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Abstract

We have developedsystemsof two typesfor NT-
CIR2.0Oneis anenhencedersionofthesystenwede-
velopedfor NTCIR1and IREX. It submittedretrieval
resultsfor JJ and CC tasks. A variety of parametes
wete tried with the system. It usedsud character
istics of newspapes as locational informationin the
CCtasks. Thesystengot goodresultsfor both of the
tasks. The other systemis a portable systenwhich
avoidsfree parametes as muc aspossible Thesys-
temsubmittedretrieval resultsfor JJ, JE, EE, EJ, and
CC tasks. The systemautomaticallydeterminedthe
numberof top documentand the weightof the origi-
nal queryusedin automatic-feedbacretrieval. It also
determinedelevanttermsquite robustly For EJ and
JE tasks,it useddocumenixpansionto augmenthe
initial queries.It achievedgoodresults,exceptonthe
CCtasks.

Keywords: newspaperarticle, locational informa-
tion, portablesystemflexible system,

1 Intr oduction

We have developedtwo systemdor thesecondNT-
CIR Workshopsinformationretrieval (IR) tasks.

Oneis anenhancedersionof the systemthatwas
usedfor thefirst NTCIR Workshops IR tasks[5] and
the IREX Workshops IR tasks[6]. We call this Sys-
temA. Theotheris anewly developedsystenin which
free parametersire avoidedasmuchaspossible.We
call this SystemB.!

SystemA participatedn taskssetin Japanesand
Chinese(JJand CC). It achiered high averagepreci-
sionson bothtasks.SystemB participatedn tasksset
in Japanesegnglish,andChinesgJJ,JE,EE, EJ,and
CC).It achievedhigh averageprecisionontheJJ,EE,
JE,andEJtasks.

Although the two systemsparticipatedin someof

1systemA wasdevelopedmainly by thefirst author andSystem
B wasdevelopedmainly by the secondauthor
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the sametasks,the detailsof the systemimplementa-
tions areratherdifferent. Thus, we describethe two

systemsseparatelyfocusingon particulartasks;i.e.,

we describeSystem-Ain the context of CC tasksand
describeSystem-Bin the context of JJ,EE, JE,andEJ

tasks.

2 ChineselR Tasks

In this section,we describeSystemA in the con-
text of CC tasks. SystemA participatedin JJtask$
and CC tasks,and achiesed particularly goodresults
onthe CC tasks. This reasonis thatthe typesof doc-
umentsusedin the CC taskswerevery differentfrom
thoseusedin the JJtasks.While the JJtasksinvolved
retrieval from a databasef academicconferencepa-
pers,the CC tasksinvolved retrieval from a database
of newspaperarticles. SystemA? takes advantageof
suchcharacteristicof nawvspapersas the title or the
first sentenceof the body of an article in a newspa-
per oftenindicatingthe article’s subject. We thusex-
pectedSystemA to be effective on the CC tasks. In
the following sectionswe give a detaileddescription
of SystemA andreporton the experimentakesultsof
SystemA’s applicationto the CC tasks.

2.1 Outline of SystemA

SystemA usesRobertsors 2-poissonmodel [9]
whichis onekind of probabilisticapproachin Robert-
son’s method,eachdocuments scoreis calculatedby
using the following equatior* The documentsthat

2gystemA particpatedin the long-query and short-queryJJ
tasks. The bestaverageprecisionsof the two tasksin termsof A
judgementvere0.4082(CRL20)and0.3730(CRL16),andthebest
averageR-precisionswere 0.4210(CRL20) and 0.3866 (CRL27).
Theseresultsarealsogood. Stringsin parenthesemdicatesystem
idsin the NTCIR contest.Examinationof SystemA’s performance
on JJtasksis the subjectof a forthcomingpublication.

3SystemA is basedon the systemwe enteredn the IREX con-
test. In the IREX contest,articlesin a databaseof newspapers
databasevere usedasthetestcollection. SystemA achieved good
resultsin the IREX contesttoo[6, 7].

4This equatioris BM11, which correspondto BM25 in thecase
of b = 1[11].



obtain high scoresare then output as retrieval re-
sults.(Score(d, ) below is the scoreof adocumend
againstaquerygq.)
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where ¢t indicatesa term that appearsin a query

tf(d,t) isthefrequeny of ¢ in adocument, ¢ f,(q, t)

is the frequeng of ¢ in a querygq, df (¢) is the num-
berof the documentsn which ¢ appears)N is theto-
tal numberof documentsiength(d) is thelengthof a
document, andA is theaveragelengthof the docu-
ments.k; andk, areconstantsvhicharesetaccording
to theresultsof experiments.

In this equation,we call tf(d’lt) o the
11(d, 1) + ke I
TF term, (abbr  T'F(d,t)), logzf the IDF term,
(abbr IDF(t)), andtﬂ‘i{;fif)ﬁ)kq the TF, term (abbr
TFy(g,1)).
In SystemA, severaltermsareaddedo extendthis
equationandits methodis expressedy thefollowing

equation.

