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Abstract

Thispaperreportsonthework of Berkeley groupat
the secondNTCIR workshopon Japanese& English
IR and ChineselR. A numberof runs were submit-
ted on all subtasksn the two main tasks. Our main
focus on the Japanesemonolingual subtaskwas on
comparingthe retrieval effectivenes®f different seg-
mentationmethods. The experimentalresults show
the bigramindexing outperformedhe word-basedn-
dexing in Japanesemonolingualretrieval. The bi-
gram indexing was also highly effectivein Chinese
monolingualretrieval. This paper presentsan alter-
native sggmentatiormethodthat breakstext into one-
character termsand two-character termsthat do not
overlap with each other which overcomesthe disad-
vantage of producinglarge index files by bigram in-
dexing. Thispaperdescribesa techniquefor building
bilingual word lexiconsfrom parallel text by sentence
alignmentandword association A purely rank-based
documenpolling strategy is presentedor combining
monolingualretrieval resultsin multilingual retrieval.
Keywords: JapanesdR, ChinesdR, Cross-languge
IR, word sggmentationword alignment

1 Intr oduction

At the secondNTCIR workshop,Berkeley partici-
patedin theJapanes& EnglishinformationRetrieval
Taskandthe ChinesdnformationRetrieval Task The
Japanesé& EnglishIR task consistsof six subtasks,
covering JapanesandEnglishmonolingualretrieval,
cross-languageetrieval betweenJapanesend En-
glish, andmultilingual retrieval from mixed Japanese
and English documentcollection. The ChineselR
taskhastwo subtasksnvolving Chinesemonolingual
retrieval and English-to-Chinesecross-languagee-
trieval. We submitteda numberof retrieval runson
all subtasksin the two main tasks. And for all of
our retrieval runs, the sameretrieval algorithm was
used. Our main focus on the Japanesenonolingual
retrieval (i.e. the J-Jsubtask)wason comparingthe

retrieval effectivenesf differentsegmentatiormeth-
ods. The availability of the pre-sgmentedestcollec-
tion enablesus to compareretrieval effectivenessof
word-basedndexing andbigramindexing in Japanese
monolingualretrieval while holding otherfactorscon-
stant. A disadwantageof using bigram indexing is
thatthe index files aremuchlarger thanthe word in-
dex files generatedrom the samecollection. We pre-
sentedan alternatve indexing techniquethat breaks
text into unigramsand bigramsthat do not overlap,
which overcomeghe disadwantageof producinglarge
index files by overlappingbigramindexing. For the
cross-languageetrieval betweenJapanesend En-
glish, we createda bilingual keyword lexicon and a
bilingual word lexicon from the documentswith En-
glish translationsin the NTCIR-1 collection. These
two lexiconswere usedto translatethe Japaneséop-
icsinto Englishandvice versa.For themultilingualre-
trieval subtasksye presenteé simpleandrank-based
documenpolling stratgy for combiningmonolingual
retrieval resultsto producea singleranked|ist of doc-
uments.

This work builds on our earlier work on full-
text monolingualand cross-languagéformation re-
trieval [6, 4, 3, 11], word segmentation2], andword
alignment[5]. In next section,we will describethe
documentrankingformula usedin all of our retrieval
runs.

2 DocumentRanking

The documentranking formula we usedin all of
ourretrieval runswasBerkeley’s TREC-2formulal6].
The ad hoc retrieval resultson the TREC testcollec-
tions have shawvn that the formulais robust for long
queriesandmanuallyreformulatedjueriesandthere-
sultsof applyingthesameormulato the TREC-5Chi-
nesecollectionfurtherdemonstratethe robustnesof
the formula[12]. Thelogoddsof relevanceof docu-
mentD to queryQ is givenby

P(R|D,Q)

P(R|D,Q)
—3.51 +37.4% X1 +0.330 * X2 +
—0.1937 * X3 + 0.929 + X4

logO(R|D,Q) =



where P(R|D, Q) is the probability of relevanceof

documentD with respectto query Q, P(R|D, Q)

is the probability of irrelevanceof documentD with

respectto query . The four compositevariables
X, X5, X3, and X, aredefinedasfollows:
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where N is the numberof matchingtermsbetween
adocumentanda query gtf; is the within-queryfre-
queng of the sth matchingterm, dtf; is the within-
documentfrequeng of the ith matchingterm, ctf;
is the occurrencdrequeny in a collection of the ith
matchingterm, gl is querylength(numberof termsin
aquery),dl is documentength(numberof termsin a
document)andecl is collectionlength,i.e. thenumber
of occurrencesf all termsin atestcollection.

The relevanceprobability of documentD with re-
spectto query @ canbe written asfollows given the
logoddsof relevance.

