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Abstract

We have developedsystemsof two typesfor NT-
CIR2.Oneis anenhencedversionof thesystemwede-
velopedfor NTCIR1and IREX.It submittedretrieval
resultsfor JJ and CC tasks. A variety of parameters
were tried with the system. It usedsuch character-
istics of newspapers as locational information in the
CC tasks.Thesystemgot goodresultsfor bothof the
tasks. The other systemis a portable systemwhich
avoidsfreeparameters asmuch aspossible. Thesys-
temsubmittedretrieval resultsfor JJ, JE,EE,EJ, and
CC tasks. The systemautomaticallydeterminedthe
numberof top documentsandtheweightof theorigi-
nal queryusedin automatic-feedback retrieval. It also
determinedrelevant termsquite robustly. For EJ and
JE tasks,it useddocumentexpansionto augmentthe
initial queries.It achievedgoodresults,excepton the
CCtasks.
Keywords: newspaperarticle, locational informa-
tion, portablesystem,flexible system,

1 Intr oduction

Wehavedevelopedtwo systemsfor thesecondNT-
CIR Workshop’s informationretrieval (IR) tasks.

Oneis anenhancedversionof thesystemthatwas
usedfor thefirst NTCIR Workshop’s IR tasks[5] and
the IREX Workshop’s IR tasks[6]. We call this Sys-
temA. Theotherisanewly developedsystemin which
freeparametersareavoidedasmuchaspossible.We
call this SystemB.1

SystemA participatedin taskssetin Japaneseand
Chinese(JJandCC). It achieved high averagepreci-
sionson bothtasks.SystemB participatedin tasksset
in Japanese,English,andChinese(JJ,JE,EE,EJ,and
CC).It achievedhighaverageprecisionsontheJJ,EE,
JE,andEJtasks.

Although the two systemsparticipatedin someof

1SystemA wasdevelopedmainlyby thefirst author, andSystem
B wasdevelopedmainlyby thesecondauthor.

thesametasks,thedetailsof thesystemimplementa-
tions areratherdifferent. Thus,we describethe two
systemsseparately, focusingon particulartasks;i.e.,
we describeSystem-Ain thecontext of CC tasksand
describeSystem-Bin thecontext of JJ,EE,JE,andEJ
tasks.

2 ChineseIR Tasks

In this section,we describeSystemA in the con-
text of CC tasks. SystemA participatedin JJ tasks2

andCC tasks,andachieved particularlygoodresults
on theCC tasks.This reasonis that thetypesof doc-
umentsusedin theCC taskswerevery differentfrom
thoseusedin theJJtasks.While theJJtasksinvolved
retrieval from a databaseof academicconferencepa-
pers,the CC tasksinvolved retrieval from a database
of newspaperarticles. SystemA3 takesadvantageof
suchcharacteristicsof newspapersas the title or the
first sentenceof the body of an article in a newspa-
peroften indicatingthearticle’s subject.We thusex-
pectedSystemA to be effective on the CC tasks. In
the following sections,we give a detaileddescription
of SystemA andreporton theexperimentalresultsof
SystemA’sapplicationto theCC tasks.

2.1 Outline of SystemA

SystemA usesRobertson’s 2-poissonmodel [9]
whichisonekind of probabilisticapproach.In Robert-
son’s method,eachdocument’s scoreis calculatedby
using the following equation.4 The documentsthat

2SystemA particpatedin the long-query and short-queryJJ
tasks. The bestaverageprecisionsof the two tasksin termsof A
judgementwere0.4082(CRL20)and0.3730(CRL16),andthebest
averageR-precisionswere0.4210(CRL20) and0.3866(CRL27).
Theseresultsarealsogood. Stringsin parenthesesindicatesystem
ids in theNTCIR contest.Examinationof SystemA’s performance
onJJtasksis thesubjectof a forthcomingpublication.

3SystemA is basedon thesystemwe enteredin theIREX con-
test. In the IREX contest,articles in a databaseof newspapers
databasewereusedasthetestcollection. SystemA achievedgood
resultsin theIREX contest,too [6, 7].

4Thisequationis BM11, whichcorrespondsto BM25 in thecase
of ����� [11].
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where F indicatesa term that appearsin a query.F9GH�����?F9� is thefrequency of F in adocument� , F9GJI��/�C�?F9�
is the frequency of F in a query � , �KGH�/F9� is the num-
berof thedocumentsin which F appears,L is the to-
tal numberof documents,M/�ONQPCF9RS����� is thelengthof a
document� , and T is theaveragelengthof thedocu-
ments.U�V and U I areconstantswhicharesetaccording
to theresultsof experiments.
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In SystemA, severaltermsareaddedto extendthis
equation,andits methodis expressedby thefollowing
equation.
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The TF, IDF and TFI terms in this equationare
identical to thosein Eq. (1). The valueof the term� rK�#s�50�� rK�6s?5b��i�� increaseswith the length of the document.
This term is introducedbecauseif all of theotherin-
formation is exactly the same,the longer document
is morelikely to includecontentthat is a relevant re-
sponseto thequery. L�� is thetotalnumberof queries
and ��GH�<F9� is thenumberof queriesin which F occurs.
Thosetermswhich occurmore frequentlyin queries
aremorelikely to bestopwordssuchas“documents”
and“thing.” We decreasethescoresof stopwordsby
using M/
OP�� II9�J� V<� . ���f�hV/�K���?�?� and �4� ���f�hV<¡%�?¢ areextended
numericaltermsthat are introducedto improve pre-
cision of results. � �f�hV/�K���?�?� usesthe category infor-
mationof thedocumentfoundin newspapers,suchas
theeconomicor political pages.� � �?�f�!V<¡%�?¢ usesthelo-
cationof the term within the document. If the term
is in the title or at the beginning of the body of the
document,it is given a higherweighting. In the next

section,we explain theseextendednumericaltermsin
detail.