Score(d.q) = Keategory(d) Z (TF(d,t) x IDF(t)
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The TF, IDF and TF, termsin this equationare
identicalto thosein Eq. (1). The value of the term
reenglt~ increaseswith the length of the document.
This termis introducedbecauseéf all of the otherin-
formationis exactly the same,the longer document
is morelikely to include contentthatis a relevantre-
sponsdo thequery Ngq is thetotal numberof queries
andgf (t) is the numberof queriesin which ¢ occurs.
Thosetermswhich occur more frequentlyin queries
aremorelikely to be stopwordssuchas“documents”
and“thing.” We decreas¢he scoresof stopwordsby
usinglog%. Keategory aNd Kjoeation areextended
numericaltermsthat are introducedto improve pre-
cision of results. K qtegory Usesthe catgory infor-
mationof the documentfoundin nevspaperssuchas
theeconomioor political pages Kjocqtion Usehelo-
cation of the term within the document. If the term
is in the title or at the beginning of the body of the
documentit is given a higherweighting. In the next

section,we explain theseextendedhumericaltermsin
detail.

2.2 Extendednumerical terms

We usethetwo extendechumericatermsKj,cation
andK cqtegory asshovnin Eq. (2). In thissectionthey
areexplainedin detail.

1. Locationinformation(Kocation)

In general,the title or the first sentenceof the
body of a documentin a newspaperindicates
its subject. Therefore the precisionof informa-
tion retrieval canbeimprovedby assigningnore
weight to the terms from thesetwo locations.
This is achisved by Kjocqtion Which adjuststhe
weightonatermthebasisof whetheror notit ap-
pearsatthe beginningof thedocumentlIf aterm
is in thetitle or atthe beginning of thebody; it is
given a high weighting. Otherwise,it is givena
low weighting. K, cazion 1S expressedsfollows:

klocation,l
(whenatermt occursin thetitle of

adocument),

Kiocation(dst) =
tocation(d: ) (length(d) — 2 x P(d,1))

1+ klocation,2 length(d)

(otherwise)

P(d,t) isthelocationof atermt in thedocument
d. Whenatermappearsnorethanoncein adoc-
umenti,its firstappearencis used.k;,cqtion,1 and
kiocation,2 areconstantsvhich aresetaccording
to theresultsof experiments.

2. Catgyoricalinformation (K cqtegory)

K ategory UseS catgory information such as
whetheror notthedocumentppearon theeco-
nomicor political pages.This operatedy apply-
ing thetechniquecalledrelevancefeedback13].
Firstly, we specifythe categorieswhich occurin
the top 15 documentsof the first retrieval when
K ategory = 1. Then,we increasethe scoresof
documentghatarein majority or most-frequent
catgyories.For example thetop 15 document®f
the first retrieval were mostoften from the eco-
nomic pages,we increasethe scoresof a doc-
umentsfrom economicpagesand decreasehe
scoreof all documentdérom othersectionof the
newvspaper K qteqory iS €xpressedsfollows;

(RatioA(d) — RatioB(d))

(RatioA(d) + RatioB(d))
4)

where RatioA is the proportionof the top 100
documentsin a given catagory on the first re-
trieval. RatioB isthe proportionof thatcateyory

Kcategory(d) = 1+kcategory

®)



in all thedocuments.The valueof K qtegory(d)

is large when RatioA is large (the top 100 doc-
umentsof the first retrieval frequentlyappearon

thesamepagesasadocument.) andRatioB is

small (few of the documentsappearon the same
pagesasd). kcategory IS @ constantwhich is set
accordingto theresultsof experiments.

2.3 How terms are extracted

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

1. Methodof usingonly theshortesterms

This is the simplestmethod. In the method,the
querysentencés dividedinto shorttermsby us-
ing a morphologicalanalyzeror a similar tool.
All of theshorttermsareusedin theretrieval pro-
cess. The methodusedto divide the query sen-
tenceinto shorttermsis describedn Section2.4.

2. Methodof usingall termpatterns

In thefirstmethodthetermsaretoo short. For ex-
ample, “enterprise” and “amalgamationwould
be usedinsteadof “enterpriseamalgamatiori®
We felt that “enterpriseamalgamation”should
be usedalongwith the two shortterms. There-
fore,wedecidedo usebothshortandlongterms.
We call this the “all term-patternsnethod. For
example, when “enterprise amalgamationma-
terialization” was input, we used “enterprise”,

” o ” oo

“amalgamation”, “materialization”, “enterprise
amalgamation”;amalgamatiormaterialization”,
and“enterpriseamalgamatiomaterialization"as
termsfor informationretrieval. We felt that this
methodwould be effective becauseét malkesuse
of all term patterns.We alsofelt, however, that
it is inequitablethat only the three terms “en-
terpris€, “amalgamatiori, “materializatior, are
derivedfrom “... enterprise.. amalgamation..
materialization..”, while six termsare derived
from “enterpriseamalgamatiormaterializatiori.
We examinedsereral methodsof normalization

in preliminary experiments,then decidedto di-

vide theweightof eachtermby 4/ @ where
n is the numberof successie words. For exam-
ple,in the caseof “enterpriseamalgamatiorma-
terialization”,n = 3.

