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Abstract

Our question-answeringystemincorporates sev-
eral new methods. Oneis 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 sudh
questions Anothernew methods called probabilistic
neartermsinformationretrieval. Thismethodenables
us to use full-size documentsn documentretrieval
withoutdividingdocumentinto passgesandis useful
whenthe answeris not within the passge whele rel-
evanttermsoccur We confirmedthe effectivenes®f
the unit estimationby usinga statisticaltest(a T-test)
and foundthat the probabilistic neartermsinforma-
tion retrieval improvedthe performancen Task-land
Task-2.

Keywords: Statisticaltest,Unit estimationProba-
bilistic neartermsIR

1 Introduction

We expectquestion-answeringystemgo become
increasinglyimportantas a more corvenientalterna-
tive to systemadesignedor informationretrieval and
to be a basic componentof future artificial intelli-
gencesystems. We have investigatedthe potential
of question-answeringystemg10] and have partic-
ipatedin the Question-AnsweringChallenge(QAC)
of NTCIR 3. Our question-answeringystenreported
at NTCIR 3 incorporateswo nev methods. Oneis
unit estimationwhich is usefulwhenthe answeris a
numericalexpressionandthe questionsentenceloes
not include ary unit expression. This methodcanbe
usedo estimatea unit expressiorfor theanswerby us-
ing a statisticaltestandcorpusdataandthusimproves
the resultsfor suchquestions. Another nev method
is probabilisticneartermsinformationretrieval. This
enableaisto usefull-size documentsn documente-
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trieval withoutdividing document$nto passagesTl his
is usefulwhenthe answeris not within the paragraph
whererelevanttermsoccur

2 Importance of a question-answering
system

We have investigatedquestion-answeringystems
with regardto variousaspectg10, 11, 7]. Our expe-
rience hasled us to believe that question-answering
systemsaareparticularlyimportantin two respects:

¢ Question-answeringystemsare more corve-
nient for usersthan information retrieval sys-
tems.

Sincea question-answeringystemshows users
directanswerdo their questionspserscaneas-
ily acquire the information they want with-
out having to read the pertinent documents.
An information-retrieal systemonly identifies
such documentsthus making it necessaryor
usersto readthroughthe documentgo find the
informationthey seek.

e Question-answeringystemsanbeappliedasa
componenbf otherintelligentsystems.

A question-answeringystemthatcanautomat-
ically extract answerscan be usedas a com-
ponentof other intelligent systems. We think

thata question-answeringystemwill be afun-

damentalcomponenif future artificial intelli-

gencesystems.

3 Explanation of our system
3.1 Outlineof our system

Our systemusesthree ordinary algorithmsasfol-
lows:

1. Estimationof answetrtype
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The systemestimateghe answerto be a partic-
ulartype of expressiorbasedntheexpressions
of aninterrogatve pronoun,adjectve, or adverb
of an input questionsentence. For example,
if the input questionsentencds "How large is
theareaof Japan?”theexpressiorfHow large”
suggestshatthe answermwill beanumericalex-
pression.

2. Documentretrieval

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

3. Answerdetection

The systemextractslinguistic expressionghat
matchthe estimatedexpressiontype of the an-
swerasestimatedn 1 from the documentge-
trieved in 2. It then outputsextractedexpres-
sionsasthe answer For example,for the ques-
tion "How largeis the areaof Japan?”the sys-
tem extracts numericalexpressionsas the an-
swerfrom documentgontaining'large’, 'area’,
and'Japan’.

3.2 Estimation of answer type

Estimationregardingtheanswettypein our system
is createdbasedon manually createdheuristicrules.
Someof the heuristicrulesareshovn here.

1. When' fil (what)X1 fT (what)X2' isin aques-
tion sentenceWH-WH is given as an answer
type. (e.g.“fT4 M A" (whatyearwhatmonth))

2. When'X1 2 fi& & > (whatdowe call X1) is
in a questionsentenceexpressionsorrespond-
ing to X1 areextractedasthe NOUN-FOCUS.