2.2 Extendednumerical terms

Weusethetwo extendednumericalterms� � ���f�hV<¡%�?¢
and� �f�!V/�K���9��� asshown in Eq. (2). In thissection,they
areexplainedin detail.

1. Locationinformation( � � ���f�hV<¡%�?¢ )
In general,the title or the first sentenceof the
body of a documentin a newspaperindicates
its subject. Therefore,the precisionof informa-
tion retrieval canbeimprovedby assigningmore
weight to the terms from thesetwo locations.
This is achieved by � � ���f�hV<¡%�?¢ which adjuststhe
weightonatermthebasisof whetheror not it ap-
pearsat thebeginningof thedocument.If a term
is in thetitle or at thebeginningof thebody, it is
given a high weighting. Otherwise,it is given a
low weighting. � � ���f�hV<¡0�9¢ is expressedasfollows:

m � u o�q 50�£u?� "%$& + ( � xzzzz{ zzzz|
3 � u o�q 50�£u?� g ¤
(whena term + occursin thetitle of
adocument

$
),� 1D3 � u otq 50��u9� g ¥ " 7  98�: +<; "0$#(�¦¨§S©«ªp"0$& + (/(7  98�: +<; "0$#(

(otherwise)

(3)

¬ �����?F9� is thelocationof aterm F in thedocument� . Whenatermappearsmorethanoncein adoc-
ument,its first appearenceis used.U � �?�f�!V<¡%�?¢C ® andU � ���f�hV<¡%�?¢C ¯ areconstantswhich aresetaccording
to theresultsof experiments.

2. Categoricalinformation( � �f�hV/�K���?�?� )� �f�!V/�K���9��� uses category information such as
whetheror not thedocumentappearson theeco-
nomicor political pages.This operatesby apply-
ing thetechniquecalledrelevancefeedback[13].
Firstly, we specifythecategorieswhich occurin
the top 15 documentsof the first retrieval when���f�!V/�K���9���±°³² . Then,we increasethe scoresof
documentsthat are in majority or most-frequent
categories.For example,thetop15documentsof
the first retrieval weremostoften from the eco-
nomic pages,we increasethe scoresof a doc-
umentsfrom economicpagesand decreasethe
scoresof all documentsfrom othersectionsof the
newspaper. � �f�!V/�K���9��� is expressedasfollows;
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where »½¼�Ff¾K
�¿ is the proportionof the top 100
documentsin a given category on the first re-
trieval. »½¼�Ff¾K
�À is theproportionof thatcategory



in all thedocuments.Thevalueof � �f�!V/�K���9��� �/�C�
is largewhen »½¼2Ff¾f
�¿ is large (the top 100doc-
umentsof thefirst retrieval frequentlyappearon
thesamepagesasa document� .) and »½¼�Ff¾f
�À is
small (few of thedocumentsappearon thesame
pagesas � ). U��f�hV/�K���?�?� is a constantwhich is set
accordingto theresultsof experiments.

2.3 How terms areextracted

Beforebeingableto useEq. (2) in informationre-
trieval, we mustextracttermsfrom a query. This sec-
tion describeshow this is done. With regardto term
extraction, we consideredthe several methodslisted
below.

1. Methodof usingonly theshortestterms

This is the simplestmethod. In the method,the
querysentenceis divided into shorttermsby us-
ing a morphologicalanalyzeror a similar tool.
All of theshorttermsareusedin theretrieval pro-
cess.The methodusedto divide the querysen-
tenceinto shorttermsis describedin Section2.4.

2. Methodof usingall termpatterns

In thefirst methodthetermsaretooshort.For ex-
ample, “enterprise”and “amalgamation”would
be usedinsteadof “enterpriseamalgamation.”5

We felt that “enterpriseamalgamation”should
be usedalongwith the two short terms. There-
fore,wedecidedto usebothshortandlongterms.
We call this the “all term-patternsmethod.” For
example, when “enterprise amalgamationma-
terialization” was input, we used “enterprise”,
“amalgamation”, “materialization”, “enterprise
amalgamation”,“amalgamationmaterialization”,
and“enterpriseamalgamationmaterialization”as
termsfor informationretrieval. We felt that this
methodwould be effective becauseit makesuse
of all term patterns.We alsofelt, however, that
it is inequitablethat only the three terms “en-
terprise,” “amalgamation,” “materialization,” are
derived from “... enterprise... amalgamation...
materialization...”, while six termsare derived
from “enterpriseamalgamationmaterialization.”
We examinedseveral methodsof normalization
in preliminary experiments,then decidedto di-

vide theweightof eachtermby Á ¢ � ¢�Â�®��¯ , whereN is thenumberof successive words. For exam-
ple, in thecaseof “enterpriseamalgamationma-
terialization”, N�°]Ã .

5Although this part of the paperdealsonly with retrieval from
Chinese-languagetexts, andnot English,we have usedEnglishex-
amplesfor thebenefitof thisEnglish-lanugaejournal’sreaders.This
methodhandlescompoundnounsand can be appliednot only to
Chinesebut alsoto English.

enterprise amalgamation materialization

enterprise amalgamation 

enterprise amalgamation materialization

amalgamation materialization

Figure 1. An example of a lattice
structure

3. Methodusinga lattice

Although the methodof using all-term patterns
effectively usesall patternsof terms, it needs
to be normalizedby using the adhocequationÁ ¢ � ¢�Â�®��¯ . Wethusconsideredamethodin which
all term patternsarestoredin a lattice. We used
thepatternsin thepathwith thehighestscoreon
Eq. (2). (This methodis almost the sameas
Ozawa’s[8]. Thedifferencesarethefundamental
equationfor informationretrieval,andwhetheror
not amorphologicalanalyzeris used.)