5Although this part of the paperdealsonly with retrieval from
Chinese-languagexts, andnot English,we have usedEnglishex-
ampledfor thebenefitof this English-lanugagurnal’sreadersThis
methodhandlescompoundnounsand can be applied not only to
Chinesébut alsoto English.

/ amalgamation materialization \

enterprise»+ amalgamation t materialization —>

enterprise amalgamation /

enterprise amalgamation materialization

Figure 1. An example of a lattice
structure

3. Methodusingalattice

Although the methodof using all-term patterns
effectively usesall patternsof terms, it needs
to be normalizedby using the adhocequation

\/ @ Wethusconsidereémethodn which

all term patternsarestoredin a lattice. We used
the patternsn the pathwith the highestscoreon

Eqg. (2). (This methodis almostthe sameas
Ozawa’s[8]. Thedifferencearethefundamental
equatiorfor informationretrieval, andwhetheror

notamorphologicalanalyzeiis used.)

For example,in the caseof “enterpriseamalga-
mationmaterializationthe lattice shovn in Fig.

1 is obtained.As shown in this figure, the score
is calculatedfor eachof the four pathsby using
Eq. (2), andthetermsin the highest-scoringpath
areused.This methoddoesnotrequiretheadhoc
normalizatiorrequiredby 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 normalizatioris differentfrom that
usedn theall-termpatternsnethod.Theweights
of the shortestermsare kept constantwhile the
weightsof the longertermsare decreased.We
decidedto apply the weight kgo.,® ! to such
terms,wherez is the numberof shortestterms
andkg,.,» Wassetaccordingto theresultsof ex-
periments.

2.4 The method dividing the query sentence

into short terms

We usedthe following threemethodsto divide the

querysentencénto shortterms®

6SystemA only segmentssentencesf documentsare not sey-

mentedexceptfor automatideedback.



1. Usingamorphologicaknalyzer

In this method,the querysentenceas seggmented
by using the CSeg&Tag 1.0 Chinese-language
morphologicabnalyze{17].

2. Seggmentatiorby usingmutualinformation

This methodis basedon the method[16] pro-
posedby Sproatetal. It calculateghe mutualin-
formationof two adjacentharacteranddivides
themwhentheir mutualinformation. The details
of our methodareasfollows.

Almost all Chinesewords consistof one Chi-

nesecharacteror two Chinesecharacterd. So
we assumedhat all terms consistof one Chi-

nesecharacteior two Chinesecharacters.Thus,
our methodfirstly dividesChinesesentencemto

fragmentswhich consistof one Chinesecharac-
teror two Chinesecharacter®y usingmutualin-

formation. This is doneby repeatlyapplyingthe
following procedure.

¢ Divide up pairsof adjacenttharactersvith
the lowest amountof mutual information,
whereeachpair is partof afragmentwhich
consistof morethantwo Chinesecharacter

Next, we usethe statisticsof the Chinesecor-
pus. In this case,we assumethat the ratio of
one-charactewordsandtwo-charactersvordsin
aChinesetext is a:h® We take this statisticthen
re-divide thosefragmentsthat consistof pairsof
charactershaving little mutual information into
two separatene-charactewordsin sucha way
that our processof division producesa text bro-
kenup into one-andtwo-charactemwordsin the
approximateproportiona:h This is doneby re-
peatingthefollowing procedureauntil thetext will

bedividedupto producetheapproximateropor
tiona:h

¢ Divide thosefragmentsconsistingof pairs
of charactershaving the lowest mutual in-
formation

The resultof this procedurds equivalentto that
of thefollowing procedure.

¢ Divide up those fragmentsconsisting of
pairsof characterdiaving alevel of mutual
informationwhich is equalto or lower than
kemi, Wherek.,; is the amountof mutual
information that will divide up the text to
producethe approximateproportiona:h

"Accordingto thepape{16], theoccurrenceateof wordswhich
consistof threeChinesecharacterss underl1%.
8For example,Spraotstatedthatthis ratio is about7:3 [16].

3. Usingbothof theabore two methods

This methodfirstly dividesup the Chinesesen-
tencesby usingthe morphologicalanalyzerand
then further divides up the fragmentsby using
mutualinformationandthe statisticson the Chi-
Nesecorpus.

2.5 Automatic feedbackin SystemA

Automatic feedbackis also usedin SystemA. In
SystemA, anelemenbf automatideedbacks inclued
viathelDF termof theequation2). Whenperforming
automatideedbackwe substitutehefollowing equa-
tion for the original IDF term.

IDF(t) = {E(t)+ kas x (Ratio C(t) — Ratio D(t))}
XIDFopig(t) )
E(t) = 1 (whenatermtisinaquery)

0 (otherwise) (6)

whereRatio C(t) is theproportionof thetop &, doc-
umentsof thefirst retrieval in which atermt appears.
Ratio D(t) is the proportionof all of the documents
in which aterm¢ appearsIDF,,;,(t) is theoriginal
IDF term. Thisformulais basedn Rocchiosformula
[12]. k.; andk, areconstantsetaccordingio there-

sultsof experiments.
Termexpansioris alsousedn SystemA. Theterms
‘Terms’asdefinedbelov areadded.

