theNTCIR-3 task1
additional run set for systemdevelopment purposes.
For determining systemperformancefor tasks1 and
2 we use the evaluation tool [3] provided after the
NTCIR-3 QAC-1 conference. In addition we also
compute the top1 accuracy as is now common in the
NTCIR andTREC QA evaluations,however, we ig-
nore thecorrectnessof supporting documentsin deter-
mininganswercorrectness.
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Figure 1. Systemaccuracy vs. maximum docu-
mentsusedfor NTCIR-3 QAC-1 additionalandfor-
mal runson2 differentdatasources.

In Figure 1 the solid lines show the accuracy on
the 757 additional run questions againstthe number
of documentsusedfor eachof thetwo datasources.In
the top half of Table1 we show the bestperforming
systemson the additional run using5000 documents
for eachof mai and wwwand10000 documentsfor
thecombinedmai+wwwdatasource.

3.3 Evaluation: QAC-1 formal run
For theevaluationsystemwe addin the757q-and-

a from the NTCIR-3 task1additional run set to the
268531examples usedduring development. We then
perform a �nal evaluationon the 200 questions from
the NTCIR-3 QAC-1 formal run which wasreleased
before the additional run having previously ensured
therewasno overlap betweenthem. The samescor-
ing tool is usedfor assessingsystemperformance.

In Figure1 the dashedlines show theaccuracy on
the 200 formal run questions against the number of
documentsusedfor eachof the two datasources.In
thebottomhalf of Table1 we show theresultson the
formal runobtainedby thebestperformingsystemson
theadditional run (givenin thetophalf of Table1).



Run Data Accuracy 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 (0.240) 0.316 0.150
o www 37 (0.185) 0.237 0.106
r mai+www 53 (0.265) 0.340 0.159

Table 1. Accuracy, MRR andF-scoreon NTCIR-3
QAC-1 additional(Add) andformal (For) runsusing
5000mai documentsand5000documentswwwand
10000 documents from mai+www.

4 Discussion

Fromtheresultsin Table1 we canseethatthesys-
tem performanceis quite impressive despitethe sim-
plicity of our approach.While theperformanceis still
somewhat lowerthanthatof thebestparticipatingsys-
tems(MRR: 0.61 and F-score: 0.36) we are some-
wherein themid-rangeof all participating systems.

A particularly interestingobservation is that the
moredataweusethebettertheresults.While wehave
still not found an optimum (performance could con-
ceivably deteriorateif too many documentsareused)
it appearsfrom Figure1 that performance is still in-
creasingalbeit at a slower rate. Moreover, usingthe
10000 documentsfrom 2 different datasourcesgives
usourbestoverall resultwith anMRR=0.34on task1
andanF-score=0.159on task2.

These results agree very favourably with those
obtained on English in the TREC evaluations. In
TREC2005 our model ONE systemusing only the
supplied AQUAINT corpus achieved an of�cial top1
accuracy of 14.3%whenignoring theneedfor correct
documentsupport. Our estimatedperformanceof the
model ONEsystemusingwebdatainsteadwas17.7%.
Theseresultsshow thatour modelis equallyeffective
for bothEnglishandJapaneselanguage QA.

% errorsin eachmodel combination NOT
R F R&F ERR.

42.8% 21.7% 32.9% 2.6%

Table 2. Percentageof errors of total 152 in
Retrieval, Filter andLengthmodels,andNOT actu-
ally ERRorsbestsystemon theQAC-1 formal run.

In Table2 wegiveasubjectivebreakdown of which
model is responsible for theerrors on thebestformal
run. We seethatthemajority of errors areattributable
to theretrieval model which wasalsothecasefor the
English-languagesystem[10] andre�ects thesimplic-
ity of our currentretrieval model. Improved models
will therefore be investigatedin the future. We also
consideredthat 4 errors involving correct datesbut
without S wereactuallycorrect.

5 Conclusion

In this paperwe have demonstratedthe effective-
nessof our uni�ed approach to questionanswering
on Japaneseandshown that the performance is com-
parable with similar English language tasks. While
the performance still falls short of the bestsystems
around today, our systemusesno linguistic infor-
mation whatsover (except to perform character seg-
mentation) insteadrelying on largequantitiesof real-
world trainingexamplesandlargeamountsof datafor
searching for answers. In future we aim to comple-
mentour data-driven approachwith a little morelin-
guistic awarenessandextendour uni�ed approachto
otherlanguages.

A demonstrationof the systemusingmodelONE
supporting questions in English, Japanese,Chi-
nese,Russianand Swedishcan be found online at
http:// asked.jp/ .
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