For example,in the caseof “enterpriseamalga-
mationmaterialization”the latticeshown in Fig.
1 is obtained.As shown in this figure, the score
is calculatedfor eachof the four pathsby using
Eq. (2), andthetermsin thehighest-scoringpath
areused.Thismethoddoesnot requiretheadhoc
normalizationrequiredby themethodof usingall
termpatterns.

4. Methodof usingdown-weighting[3]

This is the methodthat Fujita proposedat the
IREX contest[14]. It is similar to the all-term
patternsmethod. It usesall term patternsbut
themethodof normalizationis differentfrom that
usedin theall-termpatternsmethod.Theweights
of the shortesttermsarekept constantwhile the
weightsof the longer termsare decreased.We
decidedto apply the weight U�Ä �9Å«¢CÆJÇ ® to such
terms,where È is the numberof shortestterms
and U2Ä �?Å«¢ wassetaccordingto theresultsof ex-
periments.

2.4 The method dividing the query sentence
into short terms

We usedthe following threemethodsto divide the
querysentenceinto shortterms.6

6SystemA only segmentssentencesof documentsarenot seg-
mentedexceptfor automaticfeedback.



1. Usingamorphologicalanalyzer

In this method,the querysentenceis segmented
by using the CSeg&Tag 1.0 Chinese-language
morphologicalanalyzer[17].

2. Segmentationby usingmutualinformation

This methodis basedon the method[16] pro-
posedby Sproatetal. It calculatesthemutualin-
formationof two adjacentcharactersanddivides
themwhentheir mutualinformation.Thedetails
of ourmethodareasfollows.

Almost all Chinesewords consistof one Chi-
nesecharacteror two Chinesecharacters.7 So
we assumedthat all terms consistof one Chi-
nesecharacteror two Chinesecharacters.Thus,
ourmethodfirstly dividesChinesesentencesinto
fragmentswhich consistof oneChinesecharac-
teror two Chinesecharactersby usingmutualin-
formation. This is doneby repeatlyapplyingthe
following procedure.É Divide up pairsof adjacentcharacterswith

the lowest amountof mutual information,
whereeachpair is partof a fragmentwhich
consistof morethantwo Chinesecharacter.

Next, we use the statisticsof the Chinesecor-
pus. In this case,we assumethat the ratio of
one-characterwordsandtwo-characterswordsin
a Chinesetext is a:b.8 We take this statisticthen
re-divide thosefragmentsthatconsistof pairsof
charactershaving little mutual information into
two separateone-characterwordsin sucha way
that our processof division producesa text bro-
ken up into one-andtwo-characterwordsin the
approximateproportiona:b. This is doneby re-
peatingthefollowing procedureuntil thetext will
bedividedupto producetheapproximatepropor-
tion a:b.É Divide thosefragmentsconsistingof pairs

of charactershaving the lowestmutual in-
formation

The resultof this procedureis equivalentto that
of thefollowing procedure.É Divide up those fragmentsconsisting of

pairsof charactershaving a level of mutual
informationwhich is equalto or lower thanU �KÊ�¡ , where U �KÊp¡ is the amountof mutual
information that will divide up the text to
producetheapproximateproportiona:b.

7Accordingto thepaper[16], theoccurrencerateof wordswhich
consistof threeChinesecharactersis under1%.

8For example,Spraotstatedthatthis ratio is about7:3 [16].

3. Usingbothof theabove two methods

This methodfirstly dividesup the Chinesesen-
tencesby usingthe morphologicalanalyzerand
then further divides up the fragmentsby using
mutualinformationandthestatisticson theChi-
nesecorpus.

2.5 Automatic feedbackin SystemA

Automatic feedbackis also usedin SystemA. In
SystemA, anelementof automaticfeedbackis inclued
via theIDF termof theequation(2). Whenperforming
automaticfeedback,wesubstitutethefollowing equa-
tion for theoriginal IDF term.�#� ~p" + ( � Ë�Ì " + (C1D3 q _ > "0µ�¶ +b· ��ÍÎ" + (�¦DµS¶ +b· � � " + (�(�Ï>¹�#� ~ u9v���s " + ( (5)

Ì " + ( � � (whena termt is in aquery)Ð
(otherwise) (6)

where»½¼�Ff¾f
ÒÑD�<F9� is theproportionof thetop U � doc-
umentsof thefirst retrieval in which a term F appears.»½¼�Ff¾K
Ód��<F9� is the proportionof all of the documents
in which a term F appears.c2dWYH�?�?¡ �Ô�<F9� is theoriginal
IDF term.This formulais basedonRocchio’sformula
[12]. U2� � and UJ� areconstantssetaccordingto there-
sultsof experiments.

Termexpansionis alsousedin SystemA. Theterms
‘Terms’asdefinedbelow areadded.}� 9�hÕ�Ö ��Ë?+�× ªp" + (�ØW3hÙ�Ï (7)

where
¬ �/F9� is the probability that a term F appears

in no lessthan N documentsof thetop U2� documents.¬ �<F9� is approximatelycalculatedby assumingthatthe
appearanceof the term F follows a binominal distri-
bution with a probabilityof theoccurrencerateof the
term F in all the documents. U�Ú is a constantsetac-
cordingto theresultsof experiments.

