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Abstract

Thispaperreportsontheworkof Berkeley groupat
the secondNTCIRworkshopon Japanese& English
IR and ChineseIR. A numberof runs were submit-
ted on all subtasksin the two main tasks. Our main
focus on the Japanesemonolingualsubtaskwas on
comparingthe retrieval effectivenessof different seg-
mentationmethods. The experimentalresultsshow
thebigramindexing outperformedtheword-basedin-
dexing in Japanesemonolingual retrieval. The bi-
gram indexing was also highly effective in Chinese
monolingualretrieval. This paperpresentsan alter-
nativesegmentationmethodthat 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 lexiconsfromparallel text by sentence
alignmentandword association.A purely rank-based
documentpolling strategy is presentedfor combining
monolingualretrieval resultsin multilingual retrieval.
Keywords: JapaneseIR, ChineseIR, Cross-language
IR, word segmentation,word alignment

1 Intr oduction

At the secondNTCIR workshop,Berkeley partici-
patedin theJapanese& EnglishInformationRetrieval
TaskandtheChineseInformationRetrieval Task. The
Japanese& English IR taskconsistsof six subtasks,
coveringJapaneseandEnglishmonolingualretrieval,
cross-languageretrieval betweenJapaneseand En-
glish, andmultilingual retrieval from mixedJapanese
and English documentcollection. The ChineseIR
taskhastwo subtasksinvolving Chinesemonolingual
retrieval and English-to-Chinesecross-languagere-
trieval. We submitteda numberof retrieval runs on
all subtasksin the two main tasks. And for all of
our retrieval runs, the sameretrieval algorithm was
used. Our main focus on the Japanesemonolingual
retrieval (i.e. the J-Jsubtask)wason comparingthe

retrieval effectivenessof differentsegmentationmeth-
ods.Theavailability of thepre-segmentedtestcollec-
tion enablesus to compareretrieval effectivenessof
word-basedindexing andbigramindexing in Japanese
monolingualretrieval while holdingotherfactorscon-
stant. A disadvantageof using bigram indexing is
that the index files aremuchlarger thanthe word in-
dex files generatedfrom thesamecollection.We pre-
sentedan alternative indexing techniquethat breaks
text into unigramsand bigramsthat do not overlap,
which overcomesthedisadvantageof producinglarge
index files by overlappingbigram indexing. For the
cross-languageretrieval betweenJapaneseand En-
glish, we createda bilingual keyword lexicon and a
bilingual word lexicon from the documentswith En-
glish translationsin the NTCIR-1 collection. These
two lexiconswereusedto translatethe Japanesetop-
icsinto Englishandviceversa.For themultilingualre-
trieval subtasks,wepresentedasimpleandrank-based
documentpolling strategy for combiningmonolingual
retrieval resultsto producea singlerankedlist of doc-
uments.

This work builds on our earlier work on full-
text monolingualandcross-languageinformation re-
trieval [6, 4, 3, 11], word segmentation[2], andword
alignment[5]. In next section,we will describethe
documentrankingformulausedin all of our retrieval
runs.

2 DocumentRanking

The documentranking formula we usedin all of
ourretrieval runswasBerkeley’sTREC-2formula[6].
The ad hoc retrieval resultson the TREC testcollec-
tions have shown that the formula is robust for long
queriesandmanuallyreformulatedqueries,andthere-
sultsof applyingthesameformulato theTREC-5Chi-
nesecollectionfurtherdemonstratedtherobustnessof
the formula [12]. The logoddsof relevanceof docu-
ment � to query � is givenby� �	��
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where =3>@?BA �DC5�FE is the probability of relevanceof
document � with respectto query � , =3> ?BA �GCH�IE
is the probability of irrelevanceof document� with
respectto query � . The four compositevariablesJLK C JBM C J,N , and

J3O
aredefinedasfollows:
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where c is the numberof matchingtermsbetween

a documentanda query, d4e�f9g is thewithin-queryfre-
quency of the h th matchingterm, ije�f'g is the within-
documentfrequency of the h th matchingterm, k5e�f9g
is the occurrencefrequency in a collectionof the h th
matchingterm, dml is querylength(numberof termsin
a query), inl is documentlength(numberof termsin a
document),and k	l is collectionlength,i.e. thenumber
of occurrencesof all termsin a testcollection.