Terms = {t|P(t) > kp} (7

where P(t) is the probability that a term ¢ appears
in no lessthann documentof thetop &, documents.
P(t) is approximatelycalculatecby assuminghatthe
appearancef the term¢ follows a binominal distri-
bution with a probability of the occurrenceateof the
term¢ in all the documents.%, is a constantsetac-
cordingto theresultsof experiments.

2.6 Weighting counting in automatic feed-
back

We consideredhat a term which occursin a doc-
umentwhich hasa higherrankon thefirst retrieval is
moreimportant.So,whencountingthefrequeny of a
termt in adocumentd with arankof Rank(d), Sys-
tem A appliedthe following factor AFW (¢, d) to the
frequeng.

Rank(d) — 1
kr—1
wherek, ., is a constanisetaccordingto theresults
of experiments. Equations(5) and (7) are calculated

by usingthefrequeng calculatedby Equation8.

AFW(t,d) = (kgfw +1) =2 X kg fow (8)

2.7 Experiments

The experimentalresultsof SystemA are shavn
in Tablel. “LO”, “SO”, “VS”, and“TI” indicatea
long-querytask,a short-quentask,a very shortquery



Table 1. Experimental results in CC Tasks

parameters R-Precsision Ave. Presision

Task | ID | Termkm; kng dwafL Ck, ko rigid | relax rigid | relax

S1 LO [07] MI 45 0 y yyy 5 0.7 | 05751 0.6630| 0.6348 0.7261
S2 LO — Ml 45 0 y nyy 5 0.7 | 05529 0.6564| 0.6186 0.7146
S3 LO — MI 45 0 nnyyb5 0.7 | 05660 0.6572| 0.6183 0.7118
S4 LO |08 MI 45 1 y yyy 5 0.7 | 0.5842 0.6692| 0.6392 0.7362
S5 LO 09 Ml 45 t y yyy 5 0.7 | 0.5803 0.6651| 0.6386 0.7342
S6 LO |02 MI 3 0 yyyy50.7]| 05812 0.6685| 0.6439 0.7326
S7 LO |03 MI 3 0 ynyy50.7]| 05632 0.6699| 0.6329 0.7231
S8 LO 04 MI 3 0 nyyy50.7 ]| 05865 0.6684| 0.6438 0.7325
S9 LO |05] MI 3 0 nnyy5 0.7 ]| 05587 0.6695| 0.6329 0.7229
S10| LO |06 MI 3 1 y yyyb5O0.7]| 05782 0.6813| 0.6459 0.7409
S11| LO 10 MI 3 t yvyyy5A0.7]| 05780 0.6724| 0.6427 0.7383
S12| LO | 19| MI 4 1 y yyy50.7| 05814 0.6767| 0.6407 0.7399
S13| LO | - Ml 4 1 y yny50.7 | 05659 0.6704| 0.6316 0.7334
S14 | LO — MI 4 1 yyynb5 0.7 | 05916 0.6945| 0.6567 0.7488
S15| LO — MI 4 1 yynnb5O0.7 ]| 05778 0.6822| 0.6530 0.7445
S16| LO | 18| MI 4 1 y yyy5 1 | 05900 0.6752| 0.6415 0.7387
S17| LO 20 MI 4 1 yvyyy 7 0.7 )| 05746 0.6778| 0.6388 0.7374
S18| LO | 21| MI 4 1 y yyyl1l00.7 | 0.5605 0.6741| 0.6299 0.7316
S19| LO |11 | MI 4 1 y yyy150.7 | 05743 0.6776| 0.6265 0.7291
S20| LO 12 Ml 4 1 y yyy200.7 | 05577 0.6767| 0.6254 0.7268
S21| LO | 13| MI 4 1 y yss5 0.7 05709 0.6703| 0.6203 0.7271
S22| LO | 14| T+M 4 1 y yyy 5 0.7 | 0.5924 0.6810| 0.6486 0.7413
S23| LO - | TAG 4 1 y yyy50.7]0.5936 0.6803| 0.6501 0.7419
S24| LO | 15| T+M 4 1 y nyy 5 0.7 | 0.5820 0.6778| 0.6388 0.7290
S25| LO | 17| T+M 4 1 n yyy 5 0.7 | 05712 0.6739| 0.6341 0.7276
S26 | LO 16| T+M 4 1 n nyy 5 0.7 | 0.5557 0.6628| 0.6165 0.7145
S27| SO | 02| MI 4 1 y yyy50.7 05831 0.6817| 0.6340 0.7368
S28 SO (03| T+M 4 1 y yyy 5 0.7 | 05974 0.6766| 0.6529 0.7376
S29| VS | 02| MI 4 1 y yyy5O0.7| 05990 0.6788| 0.6516 0.7387
S30| VS (03| T+M 4 1 y yyy 5 0.7 | 0.6089 0.6749| 0.6596 0.7397
S31| VS | - | T+M 4 1 y yny 5 0.7 | 0.5893 0.6669| 0.6468 0.7282
S32| VS | - | T+M 4 1 y yyn 5 0.7 | 0.6027 0.6781| 0.6722 0.7454
S33| VS - | T+M 4 1 y ynn5 0.7 | 0.5889 0.6636| 0.6563 0.7350
S34| VS | - | TAG 4 1 y yyy 5 0.7 | 06086 0.6757| 0.6604 0.7399
S35 | TI 02 MI 4 1 yyyy5 0.7 ]| 04683 0.5923| 0.4813 0.6239
S36| TI |03|T+M 4 1 y yyy 5 0.7 | 04651 0.5770| 0.4793 0.6118