1
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The documentsare ranked in decreasingorder by
their relevanceprobability P(R| D, @) with respecto
a query The ranking formula combinesa small set
of compositerelevance clues which in turn are ex-
pressedn primitive relevancecluessuchasthe num-
ber of matchingterms betweena documentand a
query the within-documentterm frequeng, the doc-
umentlength,the within-querytermfrequeng, query
length, within-collection term frequeng, and so on.
The coeficients were determinedby fitting training
datato thelogistic regressiormodelusinga statistical
softwarepackageWereferreaderdo referencg6] for
moredetails.

3 ChineselR Task

The ChineselR task is concernedwith Chinese
monolingualretrieval and English-to-Chinesecross-
languageetrieval. Thetestcollectioncontains50top-
icsin Chineseandin Englishand132,173news arti-
clesfrom five newspapergpublishedin Taiwan. The
topics consistsof title, question narrative, and con-
ceptfields. Thetopicsarerich in conceptterms. The
numberof conceptermsin topicsrangefrom 9to 20
with anaverageof 15.46concepterms.We performed
two Chinesamonolinguaketrieval andoneEnglish-to-
Chinesecross-languageetrieval runs.

3.1 C-C Subtask

The focusof this substasks the Chinesemonolin-
gualretrieval. Sinceword boundariesarenot marked
in Chinesewritten text, somepreprocessings needed
to breakChinesesentencemto indexing terms,which
canbewords,singlecharactergwo-charactersandso
on. The procesf splitting text into wordsis called
word segmentation. While breakingsentencesnto
wordsmaybenecessarjor naturallanguagerocess-
ing and understandingasks, such as part-of-speech
tagging,word sensalisambiguationsyntacticalpars-
ing, andthelike, wordsarenot the only indexing unit
for thepurposeof informationretrieval wherethemain
concernis to retrieve from the documentcollection
thosedocumentghat are most likely relevant in re-
sponsdo a userquery In practice treatingtwo adja-
centcharactersisindexing termsis notonly simpleto
apply, but effective aswell. It may not be efficientin
spacehoweverit takesno externallinguisticresources
to index a collection. Thusthis approactcanberead-
ily appliedto documentsn arny domain.Splitting text
into words often needsat leasta list of words. The
coverageof theword list canhave significanteffecton
the word segmentatiorresults. The propernounsand
domain-specificerminologicaltermsare problematic
becauseftenthey aremissingin dictionariesor word
lists usedto sggmenta collection. Our experience
with overlappingbigramindexing in both Chineseand
Japanesenonolingualretrieval is encouraging. Two
official runs,namedrkly-CHIR-TI-01 andBrkly-CHIR-LO-
01, were submittedfor the Chinesemonolingualsub-
task. Thesetwo runsdiffer only in the numberof topic
fields indexed in the topics. The Brkly-CHIR-TI-01 run
indexed the questionfield only in the topic, while the
Brkly-CHIR-LO-01 run indexed all four topic fields: the
title, question narrative, and concepts The overlap-
ping bigram indexing was appliedto the topics and
the documentcollection. The averageprecisionval-
uesover 50topicsarepresentedh table1. Theoverall
averageprecisionvaluesof Brkly-CHIR-LO-01 with re-
spectto therelaxed andrigid relevancejudgmentsets
are.7027and.6073,respectrely. This run achieved
99.55%and 100% overall recall with respectto the
relaxed andrigit relevancejudgementsets. The high
averageprecisionmay be attributedto the richnessn
conceptermsin the Chineseopics.

3.2 E-C Subtask

TheEnglish-to-ChineséR subtasks aboutsearch-
ing Englishtopicsagainstthe Chinesedocumentcol-
lection. Our approachis to translatethe Englishtop-
ics into Chineseby dictionarylookup. Thenwe per
formed a monolingual retrieval with the automatic

Chineséranslationsof the Englishtopics.
Thetopicswereprocesseth threestepsto generate
the queriesbeforetranslation. First, the topics were



RunID Topic Document Topic/Document Average Average
Fields Fields Segmentation Precision Precision
Indexed Indexed Method (Relaxed) (Rigid)

Brkly-CHIR-LO-01 T,Q,N,C Title andText overlappingbigram 0.7027 0.6073

Brkly-CHIR-TI-01L  Q Title andText  overlappingbigram 0.4758 0.3274

Table 1. This table shows the fields indexed in topics and documents and the segmentation
methods used to break documents and topics into words.

taggedusing Brill' s part-of-speechagger[1]. Sec-
ond,nounphrasesreextractedrom thetaggedopics.
Third, the single-word termsand phrasesarenormal-
ized using a morphologicalanalyzer The following
Be;(t)shwvsthetaggedext of thequestiorfield in topic

