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Abstract

Our question-answeringsystemincorporatessev-
eral new methods. One is unit estimation,which is
usefulwhentheansweris a numericalexpressionand
the questionsentencedoesnot include any unit ex-
pression.This methodcan be usedto estimatea unit
expressionfor the answerby using a statistical test
andcorpusdataandthusimprovestheresultsfor such
questions.Anothernew methodis calledprobabilistic
near-termsinformationretrieval. Thismethodenables
us to use full-size documentsin documentretrieval
withoutdividingdocumentsintopassagesandisuseful
whentheansweris not within thepassage where rel-
evant termsoccur. We confirmedthe effectivenessof
theunit estimationby usinga statisticaltest(a T-test)
and foundthat the probabilistic near-termsinforma-
tion retrieval improvedtheperformancein Task-1and
Task-2.

Keywords: Statisticaltest,Unit estimation,Proba-
bilistic near-termsIR

1 Introduction

We expectquestion-answeringsystemsto become
increasinglyimportantasa moreconvenientalterna-
tive to systemsdesignedfor informationretrieval and
to be a basic componentof future artificial intelli-
gencesystems. We have investigatedthe potential
of question-answeringsystems[10] and have partic-
ipated in the Question-AnsweringChallenge(QAC)
of NTCIR 3. Ourquestion-answeringsystemreported
at NTCIR 3 incorporatestwo new methods. One is
unit estimationwhich is usefulwhenthe answeris a
numericalexpressionandthe questionsentencedoes
not includeany unit expression.This methodcanbe
usedto estimateaunit expressionfor theanswerbyus-
ing astatisticaltestandcorpusdataandthusimproves
the resultsfor suchquestions.Anothernew method
is probabilisticnear-termsinformationretrieval. This
enablesusto usefull-size documentsin documentre-

trieval withoutdividing documentsinto passages.This
is usefulwhentheansweris not within theparagraph
whererelevanttermsoccur.

2 Importance of a question-answering
system

We have investigatedquestion-answeringsystems
with regardto variousaspects[10, 11, 7]. Our expe-
riencehasled us to believe that question-answering
systemsareparticularlyimportantin two respects:� Question-answeringsystemsare more conve-

nient for usersthan information retrieval sys-
tems.

Sincea question-answeringsystemshows users
directanswersto their questions,userscaneas-
ily acquire the information they want with-
out having to read the pertinent documents.
An information-retrieval systemonly identifies
suchdocuments,thus making it necessaryfor
usersto readthroughthedocumentsto find the
informationthey seek.� Question-answeringsystemscanbeappliedasa
componentof otherintelligentsystems.

A question-answeringsystemthatcanautomat-
ically extract answerscan be usedas a com-
ponentof other intelligent systems. We think
thata question-answeringsystemwill bea fun-
damentalcomponentof future artificial intelli-
gencesystems.

3 Explanation of our system

3.1 Outline of our system

Our systemusesthreeordinaryalgorithmsas fol-
lows:

1. Estimationof answertype
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Thesystemestimatestheanswerto bea partic-
ular typeof expressionbasedontheexpressions
of aninterrogativepronoun,adjective,or adverb
of an input questionsentence. For example,
if the input questionsentenceis ”How large is
theareaof Japan?”,theexpression”How large”
suggeststhattheanswerwill bea numericalex-
pression.

2. Documentretrieval

Thesystemextractstermsfrom a questionsen-
tence and retrieve documentsby using these
terms. The retrieval thus gathersdocuments
that are likely to contain the answer. For ex-
ample,for the input question”How large is the
areaof Japan?”,we extract ’ large’, ’area’, and
’Japan’ as terms and retrieve documentscon-
tainingtheseterms.

3. Answerdetection

The systemextractslinguistic expressionsthat
matchthe estimatedexpressiontype of the an-
swerasestimatedin 1 from the documentsre-
trieved in 2. It then outputsextractedexpres-
sionsastheanswer. For example,for theques-
tion ”How largeis theareaof Japan?”,thesys-
tem extracts numericalexpressionsas the an-
swerfrom documentscontaining’ large’, ’area’,
and’Japan’.

3.2 Estimation of answer type

Estimationregardingtheanswertypein oursystem
is createdbasedon manuallycreatedheuristicrules.
Someof theheuristicrulesareshown here.

1. When’ � (what)X1 � (what)X2’ is in aques-
tion sentence,WH-WH is given as an answer
type. (e.g.“ ������� ” (whatyearwhatmonth))

2. When’X1 �	��
��� ’ (whatdo we call X1) is
in a questionsentence,expressionscorrespond-
ing to X1 areextractedastheNOUN-FOCUS.