3. When'X1 & & Z’ (whereis X1) isin aquestion
sentencegexpressionscorrespondingo X1 are
extractedasthe NOUN-FOCUS.

4. When ' #’ (who) is in a questionsentence,
PERSONs givenastheansweltype.

5. When’ & Z" (where)is in a questionsentence
andthe NOUN-FOCUSis not’ #i3%’ (area),’
%’ (location),or soon, ORGANIZATION is
givenastheansweltype.

6. When’ & Z* (where)is in a questionsentence
and the NOUN-FOCUSis not ' &#t’ (com-
pary), ' ## (organization)or soon, LOCA-
TION is givenastheansweltype.

7. When ' fil (what) + particles’ is in a ques-
tion sentenc@andNOUN-FOCUSis not’ #t’
(compary), ' #3%’ (area),or soon, ARTIFACT
is givenastheanswertype.

8. When ' 1 (what) + particles’ is in a ques-
tion sentencandthe NOUN-FOCUSis * #i5’
(area),or soon, LOCATION is givenasthean-
swertype.

9. When’ fi (what) + suffix’ is in a questionsen-
tence thesuffix is extractedasaunitexpression.

10. When’ w2’ (when)is in a questionsentence,
TIME is givenastheanswetrtype.

11. When’' £ @ < 5 wd X1' (how mary X1) is
in a question sentence,the expressionscor
respondingto X1 are extractedas the UNIT-
FOCUS.

12. When’ £ ® < 5Wa’ (how mary) isin agues-
tion sentenceNUM-EXP is givenastheanswer
type.

13. When’ & Z® =’ (what country)is in a ques-
tion sentenceSEM-COUNTRY is givenasthe
answeltype.

14. When'’ %t & & f1° (whatspellings)is in a ques-
tion sentenceSEM-SPELLIis 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 gathersentencesontaining
expressiondike "UNIT-FOCUS+ ' i&’ + 'numerical
expressions’ 'unit expressions’andextractthe unit
expressions. We theneliminateunnecessarunit ex-
pressiondy applying a statisticaltestbasedon a bi-
nomialdistribution. Eliminatedexpressionsreasfol-
lows:

Unnecessargxpressions= {t|P(e) < kp} (1)

where P(e) is calculatedby the following equatiord
andk, is a constanthatis setbasedon experimental
results.

LExtractingunit expressiongrom the corpuswasproposedy us
in our previous paperf11].

2In this study we usedthe summatiorof 0 to k, but the summa-
tion of 0 to £ — 1 couldalsobe used.Whenthe summatiorof 0 to
k is used,anexpressiorhaving a lower valuefor P(e) is judgedto
be an expressiorthat occurslessoftenthanthe averageoccurrence
whenUNIT-FOCUSco-occursandit is eliminated.Whenthe sum-
mationof 0 to k — 1 is used,an expressionhaving a highervalue
for P(e) is judgedto be an expressiorthat occursmoreoftenthan
the averageoccurrencevhen UNIT-FOCUSco-occursandthe ex-
pression®therthansuchanexpressionareeliminated.We planto
patentthesemethods.



Table 1. An example of using unit estima-
tion

e k n P(e)
A =R 50 | 128175| 1.000000
(meter)
Y F 28 47050| 1.000000
(centimeter)
] 11 25897 | 1.000000
(millimeter)
¥ 0 11 99618 | 0.999996
(kilometer)
JE 4R 2 538 | 1.000000
(light-year)
g 2| 955808| 0.000000
(minute)
¥ —-K 1 2744 | 0.998205
(vard)
AV F 1 1865 | 0.999160
(inch)
7 1| 1625073| 0.000000
(piece)
R 1 2146 | 0.998892
(shaky

k

P(e) =Y C(n,m)p(w)"(1 - p(u)" " 2)

r=0

where C(z,y) is the numberof combinationswhen
we selecty itemsfrom z items, n is the numberof
timesexpressiore occursin the corpus,k is thenum-
berof timesthe unit expressiore occursin the pattern
of "UNIT-FOCUS+ "’ &’ + 'numericalexpressions

‘unit expressions™in the corpus,and p(u) is calcu-
latedby

freq(u)
N

p(u) = 3)

wherefreq(u) is the frequeng of the UNIT-FOCUS
u appearingn the corpusand NV is the numberof all
charactersn the corpus.In this study we usednews-
paperissuedrom overa 10-yearperiod[5] asthecor
pusfor theunit estimationcalculation.