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

 ����� �������o� ))+*,p	qnr:s�t�u�v�w8x y{z |+} (1)

The documentsare ranked in decreasingorder by
their relevanceprobability =3>@?BA �GC5�FE with respectto
a query. The ranking formula combinesa small set
of compositerelevanceclues which in turn are ex-
pressedin primitive relevancecluessuchasthenum-
ber of matching terms betweena documentand a
query, the within-documentterm frequency, the doc-
umentlength,thewithin-querytermfrequency, query
length, within-collection term frequency, and so on.
The coefficients were determinedby fitting training
datato thelogistic regressionmodelusingastatistical
softwarepackage.Wereferreadersto reference[6] for
moredetails.

3 ChineseIR Task

The ChineseIR task is concernedwith Chinese
monolingualretrieval and English-to-Chinesecross-
languageretrieval. Thetestcollectioncontains50top-
ics in Chineseandin Englishand132,173news arti-
cles from five newspaperspublishedin Taiwan. The
topics consistsof title, question, narrative, andcon-
ceptfields. Thetopicsarerich in conceptterms.The
numberof concepttermsin topicsrangesfrom 9 to 20
with anaverageof 15.46conceptterms.Weperformed
two Chinesemonolingualretrieval andoneEnglish-to-
Chinesecross-languageretrieval runs.

3.1 C-C Subtask

Thefocusof this substaskis theChinesemonolin-
gual retrieval. Sinceword boundariesarenot marked
in Chinesewritten text, somepreprocessingis needed
to breakChinesesentencesinto indexing terms,which
canbewords,singlecharacters,two-characters,andso
on. The processof splitting text into wordsis called
word segmentation. While breakingsentencesinto
wordsmaybenecessaryfor naturallanguageprocess-
ing and understandingtasks,such as part-of-speech
tagging,word sensedisambiguation,syntacticalpars-
ing, andthelike,wordsarenot theonly indexing unit
for thepurposeof informationretrievalwherethemain
concernis to retrieve from the documentcollection
thosedocumentsthat are most likely relevant in re-
sponseto a userquery. In practice,treatingtwo adja-
centcharactersasindexing termsis notonly simpleto
apply, but effective aswell. It maynot beefficient in
space,howeverit takesnoexternallinguisticresources
to index a collection.Thusthis approachcanberead-
ily appliedto documentsin any domain.Splitting text
into words often needsat leasta list of words. The
coverageof theword list canhavesignificanteffecton
theword segmentationresults.Thepropernounsand
domain-specificterminologicaltermsareproblematic
becauseoftenthey aremissingin dictionariesor word
lists usedto segment a collection. Our experience
with overlappingbigramindexing in bothChineseand
Japanesemonolingualretrieval is encouraging.Two
official runs,namedBrkly-CHIR-TI-01 andBrkly-CHIR-LO-

01, weresubmittedfor the Chinesemonolingualsub-
task.Thesetwo runsdiffer only in thenumberof topic
fields indexed in the topics. The Brkly-CHIR-TI-01 run
indexedthequestionfield only in the topic, while the
Brkly-CHIR-LO-01 run indexed all four topic fields: the
title, question, narrative, andconcepts. The overlap-
ping bigram indexing was applied to the topics and
the documentcollection. The averageprecisionval-
uesover50topicsarepresentedin table1. Theoverall
averageprecisionvaluesof Brkly-CHIR-LO-01 with re-
spectto therelaxedandrigid relevancejudgmentsets
are.7027and.6073,respectively. This run achieved
99.55%and 100% overall recall with respectto the
relaxed andrigit relevancejudgementsets. The high
averageprecisionmaybeattributedto the richnessin
concepttermsin theChinesetopics.