3. When’X1 ����� ’ (whereis X1) is in aquestion
sentence,expressionscorrespondingto X1 are
extractedastheNOUN-FOCUS.

4. When ’ � ’ (who) is in a questionsentence,
PERSONis givenastheanswertype.

5. When’ ��� ’ (where)is in a questionsentence
andthe NOUN-FOCUSis not ’ ��� ’ (area),’���

’ (location),or soon, ORGANIZATION is
givenastheanswertype.

6. When’ ��� ’ (where)is in a questionsentence
and the NOUN-FOCUS is not ’ ��� ’ (com-
pany), ’ �� ’ (organization),or so on, LOCA-
TION is givenastheanswertype.

7. When ’ � (what) + particles’ is in a ques-
tion sentenceandNOUN-FOCUSis not ’ ��� ’
(company), ’ ��� ’ (area),or soon,ARTIFACT
is givenastheanswertype.

8. When ’ � (what) + particles’ is in a ques-
tion sentenceandtheNOUN-FOCUSis ’ ��� ’
(area),or soon,LOCATION is givenasthean-
swertype.

9. When’ � (what)+ suffix’ is in a questionsen-
tence,thesuffix is extractedasaunit expression.

10. When’ !�" ’ (when)is in a questionsentence,
TIME is givenastheanswertype.

11. When ’ ��#%$'&(!�# X1’ (how many X1) is
in a question sentence,the expressionscor-
respondingto X1 are extractedas the UNIT-
FOCUS.

12. When’ ��#)$*&+!'# ’ (how many) is in aques-
tion sentence,NUM-EXP is givenastheanswer
type.

13. When ’ ���'#�, ’ (what country) is in a ques-
tion sentence,SEM-COUNTRY is given asthe
answertype.

14. When’ -/.��(� ’ (whatspellings)is in a ques-
tion sentence,SEM-SPELLis given asthe an-
swertype.

Our systemusesa new method,which we call unit
estimation, to obtaina correctunit expressionfor the
answer. (This methodis one main topic of this pa-
per.) In this method,we gathersentencescontaining
expressionslike ”UNIT-FOCUS+ ’ � ’ + ’numerical
expressions’+ ’unit expressions’”andextracttheunit
expressions.0 We theneliminateunnecessaryunit ex-
pressionsby applyinga statisticaltestbasedon a bi-
nomialdistribution. Eliminatedexpressionsareasfol-
lows:

Unnecessaryexpressions1�24365 798;:=<?>�@=ACB (1)

where DFEHGCI is calculatedby the following equationJ
and KCL is a constantthat is setbasedon experimental
results.M

Extractingunit expressionsfrom thecorpuswasproposedby us
in ourpreviouspaper[11].N

In this study, we usedthesummationof 0 to O , but thesumma-
tion of 0 to OQP+R couldalsobeused.Whenthesummationof 0 toO is used,anexpressionhaving a lower valuefor SUTWV6X is judgedto
beanexpressionthatoccurslessoftenthantheaverageoccurrence
whenUNIT-FOCUSco-occursandit is eliminated.Whenthesum-
mationof 0 to OYP'R is used,an expressionhaving a highervalue
for SUTZV[X is judgedto beanexpressionthatoccursmoreoften than
the averageoccurrencewhenUNIT-FOCUSco-occursandthe ex-
pressionsotherthansuchanexpressionareeliminated.We planto
patentthesemethods.
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Table 1. An example of using unit estima-
tion G K \ P(e)]_^a`cb

50 128175 1.000000
(meter)dfe_g

28 47050 1.000000
(centimeter)h�i

11 25897 1.000000
(millimeter)j/k

11 99618 0.999996
(kilometer)l � 2 538 1.000000
(light-year)m

2 955808 0.000000
(minute)n ^�o

1 2744 0.998205
(yard)p e_g

1 1865 0.999160
(inch)q

1 1625073 0.000000
(piece)r

1 2146 0.998892
(shaku)

798;:s<t1 uv wyx{z}| 8�~�����<W��8��{< w 8����	�}8��{<�<���� w (2)

where ��E����y�{I is the numberof combinationswhen
we select � items from � items, \ is the numberof
timesexpressionG occursin thecorpus,K is thenum-
berof timestheunit expressionG occursin thepattern
of ”UNIT-FOCUS+ ’ � ’ + ’numericalexpressions’+
’unit expressions’”in the corpus,and �?E;��I is calcu-
latedby

�}8��{<�1 freq8��{<� (3)

wherefreqE��}I is the frequency of the UNIT-FOCUS� appearingin thecorpusand � is thenumberof all
charactersin thecorpus.In this study, we usednews-
paperissuesfrom overa 10-yearperiod[5] asthecor-
pusfor theunit estimationcalculation.