To/TO retrieve/VB the/DT reasons/NNSand/CC sit-
uations/NNS of/IN widespread/JXDf/IN the/DT in-
fectious/JJdiseases/NNSaused/VBNby/IN EI/NNP
Nino/NNP./.
Eachword is followed by its part-of-speechag. The
tagsNN andNNS represensingularnounsandplural
nouns,respectrely; NNP representshe propername,
and JJrepresentsadjective. Thenthe taggedtext is
passedo anounphraseecognizefor nounphraseex-
traction. The recognizerdetectssimple nounphrases
basedon the patternof thetags. The nounphrasepat-
ternswe usedto extractnounphraseganbeconcisely
specifiedin a three-stateautomatoras shawvn in Fig-
ure 1. The initial stateis O andthe final stateis 2.
Any wordstaggedwith part-of-speecltagsNN, NNS,
NNP, NP andNPSarerepresentetly thelabeINOUN,
and words taggedwith JJ, JJR,and JJS,which are
the positive, comparatre and superlatve form of an
adjective, arerepresentedby the label ADJ. Any se-
guenceof wordswhosepart-of-speectiagscompletes
a path from the initial stateto the final statewill be
extractedasa nounphrasegxcluding the single-word
nouns. The noun phrasesextractedfrom the above

NOUN

Figure 1. An automaton for simple noun
phrase recognition

taggedtext areinfectiousdiseasesand El Nino. The
wordsappearingn thestoplistwereremovedandthen
theremainingsinglewordsandnounphrasesrenor
malizedusinga morphologicaknalyze(7], whichre-
ducesplural nounsto their singularform andverbsto
their baseform. Also, all wordsandphrasesare con-
vertedto lowercase.Thenormalizedsinglewordsand

thesimplenounphrasegonstitutethe Englishqueries
beforetranslation.

After the preprocessingf the Englishtopics,each
querynow consistf singlewordsandnounphrases.
We translateeachquery by looking up every single
word and noun phrasein a Chinese-Englishbilin-
gual dictionary The bilingual dictionary we used
to translateEnglishqueriesis the Chinese-to-English
wordlist (version 2.0) compiled by Linguistic Data
Consortiumwhich can be downloaded from from
http://morph.ldc.upenn.edu/Projects/Chinese/The
wordlistcontainssomel28,000Chinesevords,paired
with equivalentEnglishwords.

For Brkly-ECIR-LO-01run, aqueryterm(nounphrase
or single word) was looked up in the LDC bilingual
wordlists. The top two Chinesetranslationequia-
lentsthat occurmostfrequentlyin the testdocument
collectionwereretainedastranslationgor an English
termwhentherearemorethantwo translationgor that
term. Whentherewas no exact matchfor a single-
word term, that term was not translated. However
for no exact matchfor a noun phrase we proceeded
to matchthe sub-phrasesgainstthe dictionary until
therewere somematches. If all sub-phrasesnatch-
ing failed, we then soughtout exact matchesfor the
componentwords in the phrase. For example,if a
three-word phrasew;wsws was missingin the dic-
tionary, we searchedhe sub-phrases; wy andws;
andif therewasno matchfor w;ws, we searchedo;
andwsws in thedictionary If noneof thesub-phrases
werefoundin thedictionary we translatecdhis phrase
word-by-word by looking up eachcomponentvordin
thedictionary andtook the Chinesdranslationsof all
the componentwordsin the phraseasthe translation
of the phrase. We submittedone run namedBrkly-
ECIR-LO-01onthis subtask All contentfieldsin the
Englishtopicswereindexed. The Chinesdranslations
were seggmentednto overlappingbigrams. The over-
all averageprecisionwas.2195for the relaxed rele-
vancegudgmentand.1908for therigid relevanceudg-
ment. Therelatively poor performanceanbe mainly
attributedto the limited coverageof the bilingual dic-
tionary usedfor querytranslation.Many of the query
termswerenot translatedbecausehey aremissingin
thebilingual dictionary



4 Japanese& English IR

The Japanesé& EnglishIR taskis madeup of six
subtasksgcovering monolingual,cross-languageand
multilingual text retrieval. Thetestcollectioncontains
about736,000documentsvhich areeitherabstract®f
conferenceaperor extendedsummarie®f Grant-in-
Aid researchieport. Abouthalf of theabstractsvritten
by the authorsof the conferencepapershave English
translationsalsoprovided by the authors. And abouta
guarterof the extendedsummarieof researchreports
have English translations. A typical documentcon-
tainstitle, author, abstract, keyword, nameof the con-
ferencefields. The keywordsandtheir Englishtrans-
lations are provided by the authorsof the papers. A
setof 49 topicsin Japanesandin English are pro-
vided for thesesubtasks.A topic hasa title, descrip-
tion, narrative, and conceptfields. We will describe
our participationin eachof the six subtasksn thefol-
lowing subsections.