Thenumberof queriesis 50. The numberof documentss 132,173.

task, and a title-query task. The column“ID” indi-
catesthe systemid in the NTCIR 2 contest. “—" in
“ID” indicatesa systemwhich was not submittedfor
the formal run of the NTCIR 2 contest. The col-
umn “Term” indicatesthe methodusedto divide the
query sentenceup into shortterms. “TAG”, “MI”,

and“T+M” respectrely indicatethe useof the Chi-
nesemorphologicalnalyzermutualinformation,and
boththe morphologicalanalyzerand mutualinforma-
tion. kemi,? kng, kr, andk,y aresetasin Table 1.
“dw”, “af”, “L” and“C” indicatethe down-weighting
method,automaticfeedbackmethod,locationalinfor-
mation, and cateyorical information. “y” in a col-
umn indicatesthe use of the method,and “n” indi-

°In the CHIR newspapersdatabaseusing kem; = 5.33, 4.96,
4.56,4.10,and3.53dividesup thetext to producethe approximate
proportionsof 7:3,6.5:3.5,6:4,5.5:4.5,and5:5.

catesthatthe methodwasnot used. Whenwe do not
usethe down-weightingmethod,we usethe shortest-
termsmethodasthemethodof extractingterms?® The
otherparameteraresetasfollows: kjcation,1 = 1.2,
klocation,Z = 0.1, kcategm‘y =01,k =1, kq = 00,
k, = 09, and k., = 0.5. “s” in “L” and“C”
meansthe strong setting where kjocation1 = 1.3,
klocation,2 = 0.15, kcategory = 0.15. “t" in “qu"
meansusinglog% in amorecomple way suchthat
qf(t) meansthe numberof querieswhosetitles con-
tainatermt.

The following were the findings producedby the
experimentakesults.

100ur previous work [7] had confirmedthat the useof all term
patternss not a good method,andthat even the simple methodof
usingonly the shortestermscanachievze goodresults.



e The precisionsof “T+M” or “TAG" are slightly
higherthanthatof “MI.” We thusfound thatus-
ing the morphologicalanalyzerproducedbetter
resultsthanusingmutualinformation.

e By comparingS12with S13or S30with S31,we
foundthatlocationalinformationachiezedanim-
provementof about0.020r 0.03.We canseethat
locationalinformationis very effective.

e By comparingS12with S14o0r S30with S32,we
foundthatthe precisionsvhencateayoricalinfor-
mation not usedwere higherthanthe precisions
whenit wasused.So,atleastfor thesedata,using
catgyory informationwasnot a goodthing.

e The automaticfeedbackmethodwas always ef-
fective.

e The down-weighting method sometimespro-
duced better results and sometimesproduced
poorerresults.

2.8 Summary

SystemA usessuchcharacteristicof newspapers
as locational information and obtainedgood results
in the CC Tasks. By performingcomparatie exper
iments,we confirmedthatlocationalinformationwas
effective. The otherkinds of informationwere, how-
ever, notsoeffective.

SystemA hasmary parameterandmary methods.
In the future, we would like to conductmuch more
extensize experimentsin orderto examinethe effects
of parameterandmethodsn SystemA.

3 Japaneseand English IR Tasks
3.1 Overview of the results

The averageprecisionsfor System-Bagainstrele-
vantdocumenton JJ, EJ, EE, and JE tasksare pre-
sentedn Table2. In Table2, ‘very short’ meanshat
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
were obtainedby automatic-feedbacketrieval, while
‘initial’ meangheprecisionghatwereobtainedoy us-
ing theraw initial queries.Thesymbol‘x’ meanghat
the correspondingearchresultsfrom System-Bwere
submittedo theNTCIR 2 workshopcommitteeasfor-
mal runs!! For the JJand EE tasks,only ‘feedback’
resultsfrom System-Bwere submitted,while for the
EJ and JE tasks,both ‘initial’ and ‘feedback’ results

110nJJshort,System-AoutperformedSystem-Blts bestaverage
precisionwas0.3730

were submitted. Theseaverageprecisionsplacethe
systemin the highest-scoringgroup amongthosefor
which resultsweresubmitted.