An exampleof usingunit estimationis asfollows.
Considerthe questionsentence’X #*���_���f#�$*&!'����  ’ (How much is the length of X?). In this
case,we extracta noun’ �¡� ’ (length)asthe UNIT-
FOCUSand gathercandidateunit expressionsusing
” �a� + � + ’numericalexpressions’+ ’unit expres-
sions’”. Weobtain’

]+^�`Yb
’ (meter),’

d�e*g
’ (cen-

timeter),’
h�i

’ (millimeter), ’
j�k

’ (kilometer),’
l� ’ (light-year), ’

m
’ (minute), ’

n ^/o
’ (yard), ’

pe(g
’ (inch), ’

q
’ (piece),and ’

r
’ (shaku)as can-

didates. We calculate DFE�GCI for eachcandidateand
obtain the resultsshown in Table1. In this case,�

is 533,366,720,the frequency of ’ �)� ’ is 11,887,
and �¢E��}I(£ 0¤04¥ ¦¤¦[§¨[©[© ¥ ©[ª¤ª ¥ §[Jy« £¬¯® ¬°¬�¬°¬°±�±°±³²°´ . As shown
in Table 1, our methodcan correctly eliminate ’

m
’

(minute)and’
q

’ (piece). Whenusingour unit esti-
mation,we do not needa dictionary for unit expres-
sions. Anothergoodpoint regardingthe unit estima-
tion is that it givesvariousexpressionsthatappearin
the corpus. Unit estimationcanalsobe usedto con-
structa dictionaryof unit expressions.Thus,our unit
estimationmethodoffersvariousbenefits.

3.3 Document retrieval

Weextractedtermsfrom aquestionsentenceby us-
ing a morphologicalanalyzer, ChaSen[6]. We elimi-
natedtermswhosepartsof speechwerepostpositional
particlesor something,thenperformedretrieval using
theextractedterms.

©
We developeda methodthaten-

ablesus to usea full-size documentfor documentre-
trieval. In general,wedivideeachdocumentinto small
passagesbeforedocumentretrieval. For example,we
divided eachdocumentinto setsof three sentences
in our previous study [10, 11]. This overcomesthe
shortcomingof commoninformation retrieval meth-
ods that cannothandlelong documentsfor retrieval.
In a question-answeringsystem,theansweroftenoc-
cursin the termsextractedfrom a questionsentence.
In this case,the conditionthat termsoccurneareach
other is very important,but existing information re-
trieval methodshavenot takenthisconditioninto con-
sideration.As a result,divided passageshave gener-
ally beenusedfor documentretrieval. Theinformation
retrieval methodthat we use for documentretrieval
in our question-answeringsystem,however, considers
theconditionthattermsoccurneareachotherby using
aprobabilitytheory. Our methodis asfollows.

1. We first retrieve the top K°µ6¶ 0 documentsthat
have thehighestscoresfrom theequation

·}¸[¹ �º:C8�»�<t1 v
term 3

¼½¾ 3�¿�8�»À�Á3�<3�¿�8�»À�Á3�<{Â�@CÃ=Ä :4~ÆÅC3�Ç�8�»�<{Â�@³ÈÉ Â�@ ÈÊ Ä ¹ Å �»�¿�8Z3�<ºË (4)

whereÌ isadocument,Í isatermextractedfrom
a questionsentence,ÍyÎÏEHÌ¯�¤ÍyI is thefrequency ofÍ occurringin adocumentÌ , Ì�ÎÏE�ÍyI is thenumber
of documentsin which Í appears,� is thetotalÐ

Weuseddown-weightingmethods[3, 9,8] for thetermsin Eqs.
(5), (9), and(12)whichallowedusto usecompoundterms.Wealso
usedsynonymsin theEDRdictionary[2] to expandterms.Whenwe
usedsynonymsastermsin Eqs.(5), (9), and(12) insteadof termsin
aquestionsentence,weusedthetotal frequency of theoriginal term
andits synomymsas ÑZÒÀTÔÓ�X .
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numberof documents,ÕHG=\}ÖÀÍy×¢E�ÌÀI is the length
of a documentÌ , and Ø is theaveragelengthof
the documents. K°µ6¶ 0 , K�Ù , and K°Ú areconstants
thataresetaccordingto experimentalresults.

This equationwasbasedon Robertson’s equa-
tion [13, 14]. This method is very effective
and we have usedit for information retrieval
[9, 12, 8].