An exampleof usingunit estimationis asfollows.
Considerthe questionsentenceX D& 33 & D < 5
WTIA’ (How muchis the length of X?). In this
casewe extractanoun’ &’ (length)asthe UNIT-
FOCUSand gathercandidateunit expressionsusing
"R& + & + ’'numericalexpressions™ 'unit expres-
sions™. Weobtain’ * — kb’ (meter), €~ ¥’ (cen-
timeter),” X U’ (millimeter),” ¥ 1’ (kilometer),” %
£’ (light-year),” 4’ (minute),” ¥ — K’ (yard),” {1
>~ % (inch),” &’ (piece),and’ R’ (shaku)as can-
didates. We calculateP(e) for eachcandidateand
obtainthe resultsshavn in Table 1. In this case,N
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is 533,366,720the frequeny of ' & &' is 11,887,
andp(u) = g33556755 = 0-000022289. As shavn

in Table 1, our methodcan correctly eliminate’ %

(minute)and’ &’ (piece). Whenusingour unit esti-
mation, we do not needa dictionary for unit expres-
sions. Anothergood point regardingthe unit estima-
tion is thatit givesvariousexpressionghatappearin

the corpus. Unit estimationcanalso be usedto con-
structa dictionaryof unit expressions.Thus,our unit
estimationmethodoffersvariousbenefits.

3.3 Document retrieval

We extractedtermsfrom a questionsentencdy us-
ing a morphologicalanalyzey ChaSen[§ We elimi-
natedtermswhosepartsof speectwerepostpositional
particlesor somethingthenperformedretrieval using
the extractedterms? We developeda methodthaten-
ablesusto usea full-size documentor documentre-
trieval. In generalwe divide eachdocumentnto small
passagebeforedocumentretrieval. For example,we
divided eachdocumentinto setsof three sentences
in our previous study [10, 11]. This overcomesthe
shortcomingof commoninformation retrieval meth-
ods that cannothandlelong documentdor retrieval.
In a question-answeringystem the answeroftenoc-
cursin the termsextractedfrom a questionsentence.
In this case the conditionthattermsoccurneareach
otheris very important, but existing information re-
trieval methodshave nottakenthis conditioninto con-
sideration. As a result, divided passagebave gener
ally beenusedfor documentetrieval. Theinformation
retrieval methodthat we usefor documentretrieval
in our guestion-answeringystemhowever, considers
theconditionthattermsoccurneareachotherby using
aprobabilitytheory Our methodis asfollows.

1. We first retrieve the top k4-1 documentsthat
have the highestscoresrom theequation

tf(d,t)
length(d) + k4
tf(d,t) + ktiA .

N
X logdf—(t)> 4)

Score(d) =
termt

whered isadocumentt is atermextractedrom
aquestionsentencetf(d, t) is thefrequeng of
t occurringin adocument, df (t) is thenumber
of documentsn which ¢ appears)V is thetotal

3We useddown-weightingmethodg3, 9, 8] for thetermsin Egs.
(5), (9), and(12) which allowed usto usecompounderms.We also
usedsynorymsin theEDR dictionary[2] to expandterms.Whenwe
usedsynorymsastermsin Egs.(5), (9), and(12) insteadof termsin
aquestiorsentenceywe usedthetotal frequeng of theoriginalterm
andits synomymsasdf (t).
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numberof documentsjength(d) is the length

of adocumentd, andA is the averagelengthof

the documents.kq1, k¢, and k. areconstants
thataresetaccordingto experimentakesults.

This equationwas basedon Robertsors equa-
tion [13, 14]. This methodis very effective
and we have usedit for information retrieval
[9, 12 8].