We describeSystem-Bin detail belon. We start
by describingthe scoringfunction usedto rank docu-
ments. Next, we describethe designissuesinvolved
in selectingpossiblefree parametersand then com-
pareresultsfor variousparameteraluesthroughex-
perimentedesults. Finally, we concludethis section
with a brief summary

3.2 Scoringfunction

Our scoringfunction is basedon BM11 [9]. Let
D beadocumentand@ be a query whereD and@
have beentokenizedinto words. D and(@ arebagsof
words. We define| X | asthe numberof wordsin X
anddefinet f (w| X') asthenumberof awordw in X.
We alsodefineW (X) asthe setof differentwordsin
X.

Thescoreof D given@, score(D|Q), is definedas:

score(D|Q) = Z

weW (D)NW(Q)

d(w|D)q(w|@Q), (9)

whered(w|D) is theweightof w given D andg(w|Q)
is theweightof w given@. d(w|D) is definedas:
tf (w| D)

W) = ipy vipys 40

whereA is theaverageof | D| over thedocumentol-
lectionD thatcontainsD,i.e.,

A=>"|D|/ID], (11)

DeD

where|D| is the numberof documentsn D. ¢(w|Q)
is definedas:

_ (kg + Dtf (w]@) .
wherek, = 1000 and
, _ Dl

where|D(w)| is thenumberof documentshatcontain
w. D(w) is, of courseasubsebf D.

score(D|Q) is usedfor the initial search. For an
automatideedbaclksearchwe useScore(D|Q):

Score(D|Q) = Z

weW (D)NW(Q")

d(w|D)q (w|Q),

(14)
where

YR qw|F(D;))
R )

q (w|Q) = aq(w|Q) + (15)



Table 2. Average Precision (Relevant).

very short short long
33 initial 0.2112 0.3082 0.3807
feedback 0.2706 0.3396 0.4303
EJ initial 0.2497 0.3156
feedback 0.2564 0.3260
EE initial 0.2192 0.2714 0.3684
feedback 0.2523 0.313¢ 0.4043
JE initial 0.3409 0.3855
feedback 0.3413 0.3856

“* representsubmittedruns.

wherea is a number, D; is the top i-th document
retrieved by initial search,R is the numberof top-
scoring documentsused in the automatic-feedback
searchandF is thefunctionusedto selectappropriate
termsfromadocument()’ in Equation(14)is defined
as:

QI:QUF(Dl)U---UF(DR). (16)

3.3 Designlssues

Thefreeparametersve considelin this paperareq,
F, andR in Equation(15). We tried to have thesepa-
rameterdefinedautomatically Before, however, we
describeour attemptsatdeterminingheseparameters,
we will discusshow we preprocessedocumentsand
queriesfor the JJ,EE, JE,andEJtasks!?

3.3.1 Tokenization

Tokenizationis, to alargedegree Janguagelependent.

WetokenizedJapanesgxts (document®r queries)
by usingChaServersion2.02'3 [4] andthenextracted
lemmasof contentwordsasD or ). We postprocessed
theoutputof ChaSeno eliminatesomeerroneougpat-
ternsof tokenization.

In asimilar way, we usedLimaTK* to morpholog-
ically analyzeEnglishtexts andthenuseda stemmer
thatbuilt arounda library availablein the WordNet1.6
packagé® to lemmatizecontentwords. Stop words
wereremoved accordingto the list in the Nice stem-
merpackage®

The documentsand queriesthus processedvere
usedfor the JJandEE tasks.

12The methodusedto preprocessiocumentsandqueriesfor CC
tasksis similar to, but more primitive than,a methoddescribedn
section2. We, thus,omit adescriptiorhere.

L3http://chasen.aist-nara.ac.jp/

Unttp://cl.aist-nara.ac.jp/ tatuo-y/ma/

L5http://www.cogsci.princeton.edu/ wn/

L8http:/www.ils.unc.edul/iris/irisnstem.htm

3.3.2 Query translation

For the JE and EJ tasks,we translatedjueries.Once
we translatequeries,cross-lingualR (CLIR, i.e., JE
or EJ)is performedby the samemethodas usedfor
mono-linguallR (JJor EE). We describethe method
belov asappliedto thetranslationof a Japanesgquery
into English. Englishto Japaneséranslationis per
formedin asimilar way.

We performdocumentexpansion[15] to augment
theoriginal queriesj.e., for a Japanesgquery we first
searchtheJapanesdatabas¢o getdocumentshatare
relevantto the query Next, we extractthewordscon-
tainedin thetop-5documentsandcombinethemto the
original query We thusobtainan expandedlapanese
query?’

Theexpandedlapanesqueryis thentranslatednto
English.For thetranslationwe first madea Japanese-
to-English bilingual dictionary from the Japanese-
English abstractpairs provided for the first NTCIR
Workshop. From thosepairs, we extractedJapanese-
Englishkeyword pairscontainedn the abstracipairs.
It was possiblefor thesekeywordsto be phrasesor
words.If aJapaneskeyword co-occurredvith multi-
ple Englishkeywords,thenwe selectedhe mostfre-
quently co-occurringenglishkeyword asthe transla-
tion of the Japanesé&eyword [2]. Texts were trans-
latedin the following two steps;we usedChaSerto
morphologicallyanalyzethe text, then translatedthe
sequencef morphemesnto English. The translation
wason aword-to-word or phrase-to-phradeasis.Dis-
ambiguatiorby contextswasnotused.Thetranslation
wasbasednlongestmatchesFor example,if aquery
‘a b ¢’ is given,where‘a’ is translatednto ‘A’ and‘a
b ¢’ is translatednto ‘D E’, then‘a b ¢’ is translated
into'D E’.18

17 ocal context analysishasbeenusedto expandqueriesn CLIR
[1]. Thecomparisoris a futurework.