4.1 J-J Subtask

The J-J subtaskconcernsJapanesemonolingual
retrieval where the provided Japanesetopics are
searcheaginsttheJapanesdocument®nly. Likein
Chineseword boundariesn Japanesarenotmarked.
Thus,breakingsentenceto wordsor otherindexing
unitsis neededn indexing. Our focusin this subtask
wasto comparehe effectivenesof differentsegmen-
tation techniques. The availability of pre-sgmented
copy of the testcollectionenablesusto do compari-
sonbetweenbigramindexing andword-basedndex-
ing. We submittedfive official runsfor the J-J sub-
task namedas Brklyl, Brkly2, Brkly3, Brkly4, and
Brkly16, respectiely. Thesefive runsrepresentour
different sggmentationtechniques. For the first two
runs,Brkly1 andBrkly2, overlappingbigramindexing
wasappliedto the topicsanddocumentsThe Brkly3
run usedChasenmorphologicalanalyzerto segment
both the topics and the documentsinto words. The
Brkly4 appliedanon-oserlappingbigramandunigram
indexing methodto segmentthetext. And theBrkly16
run usedthe pre-sgmentedtopics and documents.
Only wordsin the pre-sgmentedcollectionandtop-
ics wereincludedin indexing. The averageprecision
valuesfor the five monolingualruns with respectto
the first relevancejudgmentsetare shavn in column
fivein table2. Thetablealsoshavs whatfields were
indexed andwhat segmentationmethodwas usedfor
eachrun. All of our runswere producedwithout rel-
evancefeedback. At the first NTCIR workshop,we
did notfind the hiragaracharacter$elpfulin Japanese
monolinguaketrieval whenoverlappingoigramindex-
ing is applied[3]. For Brklyl run, we discardecary

hiragaracharacterbeforegeneratinddigrams.
Although bigramindexing is effective, the disad-
vantages thatthebigramindex files areusuallymuch

largerthantheword indexesgeneratedrom the same
collection.We presentanindexing methodthatbreaks
text into unigramsand bigramsthat do not overlap.
Whenthe word lengthis limited to one or two char

actersthe numberof possiblewaysto segmenta sen-
tenceof n characterss given by therecurrenceela-

tion N(n) = N(n—1)+ N(n—2), whereN(n) isthenum-

berof waysto breakasentencef n characterstoone
or two-charactewordsandnN(0) = 0, N(1) = 1,N(2) =

2. For example, a sentenceconsistingof three let-

ters can be split into non-overlappingunigramsand
bigramsin one of threeways: 1) S = C1/C2/C3, 2)

S = C1C2/Cs, and3) § = C1/C2C3. For a sgmented
sentenceS = wiws . . . wy,, theprobabilityof thesen-
tenceis computedasfollows:

P(S) = P(wiwz...wm) 2)

= P(w1)P(wa)... P(wm) = [[ P(ws) ®
i=1

wherew; is eithera unigramor a bigram. Herewe

assumehe words occurindependently We compute
the probability of a sentencdor all possiblesggmen-
tations,thenwe choosethe segmentationof the high-

estprobability The probability of a unigramor bi-

gramis the maximumlikelihood estimatein the test
document. The probability of a one-characteword

(i.e., unigram)is estimatecby P(C;) = ¥ andthe
probability of a two-characteword (i.e., bigram)is

estimatedby P(C;c;) = Y(%%)  wheren(c;) is the
numberof timesthatcharacteic; occurin the corpus,
N(C;C;) isthenumberof timesthatstringc;C; occurs
in the corpusand v is the total numberof timesthat
all singlecharactetermsandall two-characteterms
occurin the corpus. When a sentencas short, one
caneasilyenumerateall possiblewaysof segmenting
the sentenceand computetheir associategrobabili-
ties,thenchoosehe segmentatiorof the highestprob-
ability. But whena sentencds long, the numberof

possiblesggmentationss exponential,it is no longer
practicalto enumerateall possibleways of breaking
thesentencandestimatetheir probabilities.However
onecanapply a dﬁnamic programmingtechniqueto

find out the mostlikely segmentatiorefficiently with-

outcomputingtheprobabilitiesof all possiblesegmen-
tationsof a sentenceThe bestway of breakinga sen-
}elrlmeof n characterganbe recursvely expresseds
ollows:

P(S1.n) = MAX(P(S1,n-1)P(Cn), P(S1,n—2)P(Cn_1Cn))

wheres; , = C1Cz...C, andP(S1,,) IS the maximum
probability of segmentinga sentenceof n characters
into oneor two-charactewords. For Brkly4, we sey-
mentedthe topics and documentdnto unigramsand
bigramsthat do not overlap with eachother The
Chasemorphologicalanalyzemwasusedto breakthe
topics and documentsinto single words for Brkly3.
Brly16 usedthe pre-sgmentedopicsanddocuments,
but only thewordswereincludedin indexing.