2. Next, we re-rankthe extracteddocumentsus-
ing the following equationand extract the top
kar2 documentsThe k4,2 extracteddocuments
are usedin the answerextraction phasewhich
comesnext.

Score(d)

= —mingicrlog H (2dist(t1,t2)%)w”2(m
t2€T3
(5)
I N
99 9dist(t1, £2) * df (2)

(6)

= matTiier Z War2(t2)

t2€T3

T3={tteT, 2dist(t1,t)dfT(t) <13}

whered is adocumentT is a setof terms,and
dist(t1,t2) is the distancebetweentl and ¢2
(usingthe numberof characterasthedistance)
wheredist(t1,t2) = 0.5whentl = t2. df (¢) is
the numberof timest occursin all documents,
N is thetotal numberof character®f all docu-
mentsandwg,2(¢2) is afunctionof ¢2 whichis
adjustedaccordingto experimentakesults.

Equation(5) canbe deducedvhenwg,o(t2) =
1 through a probability theory We consider
the probability of a patternof the occurrence
of terms. First, we selecttl. The occurrence
probabilityof ¢1 is %. Next, we considetthe
othertermst2. The probability of eachof these
termsoccurringwithin the distancedist(t1, t2)
to 1 is 2dist(t1, 12) %{24 Thereforetheprob-
ability of anoccurrenceatternis

df (1)
N

[[ (distirs, t2)%) ®)

t2€T3,t2#¢1

4Strictly
speaking the probabilityis 1 — (1 — %)2‘““(“7”). When
we useTaylorsformula((l1 — z)" = 1 — nz (v < 1)), theprob-
ability become®dist(t1,t2) %.

If we supposéhatdist(t1,t2) =0.5whentl =
t2, the above equationbecomessimilar to Eq.
(5). Whenthe probability of patternoccurrence
is low, the patternis morevaluable,so we ex-
tract documentghat have low scoresfrom Eq.
(8). SinceEqg. (5) is multiplied by —1, we
extractdocumentsaving high scoresfrom Eq.

(5).

We call this informationretrieval methodthatuses
thepatternof nearbytermsbhasedn probabilitytheory
probabilisticneartermsinformationretrieval.?

3.4 Answer detection

To detectanswerspur systemfirst generatesan-
didateexpressiondor the answerfrom the extracted
documents.We initially usedmorphemen-gramsfor
the candidateexpressionsput this led to the genera-
tion of too mary candidates.Therefore,we now use
only candidateghat consistof only nouns,unknovn
words,andsymbols.Also, we useChaSersothatwe
canuse morphemesand their partsof speech. Hira-
ganacharactersn personahameshaving the suffix ’
S A7 (Mr.) weresometimesncorrectlyrecognizeds
particles,so we addedexpressionsvhosefirst word
arenounswhoselastwordis’ ZA' (Mr.), andwhose
lengthis lessthan 10 charactergo the candidatess
exceptions. We call this addition use of exceptional
person candidates Also, we addedexpressionssur
roundedby Japanesbraclets’ T’ and’'1 ' tothecan-
didatesbecausesuch expressionswere often correct
answerg15] andthesesxpressiongontainwordssuch
asparticles.

Our methodof judgingwhethereachcandidatéds a
correctanswelis to addupthescorefor eachcandidate
underthe conditionthatthe candidatds anearbyterm
with thescorebasedn heuristicrulesaccordingo the
answettype. Our systemselectghe candidatefiaving
thehighesttotal pointsascorrectanswers.

We developedwo methoddor calculatingthescore
under the condition that the candidatebe near the
termsof eachcandidate:. Theseareasfollows.

Scoreneari(c)

_ . df(tZ) wgpo (£2)
= —log H (2dist(c, tZ)T) dr2 9)
t2€T3

N
= Z war2(t2)log 2dist(c,t2) * df (t2) (10)

t2€T'3

T3 = {t|t € T, 2dist(c, t)@ <1} 1)

5We planto patentthis methodalso.