3.2 E-C Subtask

TheEnglish-to-ChineseIR subtaskis aboutsearch-
ing EnglishtopicsagainsttheChinesedocumentcol-
lection. Our approachis to translatethe Englishtop-
ics into Chineseby dictionary lookup. Thenwe per-
formed a monolingual retrieval with the automatic
Chinesetranslationsof theEnglishtopics.

Thetopicswereprocessedin 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-01 Q Title andText overlappingbigram 0.4758 0.3274

Table 1. This table sho ws the fields inde xed in topics and documents and the segmentation
methods used to break documents and topics into words.

taggedusing Brill’ s part-of-speechtagger[1]. Sec-
ond,nounphrasesareextractedfromthetaggedtopics.
Third, thesingle-word termsandphrasesarenormal-
ized using a morphologicalanalyzer. The following
text showsthetaggedtext of thequestionfield in topic
030.

To/TO retrieve/VB the/DT reasons/NNSand/CCsit-
uations/NNS of/IN widespread/JJof/IN the/DT in-
fectious/JJdiseases/NNScaused/VBNby/IN El/NNP
Nino/NNP./.

Eachword is followed by its part-of-speechtag. The
tagsNN andNNS representsingularnounsandplural
nouns,respectively; NNP representsthepropername,
and JJ representsadjective. Then the taggedtext is
passedto anounphraserecognizerfor nounphraseex-
traction. The recognizerdetectssimplenounphrases
basedon thepatternof thetags.Thenounphrasepat-
ternsweusedto extractnounphrasescanbeconcisely
specifiedin a three-stateautomatonasshown in Fig-
ure 1. The initial stateis 0 and the final stateis 2.
Any wordstaggedwith part-of-speechtagsNN, NNS,
NNP, NPandNPSarerepresentedby thelabelNOUN,
and words taggedwith JJ, JJR,and JJS,which are
the positive, comparative and superlative form of an
adjective, are representedby the label ADJ. Any se-
quenceof wordswhosepart-of-speechtagscompletes
a path from the initial stateto the final statewill be
extractedasa nounphrase,excludingthesingle-word
nouns. The noun phrasesextractedfrom the above
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Figure 1. An automaton for simple noun
phrase recognition

taggedtext are infectiousdiseasesandEl Nino. The
wordsappearingin thestoplistwereremovedandthen
theremainingsinglewordsandnounphrasesarenor-
malizedusingamorphologicalanalyzer[7], whichre-
ducesplural nounsto their singularform andverbsto
their baseform. Also, all wordsandphrasesarecon-
vertedto lowercase.Thenormalizedsinglewordsand

thesimplenounphrasesconstitutetheEnglishqueries
beforetranslation.

After thepreprocessingof theEnglishtopics,each
querynow consistsof 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
Consortium which can be downloaded from from
http://morph.ldc.upenn.edu/Projects/Chinese/.The
wordlistcontainssome128,000Chinesewords,paired
with equivalentEnglishwords.

For Brkly-ECIR-LO-01 run,aqueryterm(nounphrase
or singleword) was looked up in the LDC bilingual
wordlists. The top two Chinesetranslationequiva-
lentsthat occurmostfrequentlyin the testdocument
collectionwereretainedastranslationsfor anEnglish
termwhentherearemorethantwo translationsfor that
term. When therewas no exact matchfor a single-
word term, that term was not translated. However
for no exact matchfor a nounphrase,we proceeded
to matchthe sub-phrasesagainst the dictionaryuntil
therewere somematches. If all sub-phrasesmatch-
ing failed, we thensoughtout exact matchesfor the
componentwords in the phrase. For example, if a
three-word phrase~ K ~ M ~ N was missing in the dic-
tionary, we searchedthe sub-phrases~ K ~ M and ~ N ;
andif therewasno matchfor ~ K ~ M , we searched~ K
and ~ M ~ N in thedictionary. If noneof thesub-phrases
werefoundin thedictionary, we translatedthis phrase
word-by-wordby lookingupeachcomponentword in
thedictionary, andtook theChinesetranslationsof all
the componentwordsin the phraseasthe translation
of the phrase. We submittedone run namedBrkly-
ECIR-LO-01on this subtask.All contentfieldsin the
Englishtopicswereindexed.TheChinesetranslations
weresegmentedinto overlappingbigrams.Theover-
all averageprecisionwas .2195for the relaxed rele-
vancejudgmentand.1908for therigid relevancejudg-
ment. Therelatively poorperformancecanbemainly
attributedto thelimited coverageof thebilingual dic-
tionaryusedfor querytranslation.Many of thequery
termswerenot translatedbecausethey aremissingin
thebilingualdictionary.