2.6 Weighting counting in automatic feed-
back

We consideredthat a term which occursin a doc-
umentwhich hasa higherrankon thefirst retrieval is
moreimportant.So,whencountingthefrequency of a
term F in a documentd with a rankof »½¼�NSU«�/�C� , Sys-
temA appliedthe following factor ¿kYÜÛÝ�/F!�?�C� to the
frequency.¸�~	Þß" + &�$#( � "03 q _!à 1 � (�¦á§ > 3 q _!à µS¶#8�32"%$6(�¦ �3 v ¦ � (8)

where U � � Å is a constantsetaccordingto the results
of experiments.Equations(5) and(7) arecalculated
by usingthefrequency calculatedby Equation8.

2.7 Experiments

The experimentalresultsof SystemA are shown
in Table 1. “LO”, “SO”, “VS”, and “TI” indicatea
long-querytask,ashort-querytask,a veryshortquery



Table 1. Experimental results in CC Tasks
parameters R-Precsision Ave. Presision

Task ID Term â�ã � â \ B dw af L C â v â q _ rigid relax rigid relax
S1 LO 07 MI 4.5 0 y y y y 5 0.7 0.5751 0.6630 0.6348 0.7261
S2 LO – MI 4.5 0 y n y y 5 0.7 0.5529 0.6564 0.6186 0.7146
S3 LO – MI 4.5 0 n n y y 5 0.7 0.5660 0.6572 0.6183 0.7118
S4 LO 08 MI 4.5 1 y y y y 5 0.7 0.5842 0.6692 0.6392 0.7362
S5 LO 09 MI 4.5 t y y y y 5 0.7 0.5803 0.6651 0.6386 0.7342
S6 LO 02 MI 3 0 y y y y 5 0.7 0.5812 0.6685 0.6439 0.7326
S7 LO 03 MI 3 0 y n y y 5 0.7 0.5632 0.6699 0.6329 0.7231
S8 LO 04 MI 3 0 n y y y 5 0.7 0.5865 0.6684 0.6438 0.7325
S9 LO 05 MI 3 0 n n y y 5 0.7 0.5587 0.6695 0.6329 0.7229
S10 LO 06 MI 3 1 y y y y 5 0.7 0.5782 0.6813 0.6459 0.7409
S11 LO 10 MI 3 t y y y y 5 0.7 0.5780 0.6724 0.6427 0.7383
S12 LO 19 MI 4 1 y y y y 5 0.7 0.5814 0.6767 0.6407 0.7399
S13 LO – MI 4 1 y y n y 5 0.7 0.5659 0.6704 0.6316 0.7334
S14 LO – MI 4 1 y y y n 5 0.7 0.5916 0.6945 0.6567 0.7488
S15 LO – MI 4 1 y y n n 5 0.7 0.5778 0.6822 0.6530 0.7445
S16 LO 18 MI 4 1 y y y y 5 1 0.5900 0.6752 0.6415 0.7387
S17 LO 20 MI 4 1 y y y y 7 0.7 0.5746 0.6778 0.6388 0.7374
S18 LO 21 MI 4 1 y y y y 10 0.7 0.5605 0.6741 0.6299 0.7316
S19 LO 11 MI 4 1 y y y y 15 0.7 0.5743 0.6776 0.6265 0.7291
S20 LO 12 MI 4 1 y y y y 20 0.7 0.5577 0.6767 0.6254 0.7268
S21 LO 13 MI 4 1 y y s s 5 0.7 0.5709 0.6703 0.6203 0.7271
S22 LO 14 T+M 4 1 y y y y 5 0.7 0.5924 0.6810 0.6486 0.7413
S23 LO – TAG 4 1 y y y y 5 0.7 0.5936 0.6803 0.6501 0.7419
S24 LO 15 T+M 4 1 y n y y 5 0.7 0.5820 0.6778 0.6388 0.7290
S25 LO 17 T+M 4 1 n y y y 5 0.7 0.5712 0.6739 0.6341 0.7276
S26 LO 16 T+M 4 1 n n y y 5 0.7 0.5557 0.6628 0.6165 0.7145
S27 SO 02 MI 4 1 y y y y 5 0.7 0.5831 0.6817 0.6340 0.7368
S28 SO 03 T+M 4 1 y y y y 5 0.7 0.5974 0.6766 0.6529 0.7376
S29 VS 02 MI 4 1 y y y y 5 0.7 0.5990 0.6788 0.6516 0.7387
S30 VS 03 T+M 4 1 y y y y 5 0.7 0.6089 0.6749 0.6596 0.7397
S31 VS – T+M 4 1 y y n y 5 0.7 0.5893 0.6669 0.6468 0.7282
S32 VS – T+M 4 1 y y y n 5 0.7 0.6027 0.6781 0.6722 0.7454
S33 VS – T+M 4 1 y y n n 5 0.7 0.5889 0.6636 0.6563 0.7350
S34 VS – TAG 4 1 y y y y 5 0.7 0.6086 0.6757 0.6604 0.7399
S35 TI 02 MI 4 1 y y y y 5 0.7 0.4683 0.5923 0.4813 0.6239
S36 TI 03 T+M 4 1 y y y y 5 0.7 0.4651 0.5770 0.4793 0.6118

Thenumberof queriesis 50. Thenumberof documentsis 132,173.