Scorepear2(c)
= 3 K w0 (42)log (12)
near2 df(tQ)
t2€T3
T3={t}teT, 2dist(t1,t)%(t) <1} (13)

wherec is a candidatefor the answer T' is a set of
terms,and dist(c, t2) is the distancebetweenc and
t2. df(t) is the numberof timest occursin all the
documents)N is thetotal numberof charactersn all
thedocumentsandwg,2(¢2) is afunctionof 2 which
is adjustedaccordingto experimentalresults. &,,cqr2
is aconstansetaccordingio experimentakresults.

Scoreneqr1(¢) is a very similar methodto that of
Eq. 5. This methodalso hasa function to selecta
candidateby usingnearbyterms.

Scoreneqr2(c) is aheuristicfunctionusingthecon-
dition thatthe answeiis nearcertainterms.

Next, we describehow thescoreis calculatecbased
on heuristicrulesusingtheestimatedanswelitype. We
usedmary heuristicrulesto awardpointsto candidates
andusedthe total scoreasthe decidingvalue. Some
of the heuristicrulesareshavn below.

1. We add-1,000,00Qto candidateshat consistof
unnecessargharactersuchas’ —’,’ *’, and’
ICBIE % (hasarelateddocumentn).

2. We add1000to candidateshatmatchoneof the
estimatedanswertypes (LOCATION, ORGA-
NIZATION, PERSON,ARTIFACT, or TIME)
whenthey are numericalexpressionst UNIT-
EXP or estimatedunit expressionswhenthey
are’X1 4 (year)X2 A (month)X3 H (day)’
wherethequestiorsentenceontains £ 4 A H
W2 (whatis yourbirthday);whenthey have
the meaningof jobs wherethe NOUN-FOCUS
is ' % (work), ' B3’ (job), or soon; and
whenthey have Noun X wherethequestionsen-
tencecontains 7 (what)+ NounX’, andsoon.

Thisis themostfundamentafule, andwe adjust
it sothata candidatehatis a goodanswerwill
almostalwayssatisfytherule.

Named entity (NE) extraction techniquesare
usedto judgewhethera candidatematched O-
CATION, ORGANIZATION, PERSON, AR-
TIFACT, or TIME. We use a machinelearn-
ing approachfor our NE extraction system,
and CRL (CommunicationResearch_abora-
tory) NE datawasusedfor trainingin the ma-
chine learning [16]. Only LOCATION, OR-
GANIZATION, PERSON,ARTIFACT, TIME,
and DATE were usedas categyoriesin the CRL
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NE data. We madesix NE extraction systems
for thesesix categyories. Eachsystemjudges
whetheracandidatexpressiorbelonggo acer
tain catgyory. For example,the NE systemfor
LOCATION judgeswhethera candidateis a
LOCATION. In our system,one candidatecan
belongto morethanoneNE category. We used
the supportvector machinefor machinelearn-
ing [1, 4, 17]. Whena candidateis judgedto
be a DATE, we classifyit asa TIME because
our question-answeringystemdoesnot usea
DATE categyory.

Our methodfor judging whethera candidate
matched OCATION, ORGANIZATION, PER-
SON,ARTIFACT, or TIME useswo otherpow-

erful technigues.One improvesthe recall rate
andthe otherimprovesthe precisionrate. The

first techniqueis that we did not usethe mor

phemegpreviousto andsucceedingheanalyzed
NE asfeaturesin the NE judgment. This im-

provesthe recall rate® The secondtechnique
is that we usedheuristicrulesto eliminateary

wrong NEs afterthe NE judgmentby machine
learning. For example,we usedthe following

rulesfor elimination.

(a) A candidatewhoselast charactelis * &’
(system),’ ¥’ (compary), or so on is
eliminatedin the caseof PERSONclassi-
fication.

(b) A candidatewhosefirst characterss ’ =
&’ (because), Z &’ (thing), or soon,is
eliminatedin the caseof PERSONclassi-
fication.

(c) A candidatecontainingwords other than
wordswe selectedn advanceis eliminated
in the caseof TIME classification. (We
first selected 3%’ (past),” &’ (half),
" ®' (summer),andso on asgoodwords
for TIME andeliminatedcandidateson-
tainingotherwords.)