2. Next, we re-rank the extracteddocumentsus-
ing the following equationand extract the topK°µ6¶ J documents.The KÛµ6¶ J extracteddocuments
are usedin the answerextractionphasewhich
comesnext.·}¸¤¹ �=:C8�»�<1a�ÝÜ	Þ�~¯Ã M�ßºà Ä ¹ ÅâáÃ N ß�à Ð 8�ãä»CÞHå63[8Z3[�=��3�ã=< »�¿�8Z3�ãº<� <�æÆç�è�éäê Ã N�ë

(5)1�Ü	ì�í Ã M�ßºà vÃ N ß�à Ð°î�ï w N 8Z3�ãº< Ä ¹ Å �ãs»CÞHå[368Z3¤�º��3�ãº<ñð¢»�¿�8Z3�ãº<
(6)

òôó 1a26345 3Ïõ ò ��ãs»CÞHå[368Z3[�=��3�< »Á¿�8Z3�<� >��sB (7)

where Ì is a document,ö is a setof terms,andÌ�÷�ø=ÍäE;Í4ù°�yÍy±�I is the distancebetweenÍ4ù and Íy±
(usingthenumberof charactersasthedistance)
where Ì�÷�ø=ÍäE;Í4ù°�yÍy±�I = 0.5when Í4ùú£�Íy± . Ì�ÎÏE;ÍyI is
the numberof times Í occursin all documents,� is thetotal numberof charactersof all docu-
ments,and ûYµ6¶ J E�Íy±�I is a functionof Íy± which is
adjustedaccordingto experimentalresults.

Equation(5) canbededucedwhen ûYµ6¶ J E;Íy±°Ic£ù through a probability theory. We consider
the probability of a patternof the occurrence
of terms. First, we select Í4ù . The occurrence
probabilityof Í4ù is

µZü�ýþÙ 0yÿ� . Next, weconsiderthe
otherterms Íy± . Theprobabilityof eachof these
termsoccurringwithin thedistanceÌ°÷�øsÍäE�Í4ù��¤Íy±�I
to Í4ù is ±³Ì°÷�øsÍäE�Í4ù��¤Íy±�I µZü�ýþÙ J[ÿ� �

Therefore,theprob-
ability of anoccurrencepatternis

»Á¿�8Z3[�ä<� áÃ N ßºà Ð�� Ã N��x Ã M 8�ãs»CÞHå[368Z3¤�º��3�ãº< »Á¿�8Z3�ãº<� < (8)

�
Strictly

speaking,the probability is RÝP�THRÝP ï � ê Ã N�ë� X N ï 	�
 Ã ê Ã M � Ã N�ë . When
weuseTaylor’s formula( T�R�P��X ��� R¢P���� T���� R¤X ), theprob-

ability becomes�4Ñ����yÓ�TÔÓ�R���Ó��äX ï � ê Ã N�ë� .

If we supposethat Ì°÷�øsÍäE�Í4ù��¤Íy±�I = 0.5when Í4ù £Íy± , the above equationbecomessimilar to Eq.
(5). Whentheprobabilityof patternoccurrence
is low, the patternis morevaluable,so we ex-
tract documentsthat have low scoresfrom Eq.
(8). Since Eq. (5) is multiplied by �úù , we
extractdocumentshaving high scoresfrom Eq.
(5).

We call this informationretrieval methodthatuses
thepatternof nearbytermsbasedonprobabilitytheory
probabilisticnear-termsinformationretrieval.

¨
3.4 Answer detection

To detectanswers,our systemfirst generatescan-
didateexpressionsfor the answerfrom the extracted
documents.We initially usedmorphemen-gramsfor
the candidateexpressions,but this led to the genera-
tion of too many candidates.Therefore,we now use
only candidatesthat consistof only nouns,unknown
words,andsymbols.Also, we useChaSensothatwe
canusemorphemesand their partsof speech.Hira-
ganacharactersin personalnameshaving the suffix ’� � ’ (Mr.) weresometimesincorrectlyrecognizedas
particles,so we addedexpressionswhosefirst word
arenouns,whoselastword is ’ � � ’ (Mr.), andwhose
length is lessthan10 charactersto the candidatesas
exceptions. We call this addition useof exceptional
personcandidates. Also, we addedexpressionssur-
roundedby Japanesebrackets’ � ’ and’ � ’ to thecan-
didatesbecausesuchexpressionswere often correct
answers[15] andtheseexpressionscontainwordssuch
asparticles.

Our methodof judgingwhethereachcandidateis a
correctansweris to addupthescorefor eachcandidate
undertheconditionthatthecandidateis anearbyterm
with thescorebasedonheuristicrulesaccordingto the
answertype.Oursystemselectsthecandidateshaving
thehighesttotalpointsascorrectanswers.