task, and a title-query task. The column “ID” indi-
catesthe systemid in the NTCIR 2 contest. “–” in
“ID” indicatesa systemwhich wasnot submittedfor
the formal run of the NTCIR 2 contest. The col-
umn “Term” indicatesthe methodusedto divide the
query sentenceup into short terms. “TAG”, “MI”,
and“T+M” respectively indicatethe useof the Chi-
nesemorphologicalanalyzer, mutualinformation,and
boththemorphologicalanalyzerandmutualinforma-
tion. U2�KÊ�¡ ,9 U � I , U2� , and U2� � aresetas in Table 1.
“dw”, “af ”, “L” and“C” indicatethedown-weighting
method,automaticfeedbackmethod,locationalinfor-
mation, and categorical information. “y” in a col-
umn indicatesthe useof the method,and “n” indi-

9In the CHIR newspapersdatabase,using
3 o ã � = 5.33, 4.96,

4.56,4.10,and3.53dividesup thetext to producetheapproximate
proportionsof 7:3,6.5:3.5,6:4,5.5:4.5,and5:5.

catesthat the methodwasnot used.Whenwe do not
usethedown-weightingmethod,we usetheshortest-
termsmethodasthemethodof extractingterms.10 The
otherparametersaresetasfollows: U �%�?�f�hV<¡0�?¢C ® °Ý²Jäæå ,U � �?�f�!V<¡%�?¢C ¯ °èç�ä ² , U �f�!V/�K���9��� °éç�ä%² , U V °ê² , U�I¨°Ýë ,U Ú °ìç�ä í , and U � � Å °îç�äæï . “s” in “L” and “C”
meansthe strong setting where U��%�?�f�hV<¡0�?¢C ®ð° ²Jä Ã ,UJ� �?�f�!V<¡%�?¢C ¯ñ°òç�ä ²ï , U2�f�hV/�f�!�?���ó°ôç�ä%²Oï . “t” in “ U � I ”
meansusing M�
OPó� II9�J� V<� in amorecomplex waysuchthat��GH�<F9� meansthe numberof querieswhosetitles con-
taina term F .

The following were the findings producedby the
experimentalresults.

10Our previous work [7] hadconfirmedthat the useof all term
patternsis not a goodmethod,andthateven thesimplemethodof
usingonly theshortesttermscanachieve goodresults.



É The precisionsof “T+M” or “TAG” areslightly
higherthanthatof “MI. ” We thusfound thatus-
ing the morphologicalanalyzerproducedbetter
resultsthanusingmutualinformation.É By comparingS12with S13or S30with S31,we
foundthatlocationalinformationachievedanim-
provementof about0.02or 0.03.We canseethat
locationalinformationis veryeffective.É By comparingS12with S14or S30with S32,we
foundthat theprecisionswhencategorical infor-
mationnot usedwerehigherthanthe precisions
whenit wasused.So,atleastfor thesedata,using
category informationwasnot agoodthing.É The automaticfeedbackmethodwasalwaysef-
fective.É The down-weighting method sometimespro-
duced better results and sometimesproduced
poorerresults.

2.8 Summary

SystemA usessuchcharacteristicsof newspapers
as locational information and obtainedgood results
in the CC Tasks. By performingcomparative exper-
iments,we confirmedthat locationalinformationwas
effective. The otherkinds of informationwere,how-
ever, not soeffective.

SystemA hasmany parametersandmany methods.
In the future, we would like to conductmuch more
extensive experimentsin orderto examinethe effects
of parametersandmethodsin SystemA.

3 Japaneseand English IR Tasks

3.1 Overview of the results

The averageprecisionsfor System-Bagainstrele-
vant documentson JJ,EJ, EE, andJE tasksarepre-
sentedin Table2. In Table2, ‘very short’ meansthat
the systemusedthe ‘TITLE’ part of the queriesfor
retrieval, ‘short’ meansthat it usedthe ‘DESCRIP-
TION’ part of the queries,and ‘long’ meansthat it
usedall partsof the queriesexceptthe ‘FIELD’ part.
For eachtask, ‘feedback’ meansthe precisionsthat
wereobtainedby automatic-feedbackretrieval, while
‘initial’ meanstheprecisionsthatwereobtainedby us-
ing theraw initial queries.Thesymbol‘ õ ’ meansthat
thecorrespondingsearchresultsfrom System-Bwere
submittedto theNTCIR 2 workshopcommitteeasfor-
mal runs.11 For the JJandEE tasks,only ‘feedback’
resultsfrom System-Bweresubmitted,while for the
EJ andJE tasks,both ‘initial’ and ‘feedback’ results

11OnJJshort,System-AoutperformedSystem-B.Its bestaverage
precisionwas0.3730

were submitted. Theseaverageprecisionsplacethe
systemin the highest-scoringgroupamongthosefor
which resultsweresubmitted.

We describeSystem-Bin detail below. We start
by describingthescoringfunctionusedto rankdocu-
ments. Next, we describethe designissuesinvolved
in selectingpossiblefree parametersand then com-
pareresultsfor variousparametervaluesthroughex-
perimentedresults. Finally, we concludethis section
with a brief summary.

3.2 Scoring function

Our scoringfunction is basedon BM11 [9]. Letd be a documentand ö be a query, where d and ö
have beentokenizedinto words. d and ö arebagsof
words. We define ÷ øó÷ as the numberof words in ø
anddefine F9GH�/ù¨÷ ø´� asthenumberof a word ù in ø .
We alsodefine ÛÝ�/ø´� asthesetof differentwordsinø .