Table 3 shaws the pairwise correlationvaluesfor
four of the J-Jrunsthatusedthetitle,description nar-
rative, and conceptfields in the topics. The pair of
Brkly3 andBrkly16 hasthe highestcorrelationpartly
becauseboth runs were performedon a word-based
index. For Brkly3, the Chasenmorphologicalana-
lyzer was usedto segmentthe documentsand top-
ics while the pre-sgmenteddatawasusedin Brkly16



RunID  TopicFields DocumentFields Topic/DocumenSeymentation Average
Indexed Indexed Method Precision
Brklyl  T,D,N,C TAK,P overlappingbigram 0.3602
Brkly2 D T,AK,P overlappingbigram 0.2610
Brkly3  T,D,N,C T,AK,P Chaseranalyzer 0.3372
Brkly4  T,D,N,C TAK,P non-overlappingunigramandbigrams  0.3287
Brklyl6 T,D,N,C TAK,P pre-sgmented 0.3377

Table 2. This table shows the fields indexed in topics and documents and the segmentation
methods used to break documents and topics into words.

run. As we expectedthe Brklyl runwasmoreclosely
correlatedwith Brkly4 thanwith Brkly3 andBrkly16
becausehe indexing terms are overlappingbigrams
for Brklyl andare non-overlappingunigramsand bi-
gramsfor Brkly4. Overall whenthe averageperfor
manceover all automaticruns on this subtaskfrom
all participatinggroupswas poor, the performanceof
our runs was also poor.  Our J-J monolingualruns
achievedvery low precisionfor topics 130, 132,140,
and 149. The performanceon thesefour topics was
alsolow on the averageacrossall J-Jautomaticruns
from all groups. The overlappingbigram indexing
outperformedall other segmentationmethodsin our
experiments. It was much more effective thanword-
basedndexing on topics105,107,139,and146. For
example theprecisionontopic 146is .6386for Brklyl
which usedbigramindexing, while the precisionval-
uesfor the other threeruns are .2637, 0.2990, and
0.2764 respectrely onthe sametopic.

Brklyl Brkly3 Brkly4 Brklyl6

Brklyl  1.0000 0.8205 0.9146 0.8082
Brkly3  0.8205 1.0000 0.9116 0.9391
Brkly4  0.9146 0.9116 1.0000 0.9031
Brklylé 0.8082 0.9391 0.9031 1.0000

Table 3. Pearson Correlation Coeffi-

cients, N =49, for all J-J runs.

4.2 E-E Subtask

We submittedtwo official runs,namedBrkly5 and
Brkly6, on this English monolingualsubtask. Only
thedescriptionfield in the Englishtopicswasindexed
for Brkly5, while thetitle, description narrative, and
conceptfields were indexed for Brkly6. The En-
glish TITE, ABSE KYWE andPJNEfieldsin the En-
glish documentswvereindexed. In the preprocessing
step,the stop words were removed from indexing in
bothtopicsanddocumentsthe remainingwordswere
changedo lower caseandwerereducedo their base
form. We usedan Englishmorphologicaknalyze{7]
to changehenounsin plural form into singularform,

verbsinto their infinitive form, andadjectvesto their
positive form. Again the sameretrieval formula was
appliedwithout relevancefeedback.The overall aver-
ageprecisionis .3542for Brkly5 and.2624for Brkly6
with respecto thefirst setof relevancejudgments.

4.3 J-E Subtask

Two official runs, namedBrkly7 and Brkly8 re-
spectvely, weresubmittedon this Japanes® English
cross-languageetrieval subtask Thebilinguallexicon
usedin thesetwo runswas createdfrom the NTCIR-
1 documentcollection. Our approachto Japanese-
Englishcross-languageetrieval is to createabilingual
lexicon from the documentswith both Japanesand
Englishkeywords,thenmappingeachJapanesquery
termto its English equivalent. The Englishtransla-
tions of all the querytermsin a Japaneseguery are
searcheagaainstthe Englishcollection. Thuswe cre-
atedtwo bilingual lexiconsfrom the NTCIR-1 docu-
ment collection. The first one called bilingual key-
word lexiconwascreatedrom thekeywordsfield only,
while thesecondnecalledbilingual word lexiconwas
createdfrom thetitle andabstract fieldsin the docu-
mentsin NTCIR-1 collection.