Wedevelopedtwomethodsfor calculatingthescore
under the condition that the candidatebe near the
termsof eachcandidate� . Theseareasfollows.·}¸[¹ �=: �! #" w M 8 ¸ <1a� Ä ¹ Å áÃ N ß�à Ð 8�ãä»CÞÁå[3[8 ¸ ��3�ãº< »Á¿�8Z3�ãº<� < æ ç�èÁé ê Ã N�ë (9)1 vÃ N ßºà Ð î ï w N 8Z3�ã=< Ä ¹ Å �ãs»CÞHå[368 ¸ �Á3�ãº<ñð?»�¿�8Z3�ãº< (10)

òôó 1�26345 3�õ ò �yãä»CÞÁå[3[8 ¸ ��3�< »�¿�8Z3�<� >��äB (11)

$
Weplanto patentthis methodalso.
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·}¸[¹ �º: �% &" w N 8 ¸ <1 vÃ N ß�à Ð @ ï 	�
 Ã ê(' � Ã N�ë�% #" w N î ï w N 8Z3�ã=< Ä ¹ Å �»�¿�8Z3�ãº< (12)

òôó 1�26345 3Ïõ ò �yãä»CÞHå63[8Z3[�=��3�< »Á¿�8Z3�<� >��sB (13)

where � is a candidatefor the answer, ö is a set of
terms,and Ì�÷�ø=ÍäE)�C�¤Íy±�I is the distancebetween� andÍy± . Ì�ÎÏE;ÍyI is the numberof times Í occursin all the
documents,� is the total numberof charactersin all
thedocuments,and û µ6¶ J E�Íy±�I is a functionof Íy± which
is adjustedaccordingto experimentalresults. K+*�,.- ¶ J
is aconstantsetaccordingto experimentalresults./ �1032CG *+,.- ¶ 0 E)�sI is a very similar methodto that of
Eq. 5. This methodalso hasa function to selecta
candidateby usingnearbyterms./ �1032CG *+,.- ¶ J E)�sI is aheuristicfunctionusingthecon-
dition thattheansweris nearcertainterms.

Next, wedescribehow thescoreis calculatedbased
onheuristicrulesusingtheestimatedanswertype.We
usedmany heuristicrulesto awardpointstocandidates
andusedthe total scoreasthe decidingvalue. Some
of theheuristicrulesareshown below.

1. We add-1,000,000to candidatesthatconsistof
unnecessarycharacterssuchas’ 4 ’, ’ 5 ’, and’687:9<;<=

’ (hasa relateddocumentin).

2. Weadd1000to candidatesthatmatchoneof the
estimatedanswertypes(LOCATION, ORGA-
NIZATION, PERSON,ARTIFACT, or TIME)
when they are numericalexpressions+ UNIT-
EXP or estimatedunit expressions;when they
are ’X1 � (year)X2 � (month)X3 > (day)’
wherethequestionsentencecontains’ ?����@>�f!(" ’ (whatis yourbirthday);whenthey have
the meaningof jobs wherethe NOUN-FOCUS
is ’ A = ’ (work), ’ BDC ’ (job), or so on; and
whenthey haveNounX wherethequestionsen-
tencecontains’ � (what)+ NounX’, andsoon.

Thisis themostfundamentalrule,andweadjust
it so thata candidatethat is a goodanswerwill
almostalwayssatisfytherule.

Named entity (NE) extraction techniquesare
usedto judgewhethera candidatematchesLO-
CATION, ORGANIZATION, PERSON,AR-
TIFACT, or TIME. We use a machinelearn-
ing approachfor our NE extraction system,
and CRL (CommunicationsResearchLabora-
tory) NE datawasusedfor training in the ma-
chine learning [16]. Only LOCATION, OR-
GANIZATION, PERSON,ARTIFACT, TIME,
andDATE wereusedascategoriesin the CRL

NE data. We madesix NE extractionsystems
for thesesix categories. Each systemjudges
whetheracandidateexpressionbelongsto acer-
tain category. For example,the NE systemfor
LOCATION judges whether a candidateis a
LOCATION. In our system,onecandidatecan
belongto morethanoneNE category. We used
the supportvectormachinefor machinelearn-
ing [1, 4, 17]. When a candidateis judgedto
be a DATE, we classify it as a TIME because
our question-answeringsystemdoesnot usea
DATE category.

Our method for judging whether a candidate
matchesLOCATION, ORGANIZATION, PER-
SON,ARTIFACT, or TIME usestwo otherpow-
erful techniques.One improves the recall rate
andthe other improvesthe precisionrate. The
first techniqueis that we did not usethe mor-
phemespreviousto andsucceedingtheanalyzed
NE as featuresin the NE judgment. This im-
proves the recall rate.

ª
The secondtechnique

is that we usedheuristicrulesto eliminateany
wrong NEs after the NE judgmentby machine
learning. For example,we usedthe following
rulesfor elimination.

(a) A candidatewhoselast characteris ’ E ’
(system), ’ � ’ (company), or so on is
eliminatedin thecaseof PERSONclassi-
fication.