Thescoreof d given ö , ú#ûhü�ý�þ2��d�÷ öÜ� , is definedas:ú#û�ü�ý?þC�/d´÷ öÜ�	° )Å�ÿ�� ��� ����� ��� � �¹�<ùy÷ d��9�Ô�<ù¨÷ öÜ��� (9)

where�¹�<ù¨÷ d�� is theweightof ù given d and �Ô�<ùy÷ öÜ�
is theweightof ù given ö . �¹�<ù¨÷ d�� is definedas:�[�/ù¨÷ d�� ° � 	 �<ù¨÷ d��� 	 �<ù¨÷ d���
 ÷ d�÷ �JT � (10)

where T is theaverageof ÷ d�÷ over thedocumentcol-
lection  thatcontainsd ,i.e.,TÝ° )

� ÿ�� ÷ d´÷ ��÷  ÷�� (11)

where ÷  ÷ is thenumberof documentsin  . �Ô�<ùy÷ öÜ�
is definedas:�Ô�<ù¨÷ öÜ� ° ��U�I�
 ²� � 	 �/ù¨÷ öÜ�U I 
 � 	 �<ù¨÷ öÜ� ��� 	 �<ùZ��� (12)

where U2I ° ²6ç2çJç and

��� 	 �<ùZ� °������ ÷ n÷÷ ±�<ù��#÷ � (13)

where ÷ ±�<ù��#÷ is thenumberof documentsthatcontainù . ±�<ùZ� is , of course,a subsetof  .ú#û�ü�ý?þC�/d´÷ öÜ� is usedfor the initial search. For an
automaticfeedbacksearch,weuse �«û�ü�ý?þ��/d�÷ öÜ� :
�Qûhü�ý?þ���d�÷ öá� ° )Å�ÿ�� ��� ����� ����� � �¹�<ùy÷ d��9���f�<ù¨÷ öÜ���

(14)
where� � �/ù¨÷ öÜ� °����Ô�<ùy÷ öÜ� 
 !#"¡�$�® �Ô�<ùy÷ Y4��d ¡ �?�» � (15)



Table 2. Average Precision (Relevant).
veryshort short long

JJ
initial

feedback
0.2112
0.2706%

0.3082
0.3396%

0.3807
0.4303%

EJ
initial

feedback
0.2497%
0.2564%

0.3156%
0.3260%

EE
initial

feedback
0.2192
0.2523%

0.2714
0.3131%

0.3684
0.4043%

JE
initial

feedback
0.3409%
0.3413%

0.3855%
0.3856%

‘*’ representssubmittedruns.

where � is a number, dD¡ is the top ¾ -th document
retrieved by initial search, » is the numberof top-
scoring documentsused in the automatic-feedback
search,and Y is thefunctionusedto selectappropriate
termsfrom adocument.ö � in Equation(14) is defined
as: ö&�[° ö(' Y4��d ® �)'+*,*,*-'�Y4��d " �!ä (16)

3.3 DesignIssues

Thefreeparametersweconsiderin thispaperare � ,Y , and » in Equation(15). We tried to have thesepa-
rametersdefinedautomatically. Before,however, we
describeourattemptsatdeterminingtheseparameters,
we will discusshow we preprocesseddocumentsand
queriesfor theJJ,EE,JE,andEJtasks.12

3.3.1 Tokenization

Tokenizationis, to alargedegree,languagedependent.

WetokenizedJapanesetexts(documentsorqueries)
by usingChaSenversion2.0213 [4] andthenextracted
lemmasof contentwordsas d or ö . Wepostprocessed
theoutputof ChaSento eliminatesomeerroneouspat-
ternsof tokenization.

In asimilarway, weusedLimaTK14 to morpholog-
ically analyzeEnglishtexts andthenuseda stemmer
thatbuilt arounda library availablein theWordNet1.6
package15 to lemmatizecontentwords. Stop words
wereremoved accordingto the list in the Nice stem-
merpackage.16

The documentsand queriesthus processedwere
usedfor theJJandEEtasks.

12Themethodusedto preprocessdocumentsandqueriesfor CC
tasksis similar to, but moreprimitive than,a methoddescribedin
section2. We,thus,omit adescriptionhere.

13http://chasen.aist-nara.ac.jp/
14http://cl.aist-nara.ac.jp/˜tatuo-y/ma/
15http://www.cogsci.princeton.edu/˜wn/
16http://www.ils.unc.edu/iris/irisnstem.htm

3.3.2 Query translation

For the JE andEJ tasks,we translatedqueries.Once
we translatequeries,cross-lingualIR (CLIR, i.e., JE
or EJ) is performedby the samemethodasusedfor
mono-lingualIR (JJor EE). We describethe method
below asappliedto thetranslationof aJapanesequery
into English. English to Japanesetranslationis per-
formedin asimilar way.

We performdocumentexpansion[15] to augment
theoriginal queries;i.e., for a Japanesequery, we first
searchtheJapanesedatabaseto getdocumentsthatare
relevantto thequery. Next, we extractthewordscon-
tainedin thetop-5documentsandcombinethemto the
original query. We thusobtainanexpandedJapanese
query.17

TheexpandedJapanesequeryis thentranslatedinto
English.For thetranslation,wefirst madeaJapanese-
to-English bilingual dictionary from the Japanese-
English abstractpairs provided for the first NTCIR
Workshop. From thosepairs,we extractedJapanese-
Englishkeyword pairscontainedin theabstractpairs.
It was possiblefor thesekeywords to be phrasesor
words.If aJapanesekeywordco-occurredwith multi-
ple Englishkeywords,thenwe selectedthe mostfre-
quentlyco-occurringEnglishkeyword asthe transla-
tion of the Japanesekeyword [2]. Texts were trans-
lated in the following two steps;we usedChaSento
morphologicallyanalyzethe text, then translatedthe
sequenceof morphemesinto English. Thetranslation
wasonaword-to-wordor phrase-to-phrasebasis.Dis-
ambiguationby contextswasnotused.Thetranslation
wasbasedonlongestmatches.For example,if aquery
‘a b c’ is given,where‘a’ is translatedinto ‘A’ and‘a
b c’ is translatedinto ‘D E’, then‘a b c’ is translated
into ‘D E’.18

17Localcontext analysishasbeenusedto expandqueriesin CLIR
[1]. Thecomparisonis a futurework.