18[2] alsouseda longest-matctalgorithm, but they did not use
a morphologicalanalyzer which might degradethe systemperfor
mance. This belief is supportedby Table 3 which shavs the per
formanceof our methodin no documentexpansion. The average
precisionof [2] on the sametaskwas0.3216,while thatof our ap-
proachis 0.3364.



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

As is shawn in Table2, our approacto the JEand
EJ tasksworked quite well. It is evident, however,
thatthe degreeof succes®f our approactdependson
thedegreeof similarity betweerthe Japanesdatabase
andthe Englishdatabasesedfor CLIR. We thuscon-
ductedanotherexperimentwhich usedthe databases
and JE-queriesprovided for the first NTCIR Work-
shop. Thetype of queryusedfor the experimentwas
‘long’ exceptthatwe did notuseEnglishconcepts.

Table 3. Average precisions with docu-
ment expansion.

Source Target Averageprecision
1) ntcl-e 0.3364

ntc2-j ntcl-e 0.3628

ntcl-j ntcl-e 0.3899

In Table 3, the column‘Source’lists the databases
usedto expandthe original queries. ‘¢’ indicatesno
documenexpansion.’ntc2-]’ meanghatthe Japanese
databasevhich wasfreshly addedfor the secondNT-
CIR Workshopwasusedfor documenexpansionand
‘ntcl-j’ meanghatthe Japanesdatabasg@rovidedfor
theNTCIR workshopl wasusedfor documenexpan-
sion. ‘ntcl-e’, whichis listed in ‘Target’ columnfor
all entries,is the Englishdatabas¢hat wasthe target
of the searche$or documentsAverageprecisionwas
evaluatedagainstrelevantdocumentsn ‘ntcl-e’.

‘ntcl-j’ and‘ntcl-e’ arenearlyparallel. Naturally,
it achievedthe bestperformanceof thesethreecases.
‘ntc2-j’ and‘ntcl-e’ arecomparableTheaveragepre-
cisionis still betterthanwith no documenexpansion.
Documentexpansionis thusworthwhilefor CLIR.

We have briefly describedhe language-dependent

parts of System-B.Next, we describeits language-
independenparts,describingF’, R, anda in Equation
(15),in thatorder

3.3.3 Definition of F

We definearelevanceof word w for thetop-scoringR
documentsn termsof probability.1°

Givenabagof words X, thenthe probability of w,
Pr(w|X), andits varianceVar(w| X ) areestimateds

tf(wlX)+1
Pr(w]X) = % (17)
Pr(w|X) = (1 — Pr(w|X
Var(w|X) = Cl )|X(|+3 (] )). (18)
We thendefine D, asthe bagof wordsthat contains
all thewordsin Dy, D», - - -, D anddefineD}, asthe

19[10] alsousesa probabilisticmetricto selectrelevantterms.

complemenbf D}, with auniversalsetthatis defined
by all of thewordsin thedocumentollectionD.
Therelevanceof word w, rel(w|D},), is definedas

Pr(w| DY) — Pr(w|DE)

rel(w|D}%) = ~—. (19)
\/Var(w|D}) + Var(w|DF)
Finally we defineF'(D;) as
F(D;) = {w|rel(w|Dy) >= 60 Aw € D;}, (20)

wheref is apredefinedhreshold.

rel(w|D},) approximatelyfollowsthestandarchor-
mal distribution. Possiblecandidatedor 6 are 1.28,
1.65and2.33,which correspondo significancdevels
of 0.10,0.05and0.01,respectrely. Hereaftey signifi-
canceevelsarerepresentedly p.

We usedp = 0.10(f = 1.28) for all of the sub-
mitted runs2® This choicewasbasedon previous ex-
perimentsconductedn the databas@rovidedfor the
first NTCIR Workshop.p = 0.10 isarobustparameter
valuefor termselectionasis shovn in section3.4.

3.3.4 Definition of R

We usedthe methodexplainedbelov to set R auto-
matically. We found, however, that the methodwas
not efficient, andthisis shavn in section3.4.

Ourmethods basednthedegreeof increasén the
numberof differentwordsin top-scoringdocuments.
If the contentof successie documentds similar, the
documentshouldsharekeywords. This degreeof in-
creasds thuslow whensimilar documentsontinue.
Our algorithmis depictedin Figure2. In the experi-
mentsdescribedn section3.4,theaveragenumbersof
documentselectedoy the algorithmwere3.81,4.01,
and3.95,for ‘very short’, ‘short’, and‘long’ queries,
respectiely.