(b) A candidatewhosefirst charactersis ’ FG
’ (because),’ �/
 ’ (thing), or so on, is

eliminatedin thecaseof PERSONclassi-
fication.

(c) A candidatecontainingwords other than
wordsweselectedin advanceis eliminated
in the caseof TIME classification. (We
first selected’ �:H ’ (past),’ I<J ’ (half),
’ K ’ (summer),andso on asgoodwords
for TIME andeliminatedcandidatescon-
tainingotherwords.)

The rules shown here representa very small
sampleof our heuristicrules. Theseruleswere
madeby manuallycheckinga largebodyof re-
sultsfrom our NE systemusinga largeamount
of raw data§ asinput data.

3. WhenWH-WH is oneof the estimatedanswer
types,we add1000to candidatesthat matcha

L
We also used other methods to improve the recall rate.

Katakanaexpressionswhosepartsof speechareunknown wordsare
classifiedasLOCATION, ORGANIZATION, PERSON,or ARTI-
FACT. A kanji character+ any character+ ’ MON ’ (Mr.) is classified
asPERSON.Candidatesthatarein ourdictionaryof companiesare
classifiedasORGANIZATION.P

This raw datahadno NE tags,andwaspart of thedocuments
thatwereusedfor theQAC (Mainichi newspaper1998,1999).
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patternof ’X1 P1X2 P2’ which usesthe inter-
rogativepronoun’ � (what)P1 � (what)P2’.

4. When the NOUN-FOCUSis ’ A = ’ (work), ’
B<C ’ (job), or soon,weadd1000to candidates
thathave themeaningof jobs. Thejudgmentas
to whethera candidatehasthemeaningof a job
is madeby usingtheEDR thesaurus[2].

5. WhenSEM-COUNTRY is oneof theestimated
answertypes,weadd1000to candidatesthatare
in ourdictionaryof countrieswhichincludesthe
namesof almostall countries.

6. WhenSEM-SPELLis oneof theestimatedan-
swertypes,we add1000to candidatesthatcon-
sistof only hiraganacharactersandthesymbol
’ Q ’.

7. When a questionsentenceincludes’ RDSDTDU����� ’ (whatprefecture),we add1000to can-
didatesthatarelocationexpressionsandwhose
suffix is ’ R ’, ’ S ’, ’ T ’, or ’ U ’ (prefecture).

8. When the NOUN-FOCUSis ’ VXW ’ (master-
piece),’ WZY ’ (literary work), or soon, we add
1000to candidatesthataresurroundedbybrack-
ets’ � ’ and’ � ’.

9. WhenNUM-EXP isoneof theestimatedanswer
types,we add 1000 to candidatesthat consist
of only numericalexpressionsandunit expres-
sions.

10. When a questionsentencecontains’ # ;\[ �� ’ (what symbol),we add1000to candidates
thatconsistof symbols.

11. When a questionsentencecontains’ ]D^D_ [�(�<_ ’ (whatis thetelephonenumber),we add
1000to candidatesthatconsistof numericalex-
pressionsandthesymbol’ Q ’.

12. Whenaquestionsentencecontains’ � (what)+
NounX’, we add1000to candidateshaving the
NounX.

13. Whena questionsentencecontains’ � (what)
+ `a> (day of the week)’, we add 10,000to
candidatesthatare’ >b`c> ’ (Sunday),’ �D`c> ’
(Monday),or soon.

Our systemhasadditionalfunctionsthat are used
after answersare selectedbasedon the scores. The
first one is the compiling of similar answers. Our
systemcompilesanswersthat are part of other an-
swersand the differencein their scoresis less than
1000. The compiling is doneby eliminatinganswers
other than the longestone. We call this methodan-
swer compiling. The secondfunction expandsfor-
eign personalnames. For example, when we ob-
tain XXXXX (katakanacharacters)asan answerfor

PERSON,we gather ’YYYYY Q XXXXX’ and the
’YYYYY Q XXXXX’ that hasthe highestfrequency
is selectedasthe answer. We call this methodname
expansion.

Now, we will describeourstrategy for theQAC. In
task-1,wherethe MRR is usedin the evaluation,our
systemoutputsthe top five answers.¦ In task-2and
task-3,wherethemeanof thef-measure(MF) is used
in theevaluation,our systemoutputsthetop answer. d
In task-3,we useasthesecondquestionsentencethe
connectionof the first andsecondquestionsentence
wherean interrogative pronoun,adjective, or adverb
in thefirst sentenceis changedto dummysymbols.