18[2] alsouseda longest-matchalgorithm,but they did not use
a morphologicalanalyzer, which might degradethesystemperfor-
mance. This belief is supportedby Table3 which shows the per-
formanceof our methodin no documentexpansion. The average
precisionof [2] on thesametaskwas0.3216,while thatof our ap-
proachis 0.3364.



Translatedquerieswere used for the JE and EJ
tasks. The retrieval algorithm was the sameas that
usedfor theJJandEEtasks.

As is shown in Table2, our approachto theJEand
EJ tasksworked quite well. It is evident, however,
thatthedegreeof successof our approachdependson
thedegreeof similarity betweentheJapanesedatabase
andtheEnglishdatabaseusedfor CLIR. We thuscon-
ductedanotherexperimentwhich usedthe databases
and JE-queriesprovided for the first NTCIR Work-
shop. The typeof queryusedfor theexperimentwas
‘long’ exceptthatwedid not useEnglishconcepts.

Table 3. Average precisions with docu-
ment expansion.

Source Target Averageprecision.
ntc1-e 0.3364

ntc2-j ntc1-e 0.3628
ntc1-j ntc1-e 0.3899

In Table3, thecolumn‘Source’ lists thedatabases
usedto expandthe original queries. ‘

.
’ indicatesno

documentexpansion.‘ntc2-j’ meansthattheJapanese
databasewhich wasfreshlyaddedfor thesecondNT-
CIR Workshopwasusedfor documentexpansion,and
‘ntc1-j’ meansthattheJapanesedatabaseprovidedfor
theNTCIR workshop1 wasusedfor documentexpan-
sion. ‘ntc1-e’, which is listed in ‘Target’ columnfor
all entries,is the Englishdatabasethatwasthe target
of thesearchesfor documents.Averageprecisionwas
evaluatedagainstrelevantdocumentsin ‘ntc1-e’.

‘ntc1-j’ and‘ntc1-e’ arenearlyparallel. Naturally,
it achieved thebestperformanceof thesethreecases.
‘ntc2-j’ and‘ntc1-e’ arecomparable.Theaveragepre-
cisionis still betterthanwith no documentexpansion.
Documentexpansionis thusworthwhilefor CLIR.

We have briefly describedthe language-dependent
parts of System-B.Next, we describeits language-
independentparts,describingY , » , and � in Equation
(15), in thatorder.

3.3.3 Definition of Y
Wedefinearelevanceof word ù for thetop-scoring»
documentsin termsof probability.19

Givena bagof words ø , thentheprobabilityof ù ,/10 �<ùy÷ ø´� , andits varianceVar�<ùy÷ ø � areestimatedas

/�0 �<ù¨÷ ø´� ° � 	 �<ùy÷ ø´��
 ²÷ øó÷2
 å � (17)

Var�/ù¨÷ ø � ° /10 �<ùy÷ ø´��õ���²43 /�0 �/ù¨÷ ø´�9�÷ øó÷2
�Ã ä (18)

We thendefine d ®" asthe bagof wordsthat contains
all thewordsin d ® �?d ¯ �5*,*5*��?d " anddefined ®" asthe

19[10] alsousesaprobabilisticmetricto selectrelevantterms.

complementof d ®" with a universalsetthatis defined
by all of thewordsin thedocumentcollection  .

Therelevanceof word ù , ý�þ26��/ù¨÷ d ®" � , is definedas

ý?þ,6��<ùy÷ d ®" �	° /�0 �<ù¨÷ d ®" � 3 /�0 �/ù¨÷ d ®" �Á Var�/ù¨÷ d ®" ��
 Var�<ùy÷ d ®" � ä (19)

Finally wedefineY4��d ¡ � asY4�/d ¡ � °87Où¨÷£ý�þ26��/ù¨÷ d ®" �:9Z°�;=<±ù8>�d ¡@? � (20)

where; is apredefinedthreshold.ý?þ,6��<ù¨÷ d ®" � approximatelyfollowsthestandardnor-
mal distribution. Possiblecandidatesfor ; are 1.28,
1.65and2.33,whichcorrespondto significancelevels
of 0.10,0.05and0.01,respectively. Hereafter, signifi-
cancelevelsarerepresentedby A .

We usedAA°ôç�ä%²6ç���; ° ²Jäæå�B�� for all of the sub-
mittedruns.20 This choicewasbasedon previousex-
perimentsconductedon thedatabaseprovidedfor the
first NTCIR Workshop.A±°]ç�ä%²6ç is arobustparameter
valuefor termselectionasis shown in section3.4.

3.3.4 Definition of »
We usedthe methodexplainedbelow to set » auto-
matically. We found, however, that the methodwas
not efficient,andthis is shown in section3.4.

Ourmethodis basedonthedegreeof increasein the
numberof differentwordsin top-scoringdocuments.
If the contentof successive documentsis similar, the
documentsshouldsharekeywords.This degreeof in-
creaseis thus low whensimilar documentscontinue.
Our algorithmis depictedin Figure2. In the experi-
mentsdescribedin section3.4,theaveragenumbersof
documentsselectedby thealgorithmwere3.81,4.01,
and3.95,for ‘very short’, ‘short’, and‘long’ queries,
respectively.

As is shown in section3.4, the performanceof IR
is quite sensitive to » . We will thereforeinvestigate
methodsfor the automatic-determinationof » in fu-
ture work, thoughour initial attemptshave not been
too successful.