4.3.1 Bilingual Keyword Lexicon

The existenceof both JapanesandEnglishkeywords
in the NTCIR-1 documentcollection enablesus to

build a bilingual lexicon. Most of the documentsn

the NTCIR-1 collection have both Japanesand En-

glish keywordsassignedy the authorsof the papers.
The Japaneskeywordsin thekywbfield andthe En-

glish keywordsin thekywefield areseparatedy two

slashcharactersmakingit easyto extractthem.

Our bilingual lexicon was constructedfrom the
Japanesand Englishkeyword fields (i.e., the KYWE
andKYWDfields)in the NTCIR-1 collectionby pair
ing the Japaneskeywordswith the Englishkeywords
in the order they occurin the documents. That is,
thefirst Japanes&eyword is pairedwith thefirst En-
glish keyword in the samedocumentandthe second
Japanesdéeyword is pairedwith the secondEnglish
keyword in the samedocumentandsoon. This pair



ing procesgerminatesvheneitheroneof thekeyword
fields(KYWD andKYWE) is exhausted.

All of the Japanese/Engliskeyword pairs are
collected from the NTCIR-1 collection. The re-
sulting bilingual lexicon consistsof all the unique
Japanese/Englidteyword pairs,eachpair beingasso-
ciatedwith thenumberof occurrences theNTCIR-1
collection.

When we pairedthe Japanesé&eywords with the
English keywords in the samedocument,we were
awareof theproblemghatthetranslationof Japanese
keywords may not be consistentand complete,that
the Englishtranslationsandthe original Japaneskey-
wordsin thesamedocumenmmaynotbealignedprop-
erly andthatthe form of the Englishtranslationsmay
notbenormalized For example thewordsin thesame
English keyword is connectedwith hyphenin some
casesbut not in other cases. Someof the Japanese
keywordshave morethanoneEnglishtranslationge-
causeof inconsisteng in translationof the the same
terminologyandmisspellingsn English.

4.3.2 Bilingual Word Lexicon

The secondbilingual dictionary we createdfrom the
NTCIR-1 collectionis basedon wordsco-occurrence
in the collection by first aligning the text at the sen-
tencelevel. For eachdocumentwith English trans-
lation, the abstractsn both Englishand Japanesare
splitinto sentenceslt is simpleto breakJapanesab-
stractsinto sentencesincethereis a uniquepunctu-
ation mark for sentencesndingin Japanesewhile it
is more difficult to break English abstractdnto sen-
tences. Sincethe Japanesdtle and Englishtitle are
markedin thesourcedocumentseacttitle in Japanese
and its English translationare paired. For the ab-
stracts,we usedGale and Churchs program[10] to
align Japaneseentencewith EnglishsentencesGale
and Churchs methodis basedon a simple statistical
modelof sentencéengthmeasuredh termsof charac-
ters. This methodusesthe factthatlong sentence
a sourcelanguageendto betranslatednto long sen-
tencesn thetamgetlanguageandshortsentencesend
to be translatednto shortsentencesEven thoughit
wasoriginally developedto align EnglishandFrench
sentencedvasedon sentencdengthin charactersye
usedtheprogramwithoutchanginghemodelparame-
tersto align JapanesandEnglishsentencesThemain
differencesarethatwe measuredhe sentencéengths
in termsof bytesand that the blank spacesetween
Englishwordswithin a sentencarealsocounted.In
thetestcollection,a Japaneseharacteis represented
in two bytes,whereasan English charactelis repre-
sentedn onebyte. We generatecbout959,000pairs
of JapanesandEnglishsentenceby aligningthesen-
tencedn title andabstracfieldsin thedocumentsvith
Englishtranslations.

The Japanessentencesre sggmentedinto words
using a Japanesevordlist. If the Englishword 'E’
is a translationof the Japanesevord 'J’, then one
would expect that when the Japanesewvord 'J" is
presentin a Japaneseentence,ts English transla-
tion 'E’ would alsoappeaiin the pairedEnglishsen-
tence.A numberof staticalmeasuressuchasmutual
information, likelihood ratio test-based9, 8], have
beendevelopedto computethe associationsignifi-
cancebetweentwo events.We usedthelikelihoodra-
tio test-basedneasuredevelopedby Dunning[8] to
computethe associationstrengthbetweena pair of
Japanese/Englisivords. Fromthe alignedsentences,
we constructeda contingenyg table for every pair of
Japanese/Englisivords as shavn in table 4. where

| Japanesword
Englishword a b
c d

Table 4. A conting ency table for a pair of
words.

a is the numberof aligned sentencegontainingthe
pair of Japanese/Englistvords; b is the numberof
alignedsentencesontainingthe Englishword, but not
the Japanesevord; c¢ is the numberof alignedsen-
tencescontainingthe Japanesavord, but not the En-
glish word; andd is the numberof alignedsentences
containingnoneof theword pair.