The rules shavn here representa very small
sampleof our heuristicrules. Theseruleswere
madeby manuallycheckinga large body of re-
sultsfrom our NE systemusinga large amount
of raw datd asinputdata.

3. WhenWH-WH is one of the estimatedcanswer
types,we add 1000to candidateghat matcha

SWe also used other methodsto improve the recall rate.
Katakanaexpressionsvhosepartsof speectareunknavn wordsare
classifiedas LOCATION, ORGANIZATION, PERSON,or ARTI-
FACT. A kanji character ary character’ & A’ (Mr.) is classified
asPERSON Candidateshatarein ourdictionaryof companiesre
classifiedasORGANIZATION.

"This raw datahadno NE tags,andwas part of the documents
thatwereusedfor the QAC (Mainichi newspaperL998,1999).
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patternof 'X1 P1X2 P2’ which usestheinter
rogative pronoun’ 7 (what) P17 (what)P2'.

4. Whenthe NOUN-FOCUSis ' ft %’ (work), ’
B%3%’ (job), or soon,we add1000to candidates
thathave the meaningof jobs. Thejudgmentas
to whethera candidatéhasthe meaningof ajob
is madeby usingthe EDR thesauru$2].

5. WhenSEM-COUNTRY is oneof the estimated
answetypes,weadd1000to candidateshatare
in ourdictionaryof countrieswvhichincludesthe
namesof almostall countries.

6. WhenSEM-SPELLIs oneof the estimatedan-
swertypes,we add1000to candidateshatcon-
sistof only hiraganacharacterandthe symbol

7. When a questionsentencencludes’ # i if &
¥ 2 (whatprefecture)we add 1000to can-
didatesthatarelocationexpressionandwhose
suffix is’ #°, * &, ' ', or’ B’ (prefecture).

8. When the NOUN-FOCUS s * %4 fE’ (master
piece), &’ (literary work), or soon, we add
1000to candidateshataresurroundedby brack-
ets’ T"and'! .

9. WhenNUM-EXP is oneof theestimatednswer
types, we add 1000to candidateghat consist
of only numericalexpressionsand unit expres-
sions.

10. When a questionsentencecontains’ @ & % i&
7' (what symbol), we add 1000to candidates
thatconsistof symbols.

11. When a questionsentencecontains’ &% & 5
3 fT#& (whatis thetelephonenumber) we add
1000to candidateshatconsistof numericalex-
pressionandthesymbol’ - ’.

12. Whenaquestiorsentenceontains i (what)+
NounX’, we add1000to candidatesaving the
NounX.

13. Whena questionsentencecontains’ f (what)
+ ®#H (day of the week)’, we add 10,000to
candidateshatare’ H #H' (Sunday), A#EH’
(Monday),or soon.

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

PERSON,we gather’YYYYY - XXXXX' andthe
YYYYY - XXXXX' thathasthe highestfrequeny
is selectedasthe answer We call this methodname
expansion

Now, we will describeour strategy for the QAC. In
task-1,wherethe MRR is usedin the evaluation,our
systemoutputsthe top five answers. In task-2and
task-3,wherethe meanof the f-measurgMF) is used
in the evaluation,our systemoutputsthe top answes®
In task-3,we useasthe secondguestionsentenceahe
connectionof the first and secondquestionsentence
wherean interrogatve pronoun,adjectve, or adwerb
in thefirst sentencés changedo dummysymbols.