3.3.5 Definition of �
� is definedheuristicallyasfollows:

�ß° ÷ ÛÝ�/Y4�/d ®" �?�#÷DCE F=GIHKJLE � (21)

whereY4��d ®" �	° Y4�/d ® �)' Y4�/d ¯ �M'N*,*5*O'±Y4�/d " �!ä (22)

�QP ² holdsbecause÷ ÛÝ�/Y4�/d ®" �?�#÷RP ² . � approaches
1 when ÷ ÛÝ��öÜ�6÷ is large. � takesa large valuewhen
the numberof differentwords in ö is small and the

20Weusedamoreprecisevaluefor S actually.



for(R=3;;R++){
if (diff(R) > diff(R-1)) {

break
}

}

int diff(i) 7
return ÷ ÛÝ��Y4�/d ®¡ �9�#÷�3 ÷ ÛÝ��Y4�/d ®¡ Ç ® �?�#÷?

Figure 2. Algorithm for determining » .

numberof differentwordsin d ®" is large. � is defined
so that ö is moreimportantthan d ®" . In the experi-
mentsdescribedin section3.4, theaveragevalueof �
were13.44,3.89, and1.14, for ‘very short’, ‘short’,
and‘long’ queries,respectively.

This heuristicapproachworkedreasonablywell as
is shown in section3.4.

In summary, for theformal runs,we usedA ° ç�ä%²6ç
for term selectionandusedautomaticmethodsto set» and � . A±°]ç�ä ²Oç wastheonly parameterthatwehad
to setby hand.

3.4 Comparisonof parameter values

We variedthevaluesof A , » , and � to observe the
effectsof parametervalueson performance.Perfor-
mancewasmeasuredby theaverageprecisionagainst
relevant documents.We usedthe queriesand docu-
mentsprovidedfor thesecondNTCIR workshop.Ex-
perimentswereconductedonJJandEEtasks.Weonly
reporton the resultsfor JJ tasks,here,becauseboth
setsof resultsdisplayedthesametendency.

Theparametervaluesfor A were

A±° ç�ä%²6ç��?ç�ä ç�ïÔ�?ç�ä ç�²Jä (23)

Theparametervaluesfor » were» °A²2�?Ã��hïÔ�UTC�#²Oç��6²OïÔä (24)

Theparametervaluesfor � were

�´° ç�äæïÔ�#²2ä ç��#²2ä ï�ä (25)

For » and � , we alsotried the heuristicmethodsde-
scribedin Figure 2 and Equation(21). We tried all
combinationsof theseparametervalues. Thus, we
conductedÃ+VWTXVZY °[B�Y runs to make our com-
parisonfor eachof the‘long’, ‘short’, and‘veryshort’
queries.

To evaluate the effectivenessof a parameter, we
fixed its valueandthencalculatedthe averageof the
averageprecisionsof the 84 runs. The resultsare
shown in Figures3, 4, and5. In thesefigures,hori-
zontalaxesrepresentthequerytypesandverticalaxes

representtheaverageprecisions.Thetitle of eachline
indicatestheparametervalue. ‘var’ meansthatvalues
aredeterminbeby our methodsproposedabove. ‘ini-
tial’ meanstheresultsfor the initial search.Thetitles
arein orderof decreasingaverageprecisionfor short
queries.

Figure3 shows theresultsfor varioussettingsof A .
Note that A ° ç�ä%² and A °òç�ä ç2ï performedequally
well. This suggeststhat the valueof A is robust over
this range.21

Figure4 showstheresultsfor varioussettingsof » .
It is difficult to detectany cleartendency in Figure4,
but it seemsthatwhenqueriesarelong, small » val-
uesperformwell, andwhenqueriesareshort,large »
performswell. Thissuggeststhatthelengthof queries
couldbeusedto set » automatically.

Figure5 shows theresultsfor varioussettingsof � .
Theaverageof � were13.44,3.89,and1.14for ‘very
short’, ‘short’, and ‘long’ queries,respectively. �
takeslargevaluesfor ‘very short’ and‘short’ queries.
It takes small valuesfor ‘long’ queries. � worked
reasonablywell. This is becausefor ‘very short’ and
‘short’ queries,theresultsof the initial searcharenot
very reliable, so we had to weight ö heavily, while
for ‘long’ queries,the resultsof the initial searchare
reliable,sowedon’t have to weight ö soheavily.

3.5 Summary

System-BwasdesignedasaportableIR systemthat
avoids free parametersas much as possible. It will
bepossibleto improve thesysmtem’sperformanceby
providing a propermethodfor determiningthe num-
berof top-rankeddocumentsto beusedin automatic-
feedback.

4 Conclusion

Wehavedevelopedtwo systemsfor thesecondNT-
CIR WorkshopIR tasks.Onewasanimprovedversion
of thesystemthatwasusedfor thefirst NTCIR Work-
shopIR tasksandthe IREX WorkshopIR tasks.The
otherwasa freshlydevelopedsystemthatavoids free
parametersasmuchaspossible. The former system
participatedin the JJandCC tasksandthe lattersys-
tem participatedin the JJ,EE, JE, EJ andCC tasks.
Both systemsachievedgoodresults.We have not yet
comparedthe two systemsthoroughly. In the future,
we will conducta more detailedexaminationof our
systemsandwill determinewhatkindsof information
areeffective.

21Additionalexperimentsshowedthataverageprecisionsfor \ �Ð l ]
to
Ð l ÐU^

performsequallywell. (The resultsof \±� Ð l � were
slightly betterthanthoseof othervalues.)
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