The associatiorscorebetweera Japanesword ‘J’
andanEnglishword ‘E’ is computedasfollows [8]

W(J,E) =
lOgL(pa a,a+ b) - logL(p, ¢, c+ d)]

where

logL(p,n, k) = klog(p) + (n — k)log(1 — p)

= _a_ = ¢ — atc
andp; = a+5'P2 = g» andp = atbtctd®

A total of 310,794 Japaneséndexing terms and
278,800Englishindexing terms(words) were gener
atedfrom the parallel corpusof some187,000docu-
mentsin theNTCIR-1 collection.

4.3.3 Query Translation

A simple methodof translatingqueriesinto the tar-

getlanguages looking up eachsourcdanguageajuery
word in a bilingual dictionarywhensucha dictionary
is available. The translationdor all sourcelanguage
query words can be combinedto form the query to

submitto the documentcollectionin targetlanguage.
In generalsuchresourcesare not readily available,

2[logL(p1, a,a + b) + logL(p2,c,c+ d) —



andevenif agenerabilingual dictionaryis available,
its coverageon domain-specifiderminologicalterms
may bevery limited. An alternatve methodof finding
translationequivalentsis to createa bilingual lexicon
from parallel corporawhenthey are available. Then
the bilingual lexicon can be usedto look up source
languagejueryterms.

Our method of translatingJapanesegueriesinto
Englishwasto utilize the bilingual lexicons we had
createdfrom the NTCIR-1 collection. In translating
Japanesejueriesinto English, we first segmentthe
gueriesnto wordsusingthedictionary-basetbngest-
matchingtechnique. Then for eachJapanesevord,
themostfrequentEnglishtranslations retainedasthe
translation.

For Brkly7 and Brkly8 runs, we usedonly the
bilingual keyword lexicon for querytranslation. The
Japanes¢opics were sgmentedinto words first us-
ing longest-matchingnethod. The individual words
were then looked up in the bilingual keyword lexi-
con. The Englishtranslationwith the highestoccur
rencefrequengy was chosenas the translationof a
Japanesword. The overall averageprecisionis .2640
for Brkly7 and.2129for Brkly8 usingthe first setof
relevancejudgment.

4.4 E-J Subtask

TheEnglishtopicswereprocesseih thesameway
as the English topicsin English-to-Chinesesubtask.
First, the English topics were taggedwith part-of-
speech.Second simple noun phrasesvere extracted
basedon predefinedpatternsof part-of-speechags.
We submittedthree runs, named Brkly9, Brkly10,

andBrklyl1, respectiely, onthis English-to-Japanese

cross-languageetrieval. For Brkly10 run,only thede-
scription field wasused. The othertwo runsindexed
thetitle, description narrative, andconcepfields. For
Brkly9, the sameJapanese/Englidhilingual keyword
lexiconcreatedrom thekeywordfieldsin theNTCIR-
1 collectionwasusedto translateEnglishphrasesand
wordsin the queryinto Japanese.For Brklyll, the
missingwordsin the bilingual keyword lexicon were
looked up in the bilingual word lexicon Thelastcol-
umn in table 5 shaws the averageprecisionfor the
three English-to-Japanesetrieval runs. The overall
precisionwasimproved moderatelyasa resultof bet-
ter coveragewhen both the keyword lexicon andthe
word lexicon were usedin query translationfor the
Brkly11 run.

45 J-JE Subtask

The J-JEsubtaskinvolves searchinglapaneséop-
ics againsta collectioncomprisedof mixed Japanese
and Englishdocuments.The English documentsare
translation®f theJapanesdocumentandthenumber