4 Experiments

Our experimentalresultsare shown in Table 2.0�«
ExperimentsS2 to S11wereperformedafter the for-
mal run to confirmthe effectivenessof methodsused
in our system.S4 is themethodby which documents
aredivided into paragraphsafterusingEq. 4 andbe-
fore using Eq. 5. S5 did not useunit estimationat
all anddid not useany estimatedunit expression.S6
did not usea statisticaltest to eliminateunnecessary
unit expressionsand usedall the candidateunit ex-
pressionsgatheredfromthecorpusasunit expressions.
S10 is the methodusing as the secondquestionthe
connectionof thefirst questionsentence,the highest-
ranked answerof the first questionsentence,andthe
secondquestionsentencefor task-3. S11is a select-
two methodthat outputsthe two top answers. The
experimentsfor S12 to S14 were doneto obtain the
highestscoreusingthe resultsof S2 to S10. We used
aone-sidedT-testto statisticallyconfirmtheeffective-
ness. We usedS1 as the basemethodfor compari-
son. The figuresdenotedby ’ e ’ weresuperiorto the
basemethodresultat a significancelevel of 0.05and
the figuresdenotedby ’ � ’ were inferior at a signifi-
cancelevel of 0.05. The parameterswere KCL�£ ¬{® ´ ,K�Ù*£ ¬{® ¬�¬�¬°¬{ù , K�Ú £ ±³¬ , and ûYµ6¶ J E;ÍyI�£ ¬{® f when
a term Í was a verb and otherwisewas 1. We used/ �1032CG *+,.- ¶ 0 E)�sI for otherthanS7andS8.Theheuristic
rules in our systemwere manuallydevisedby refer-
ring to thequestionsin a dry run andabouta hundred
questionsconstructedby us. We useddocumentsre-
trievedfrom Mainichi newspaperarticles(taken from
the issuesover two years:1998and1999)[5] which
g
WeexplainMRR andMF in Section4h
Our systemhasno function for selectingmultiple answers,so

we useonly oneanswerto maintaingoodprecision. We call this
strategy theselect-onemethod.
M z

Our submittedsystemsobtainedthe highestMF in Task-2. In
Task-1andTask-3,our systemsobtainedthe secondhighestMRR
andMF. (The highestMRR in Task-1was0.608. The highestMF
in Task-3was0.187.) This indicatedthat our systemworked rea-
sonablywell. Therefore,our resultsfrom the comparisonof sev-
eralmethodsin our systemcanbeusedfor futurestudiesregarding
question-answeringsystems.
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Table 2. Experimental results
Method Task-1 Task-2 Task-3

(MRR) (MF) (MF)
S1 Submittedsystem 0.524 0.364 0.167
S2 No useof nameexpansion 0.531 0.366 0.192
S3 No useof answercompiling ¬¯® iÛ´+fkj 0.339 0.167
S4 Documentsdividedinto paragraphs 0.513 0.355 0.250
S5 No useof unit estimation ¬¯® l�¬{ù j ¬¯® f+i¯ù j 0.167
S6 No useof statisticaltestfor unit estimation 0.521 0.361 0.167
S7 Useof

/ �1032CG3*+,.- ¶ J with K�*+,.- ¶ J £)¬{® ´�´ 0.521 0.378 0.225
S8 Useof

/ �1032CG *+,.- ¶ J with K *+,.- ¶ J £)¬{® ´�´°´ 0.513 0.382 0.167
S9 No useof exceptionalpersoncandidates 0.526 0.361 0.167
S10 Useof theanswerof thefirst question — — 0.225
S11 Useof theselect-two method — 0.341 0.213
S12 Combinationof S2andS9 0.532 — —
S13 Combinationof S2andS8 — 0.385 —
S14 Combinationof S2,S4,S7,andS10 — — ¬¯® fÛ±+l Ú

werethedocumentsthatweextractedanswersfrom in
theQAC task.Wedid notuseany otherdocumentsfor
documentretrieval. TheQAC hadthreetasks(Task-1,
Task-2,andTask-3).Task-1andTask-2usedthesame
200questions.Task-3used40 setsof two questions.
Thesecondquestionof eachsetwasrelatedto thefirst
question. For example, the first sentencewould be
” >

q #:mcn+��!�$_&���'  ” (How many peopleare
therein Japan?)andthesecondsentencewouldbe” op ��!�$_&���(  ” (Whatis thesizeof thearea?).In
Task-3,only the secondsentenceswereevaluated.In
Task-1,we couldsubmitfive or lessanswersfor each
questionandMRR wasusedfor evaluation. In Task-
1, thefirst correctansweramongthefive answerswas
usedfor the MRR calculation. In the MRR, we ob-
taineda scoreof ù3qr2 whenthe r-th submittedanswer
wascorrect. In Task-2andTask-3,we could submit
any numberof answersfor eachquestionandtheMF
(meanof the f-measure)wasusedfor evaluation. In
Task-2andTask-3,whenthe questionhadmorethan
oneanswer, we hadto submitthecorrespondingmul-
tiple answersto obtainfull marks. The recall rate in
the f-measurewas the ratio of the numberof correct
answerssubmittedto the numberof correctanswers.
Theprecisionratewastheratio of thenumberof cor-
rectanswerssubmittedto thenumberof submittedan-
swers.