4 Experiments

Our experimentalresultsare shavn in Table 2.1°
ExperimentsS2to S11were performedafterthe for-
mal run to confirmthe effectivenesf methodsused
in our system.S4is the methodby which documents
aredivided into paragraphsfterusingEq. 4 andbe-
fore usingEqg. 5. S5did not useunit estimationat
all anddid not useary estimatedunit expression.S6
did not usea statisticaltestto eliminateunnecessary
unit expressionsand usedall the candidateunit ex-
pressiongatheredrom thecorpusasunit expressions.
S10is the methodusing as the secondquestionthe
connectiorof the first questionsentencethe highest-
ranked answerof the first questionsentenceandthe
secondquestionsentencdor task-3. S11is a select-
two methodthat outputsthe two top answers. The
experimentsfor S12to S14 were doneto obtainthe
highestscoreusingthe resultsof S2to S10. We used
aone-sidedr-testto statisticallyconfirmtheeffective-
ness. We usedS1 asthe basemethodfor compari-
son. The figuresdenotedby '+’ weresuperiorto the
basemethodresultat a significanceevel of 0.05and
the figuresdenotedby '—' wereinferior at a signifi-
cancelevel of 0.05. The parametersverek, = 0.9,
k: = 0.00001, ky = 20, andwg2(t) = 0.3 when
atermt¢ wasa verb and otherwisewas 1. We used
Scoreneqr1(c) for otherthanS7andS8. Theheuristic
rulesin our systemwere manually devised by refer
ring to the questiondn adry run andabouta hundred
questionsconstructedby us. We useddocumentge-
trieved from Mainichi newspaperarticles(takenfrom
theissuesover two years: 1998and 1999)[5] which

8\We explain MRR andMF in Sectiord

90ur systemhasno function for selectingmultiple answersso
we useonly oneanswerto maintaingood precision. We call this
stratgy the select-onamethod

100ur submittedsystemsobtainedthe highestMF in Task-2. In

Task-1and Task-3,our systemsbtainedthe seconchighestMRR
andMF. (The highestMRR in Task-1was0.608. The highestMF
in Task-3was0.187.) This indicatedthat our systemworked rea-
sonablywell. Therefore,our resultsfrom the comparisorof sev-
eralmethodsn our systemcanbe usedfor future studiesregarding
guestion-answeringystems.
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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 hameexpansion 0.531 | 0.366 | 0.192
S3 | No useof answercompiling 0.493- | 0.339 | 0.167
S4 | Documentglividedinto paragraphs 0.513 | 0.355 | 0.250
S5 | No useof unit estimation 0.501~ | 0.341~ | 0.167
S6 | No useof statisticaltestfor unit estimation| 0.521 | 0.361 | 0.167
S7 | Useof Scorenears With kpegre = 0.99 0.521 | 0.378 | 0.225
S8 | Useof Scoregeqre With kpeqr2 = 0.999 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-tvo method — 0.341 | 0.213
S12 | Combinationof S2andS9 0.532 | — —
S13 | Combinationof S2andS8 — 0.385 | —
S14 | Combinationof S2,54,S7,andS10 — — 0.325%

werethedocumentshatwe extractedanswergrom in
the QAC task.We did not useary otherdocumentgor
documentetrieval. The QAC hadthreetasks(Task-1,
Task-2,andTask-3).Task-1land Task-2usedthesame

200 questions.Task-3used40 setsof two questions.

Thesecondjuestiornof eachsetwasrelatedto thefirst
question. For example, the first sentencewould be
"HADAREWLI5TTA " (How mary peopleare
therein Japan?pndthesecondsentencevould be” &
HII WL BTIA " (Whatis thesizeof thearea?)In
Task-3,only the secondsentencesvere evaluated.In
Task-1,we could submitfive or lessanswerdor each
questionand MRR wasusedfor evaluation. In Task-
1, thefirst correctansweramongthe five answersvas
usedfor the MRR calculation. In the MRR, we ob-
taineda scoreof 1/r whenthe r-th submittedanswer
was correct. In Task-2and Task-3,we could submit
ary numberof answerdor eachquestionandthe MF
(meanof the f-measure)was usedfor evaluation. In
Task-2and Task-3,whenthe questionhad morethan
oneansweywe hadto submitthe correspondingnul-
tiple answergo obtainfull marks. Therecallratein
the f-measurewas the ratio of the numberof correct

answerssubmittedto the numberof correctanswers.

The precisionratewastheratio of the numberof cor
rectanswersubmittedto thenumberof submittedan-
swers.