As is shavn in section3.4, the performanceof IR
is quite sensitve to R. We will thereforeinvestigate
methodsfor the automatic-determinationf R in fu-
ture work, thoughour initial attemptshave not been
too successful.

3.3.5 Definition of a

« is definedheuristicallyasfollows:

1

a = |W(F(Dg))|™@r,

(21)
where
F(Dg) = F(Dy)UF(Dy)U---UF(Dg). (22)

a > 1 holdsbecaus¢W (F(D},))| > 1. a approaches
1 when|W(Q)| is large. o takesa large valuewhen
the numberof differentwordsin @ is small andthe

20We useda moreprecisevaluefor § actually



for(R=3;;R++){

if (diff(R) > diff(R-1)) {
break

}

}

int  diff(i) {
return  [W(F(D;))| — [W(F(D;_y))|

}

Figure 2. Algorithm for determining R.

numberof differentwordsin D}, is large. « is defined
sothat @ is moreimportantthan D},. In the experi-
mentsdescribedn section3.4,the averagevalueof o

were 13.44,3.89, and 1.14, for ‘very short’, ‘short’,

and‘long’ queriesyespectiely.

This heuristicapproachworked reasonablyvell as
is shavn in section3.4.

In summaryfor theformal runs,we usedp = 0.10
for term selectionand usedautomaticmethodsto set
R anda. p = 0.10 wastheonly parametethatwe had
to setby hand.

3.4 Comparison of parameter values

We variedthe valuesof p, R, anda to obsene the
effects of parametewalueson performance. Perfor
mancewasmeasuredby the averageprecisionagainst
relevant documents. We usedthe queriesand docu-
mentsprovided for the secondNTCIR workshop.Ex-
perimentsvereconductednJJandEEtasks.Weonly
reporton the resultsfor JJtasks,here,becauseéoth
setsof resultsdisplayedhe sametendeng.

The parameteraluesfor p were

p = 0.10,0.05,0.01. (23)
Theparametewaluesfor R were
R=1,3,5,7,10,15. (24)
The parametewaluesfor o were
a=0.5,1.0,1.5. (25)

For R anda, we alsotried the heuristicmethodsde-
scribedin Figure 2 and Equation(21). We tried all
combinationsof theseparametervalues. Thus, we
conducted3 x 7 x 4 = 84 runsto make our com-
parisonfor eachof the‘long’, ‘short’, and‘very short’
queries.

To evaluatethe effectivenessof a parameterwe
fixed its value andthen calculatedthe averageof the
averageprecisionsof the 84 runs. The resultsare
shavn in Figures3, 4, and5. In thesefigures,hori-
zontalaxesrepresenthe querytypesandverticalaxes

representhe averageprecisions.Thetitle of eachline
indicatesthe parametewalue. ‘var meanghatvalues
aredeterminbeoy our methodsproposedabore. ‘ini-
tial’ meangheresultsfor theinitial search.Thetitles
arein orderof decreasingwverageprecisionfor short
queries.

Figure 3 shavs theresultsfor varioussettingsof p.
Notethatp = 0.1 andp = 0.05 performedequally
well. This suggestshatthe valueof p is robust over
thisrange?!

Figure4 shavs theresultsfor varioussettingsof R.
It is difficult to detectary cleartendenyg in Figure4,
but it seemghatwhenqueriesarelong, small R val-
uesperformwell, andwhenqueriesareshort,large R
performswell. This suggestshatthelengthof queries
couldbeusedto setR automatically

Figure5 shows theresultsfor varioussettingsof a.
The averageof a were13.44,3.89,and1.14for ‘very
short’, ‘'short’, and ‘long’ queries,respectiely. «
takeslarge valuesfor ‘very short’ and‘short’ queries.
It takes small valuesfor ‘long’ queries. a worked
reasonablywell. Thisis becausdor ‘very short’ and
‘short’ queriestheresultsof theinitial searcharenot
very reliable, so we hadto weight Q heavily, while
for ‘long’ queries,the resultsof the initial searchare
reliable,sowe don't have to weight@ soheaily.

3.5 Summary

System-BwvasdesignedsaportablelR systemnthat
avoids free parametersas much as possible. It will
be possibleto improve the sysmtems performanceoy
providing a propermethodfor determiningthe num-
ber of top-ranked documentgo be usedin automatic-
feedback.

4 Conclusion

We have developedtwo systemdor the secondNT-
CIR WorkshoplR tasks.Onewasanimprovedversion
of thesystenthatwasusedfor thefirst NTCIR Work-
shoplR tasksandthe IREX WorkshopIR tasks. The
otherwasa freshly developedsystemthat avoids free
parametersas much as possible. The former system
participatedn the JJand CC tasksandthe latter sys-
tem participatedin the JJ,EE, JE, EJ and CC tasks.
Both systemsachieved goodresults. We have not yet
comparedhe two systemghoroughly In the future,
we will conducta more detailedexaminationof our
systemsandwill determinewhatkinds of information
areeffective.

21Additional experimentsshaovedthataverageprecisiondor p =
0.9 to 0.05 performsequallywell. (Theresultsof p = 0.1 were
slightly betterthanthoseof othervalues.)
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