of documentsn Japanesandin Englishis abouttwo
to one.In generalpnecouldapproachhis problemin
oneof two ways: combiningmonolingualretrieval re-
sultsor combiningqueriesin all documentanguages.
The first stepin both approachess to translatethe
queriesfrom the sourcelanguageo all documentan-
guages. In this subtask,one needsonly to translate
the Japaneséopics into English. With the first ap-
proach,a monolingualrun is performedfor eachdoc-
umentlanguage. Thenthe monolingualretrieval re-
sults are combinedto producea final ranked list of
documents With the secondapproachthe queriesin
all documentanguagesre combinedfirst. Thenthe
pooledqueriesare searchedagainst the mixed docu-
mentcollection. We took thefirst approacho the J-JE
subtaskThatis, wefirst translatedhe Japanestpics
into English. We thenperformedone Japanesenono-
lingual retrieval run usingthe subsetof the Japanese
documentsvhichwastheBrkly3 run;andoneEnglish
monolingualrun usingthe subsebf the Englishdocu-
mentswhichwastheBrkly7 run. And finally we com-
binedthesetwo monolingualretrieval resultsto pro-
ducethefinal ranked list of documents.Our combin-
ing stratgyy is rathersimpleandis purelyrank-based.
It is basedon the obsenationsthat the Englishdocu-
mentsaretranslationf the Japanesdocumentsand
thenumberof document$n Japanesandin Englishis
approximatelytwo to one. Onewould expectthatthe
numberof relevantJapanesdocumentshouldbealso
approximatelytwice the numberof relevant English
documentdor a topic. The final ranked list of doc-
umentsfor Brkly12 run wasproducedby meiging the
monolinguallapanesketrieval resultandthemonolin-
gualEnglishretrieval resultin two to oneasillustrated
in table 6. We submittedtwo official runs, named

Rank Brkly3 Brkly7 Brklyl2

1 J1 El J1
2 J2 E2 J2
3 J3 E3 El
4 J4 E4 J3
5 J5 ES5 J4
6 J6 E6 E2

Table 6. Document polling strategy .

Brkly12 and Brkly13, on this subtask. The Brkly12

was producedby meging the Japanesenonolingual
run Brkly3 andthe English monolingualrun Brkly7.

Thefinal rankedlist of documentgor Brkly13 runwas
generateih thesameway asfor Brkly12 runby meig-

ing the Japanesenonolingualrun Brkly2 andthe En-
glish monolingualrun Brkly8. The averageprecision
valuesfor Brkly12 andBrkly13 are.2915and.2211,
respectrely, with respectto the first setof relevance
judgment.



RunID  Topic Document Topic Topic Average
Fields Fields Sgymentation Translation Precision
Indexed Indexed Method Method

Brkly9  T,D,N,C TAKP Longestmatching keyword dictionary 0.2389

Brklyl0 D T,AK,P Longestmatching keyword dictionary 0.1489

Brklyll1 T,D,N,C TAKP Longestmatching keyword andword dictionaries 0.2544

Table 5. This table shows the fields inde xed in topics and documents, the word segmentation
methods for topics, and the topic translation method.

4.6 E-JE Subtask

The E-JE subtaskis similar to the J-JEsubtaskex-
ceptthatthetopicsarein English. We took the same
approacho this subtask.First, we translatedhe En-
glishtopicsinto JapaneseSecondpneEnglishmono-
lingualretrieval runandoneJapanesmonolingualre-
trieval run were performed. Finally, the monolingual
retrieval resultsweremeigedinto onefinal rankedlist
of documentsA smallchangen thedocumenpolling
strat@yy is that we put the English documentbefore
the Japanesdocumentsachtime whentake oneEn-
glishdocumentindtwo Japanesdocumentgrom the
monolingualretrieval resultsasillustratedin table 7.
Theratio of thenumberof documentsn Japanesand
in Englishis kepttwo to one. Two official runs,named

Rank Brkly5 Brkly9 Brklyl4

1 J1 El El
2 J2 E2 J1
3 J3 E3 J2
4 J4 E4 E2
5 J5 E5 J3
6 J6 E6 J4

Table 7. Document polling strategy .

Brklyl4 andBrkly15, weresubmittedon this subtask.
The Brkly14 wasthe resultof combiningthe English
monolinguakunBrkly5 andthe Japanesmonolingual
run Brkly9. And Brkly15 wasgeneratedy meging
the Englishmonolingualrun Brkly6 andthe Japanese
monolingualrun Brkly10. The averageprecisionval-
ueswith respecto thefirst setof relevancejudgment
are.2455and.1570,respectrely.

5 Concluding Remarks

The overall precisionon thelong andshortqueries
in the Chinesemonolingualsubtaskdemonstratethe
effectivenessof the bigram indexing in Chinesein-
formationretrieval. The resultson Japanesenono-
lingual retrieval shav that bigram indexing outper
formedword indexing. The performancef our cross-

languageetrieval runswaslimited by the mary miss-
ing translationsof the querywords. The useof the
bilingual word dictionaryin additionto the keyword
dictionaryin querytranslationresultedin a moderate
increasen overallprecisionontheEnglishto Japanese
cross-languageetrieval subtask.On the multilingual
retrieval tasks,we presentecdh rank-baseddocument
polling strateyy for meiging monolingualretrieval re-
sultsto producea single ranked list of documentsn
Japanesand English. The resultson retrieval from
mixed documentcollection shows this simple docu-
mentcombiningstrateyy workedreasonablyvell.
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