We found the following from the experimentalre-
sults.� Ourmethodof unit estimationwasconfirmedto

beeffectiveby statisticaltesting(theT-test)(c.f.
S5).Ourmethodof usingstatisticaltestfor unit
estimationslightly increasedtheperformanceof
unit estimation(compareS1andS6).0[0M�M

Weexaminedtheresultsof usingunit estimationin Task2 more

� Answer compiling was also effective, as was
confirmedby statisticaltesting in Task-1 (c.f.
S3).� Ourmethodof probabilisticnear-termsinforma-
tion retrieval sometimesprovided betterresults
(c.f. S1andS4in Task-1andTask-2).However,
we could not confirm its effectivenessthrough
theT-test.� / �1032CG%*�,.- ¶ 0 E&�sI was good in Task-1./ �1032CG%*�,.- ¶ J E&�sI wasgood in Task-2andTask-3
(c.f. S7andS8).� Useof nameexpansionandexceptionalperson
candidatesloweredthescores(c.f. S2andS9).� In Task-3,weappliedanew methodof usingthe
answerof thefirst questionbecauseour system
obtainedhigherscoresfor the top answerthan
we estimated.0yJ This additiongreatlyimproved
thescore(c.f. S1andS10).� We createda tune-upsystemfor eachtaskus-
ing the resultsof S2 to S10(c.f. S12,S13,and
S14). The scoresslightly increasedin Task-1

minutely. Therewerefourteenquestionswhereour systemjudged
thataquestionhasnounit expressionandits answertypeis anumer-
ical expression.Amongthem,oursystemusingunit estimation(S1)
obtainedmorethanzeroscorein eightquetions.Whenour system
did not useunit estimation(S5), it obtainedmorethanzeroscore
in only threequetions.(S1 alwaysobtainedcorrectanswerswhen
S5obtainedcorrectanswers.)Whenoursystemdid not usestatisti-
cal testfor unit estimation(S6),it obtainedmorethanzeroscorein
sevenquetions.(We comparedS1andS6andfoundthat therewere
two questionwhentheanswerof S1wascorrectandtheanswerof
S6wasincorrectandtherewasonequestionwhentheanswerof S6
wascorrectandtheanswerof S1wasincorrect.)
M N

In the formal run, we thoughtour system’s performancewas
low andaddingtheanswerof thefirst questiondecreasedthescore.
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andTask-2andgreatlyincreasedin Task-3.The
improvementin Task-3wassignificantaccord-
ing to theT-test.� In Task-3,we observedvery few significantdif-
ferences.This may have beendueto the small
number(40) of questionsin Task-3.� In S11,weusedtheselect-twomethod. In Task-
2, the scoredecreasedaswe estimated.How-
ever, we did not estimatethe increasedscores
in Task-3. The performanceof our systemfor
Task-3 was not particularly good. We found
that when the systemperformancewas poor,
the select-twomethodcould be superiorto the
select-onemethod. 0 ©

5 Conclusion

Our question-answeringsystemusesseveral new
methods.Oneis unit estimation.This methodis very
usefulwhentheansweris a numericalexpressionand
a questionsentencedoesnot includeany unit estima-
tion. This methodcanbe usedto estimatea unit ex-
pressionfor the answerby usinga statisticaltestand
corpusdata and thus improves the results for such
questions. Another new methodis the probabilistic
near-termsinformationretrieval. This methodenables
us to use full-size documentsin documentretrieval
without dividing the documentsinto passages.This
methodis useful when the answeris not within the
paragraphwhererelevant termsoccur. We confirmed
theeffectivenessof theunit estimationby usinga sta-
tistical test (T-test)andfound that probabilisticnear-
termsinformationretrieval improvedtheperformance
in Task-1andTask-2.

In our previous question-answeringsystem, we
usedotheroriginal methodsbasedon syntacticstruc-
turesand rewriting rules (paraphrasing)[10, 11, 7].
However, we did not usethesetechniquesin theQAC
becausethey aretime consuming.In our futurework,
wehopeto usethesetechniquesto improveoursystem
with regardto theQAC.

TheQAC hasdrawn many researchersinto thefield
of question-answeringsystemsandhashelpedto im-
provethequestion-answeringperformancethatcanbe
attained.We hopeto seefurtherrapidprogressin this
field and the future developmentof artificial intelli-
genceusingsuchsystems.
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