We found the following from the experimentalre-
sults.

e Ourmethodof unit estimationvasconfirmedto
beeffective by statisticatesting(the T-test)(c.f.
S5). Our methodof usingstatisticaltestfor unit
estimatiorslightly increasedhe performancef
unit estimation(compareS1andS6) 1t

11\We examinedtheresultsof usingunit estimationin Task2 more

e Answer compiling was also effective, as was
confirmedby statisticaltestingin Task-1 (c.f.
S3).

e Ourmethodof probabilisticneartermsinforma-
tion retrieval sometimegprovided betterresults
(c.f. SlandS4in Task-landTask-2).However,
we could not confirm its effectivenessthrough
the T-test.

e Scoreneqar1(c) was good in  Task-1.
Scoreneara(c) wasgoodin Task-2and Task-3
(c.f. S7TandS8).

¢ Useof nameexpansionandexceptionalperson
candidatesoweredthe scoreqc.f. S2andS9).

e In Task-3,we appliedanen methodof usingthe
answerof the first questionbecauseur system
obtainedhigher scoresfor the top answerthan
we estimated.? This additiongreatlyimproved
thescore(c.f. S1andS10).

e \We createda tune-upsystemfor eachtaskus-
ing theresultsof S2to S10(c.f. S12,S13,and
S14). The scoresslightly increasedn Task-1

minutely. Therewerefourteenquestionsvhereour systemjudged
thataquestiorhasnounit expressiorandits answetypeis anumer
ical expression Amongthem,our systermusingunit estimation(S1)
obtainedmorethanzeroscorein eightquetions.Whenour system
did not useunit estimation(S5), it obtainedmore thanzeroscore
in only threequetions. (S1 always obtainedcorrectanswersvhen
S5obtainedcorrectanswers.Whenour systemdid not usestatisti-
caltestfor unit estimation(S6),it obtainedmorethanzeroscorein
sevenquetions.(Vé comparedS1and S6 andfoundthattherewere
two questionrwhenthe answerof S1wascorrectandthe answerof
Séwasincorrectandtherewasonequestiorwhenthe answerof S6
wascorrectandtheanswerof S1wasincorrect.)

12| the formal run, we thoughtour systems performancewvas
low andaddingthe answerof thefirst questiondecreasethescore.
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andTask-2andgreatlyincreasedn Task-3.The
improvementin Task-3was significantaccord-
ing to the T-test.

¢ In Task-3,we obsenredvery few significantdif-
ferences.This may have beendueto the small
number(40) of questionsn Task-3.

¢ In S11,we usedtheselect-twanethod In Task-
2, the scoredecreaseds we 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-onanethod!?

5 Conclusion

Our question-answeringystemusesseveral new
methods.Oneis unit estimation.This methodis very
usefulwhentheansweris a numericalexpressiorand
a questionsentencealoesnot includeary unit estima-
tion. This methodcanbe usedto estimatea unit ex-
pressionfor the answerby usinga statisticaltestand
corpusdata and thus improves the resultsfor such
guestions. Another new methodis the probabilistic
neartermsinformationretrieval. This methodenables
us to use full-size documentsin documentretrieval
without dividing the documentdnto passages.This
methodis useful when the answeris not within the
paragraphwhererelevanttermsoccur We confirmed
the effectivenesof the unit estimationby usinga sta-
tistical test (T-test) and found that probabilisticnear
termsinformationretrieval improvedthe performance
in Task-landTask-2.

In our previous question-answeringystem, we
usedotheroriginal methodsbhasedon syntacticstruc-
turesand rewriting rules (paraphrasing]10, 11, 7].
However, we did not usethesetechniquesn the QAC
because¢hey aretime consuming.In our futurework,
we hopeto usetheseechniqueso improve our system
with regardto the QAC.

The QAC hasdravn mary researchermto thefield
of question-answeringystemsandhashelpedto im-
prove thequestion-answeringerformancehatcanbe
attained.We hopeto seefurtherrapid progressn this
field and the future developmentof artificial intelli-
genceusingsuchsystems.
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