4 Japanese& English IR

The Japanese& EnglishIR taskis madeup of six
subtasks,covering monolingual,cross-language,and
multilingual text retrieval. Thetestcollectioncontains
about736,000documentswhichareeitherabstractsof
conferencepapersor extendedsummariesof Grant-in-
Aid researchreport.Abouthalf of theabstractswritten
by the authorsof the conferencepapershave English
translationsalsoprovidedby theauthors.And abouta
quarterof theextendedsummariesof researchreports
have English translations. A typical documentcon-
tainstitle, author, abstract, keyword, nameof thecon-
ferencefields. Thekeywordsandtheir Englishtrans-
lationsareprovided by the authorsof the papers.A
set of 49 topics in Japaneseand in English are pro-
vided for thesesubtasks.A topic hasa title, descrip-
tion, narrative, andconceptfields. We will describe
our participationin eachof thesix subtasksin thefol-
lowing subsections.

4.1 J-J Subtask

The J-J subtaskconcernsJapanesemonolingual
retrieval where the provided Japanesetopics are
searchedagainsttheJapanesedocumentsonly. Like in
Chinese,wordboundariesin Japanesearenotmarked.
Thus,breakingsentencesinto wordsor otherindexing
units is neededin indexing. Our focusin this subtask
wasto comparetheeffectivenessof differentsegmen-
tation techniques.The availability of pre-segmented
copy of the testcollectionenablesus to do compari-
sonbetweenbigramindexing andword-basedindex-
ing. We submittedfive official runs for the J-J sub-
task namedas Brkly1, Brkly2, Brkly3, Brkly4, and
Brkly16, respectively. Thesefive runsrepresentfour
different segmentationtechniques. For the first two
runs,Brkly1 andBrkly2, overlappingbigramindexing
wasappliedto thetopicsanddocuments.TheBrkly3
run usedChasenmorphologicalanalyzerto segment
both the topics and the documentsinto words. The
Brkly4 appliedanon-overlappingbigramandunigram
indexing methodto segmentthetext. And theBrkly16
run used the pre-segmentedtopics and documents.
Only wordsin the pre-segmentedcollectionandtop-
ics wereincludedin indexing. Theaverageprecision
valuesfor the five monolingualruns with respectto
the first relevancejudgmentsetareshown in column
five in table2. The tablealsoshows whatfieldswere
indexed andwhat segmentationmethodwasusedfor
eachrun. All of our runswereproducedwithout rel-
evancefeedback. At the first NTCIR workshop,we
did notfind thehiragaracharactershelpful in Japanese
monolingualretrieval whenoverlappingbigramindex-
ing is applied[3]. For Brkly1 run, we discardedany
hiragaracharactersbeforegeneratingbigrams.

Although bigram indexing is effective, the disad-
vantageis thatthebigramindex filesareusuallymuch

largerthantheword indexesgeneratedfrom thesame
collection.Wepresentanindexing methodthatbreaks
text into unigramsand bigramsthat do not overlap.
Whenthe word length is limited to oneor two char-
acters,thenumberof possiblewaysto segmenta sen-
tenceof � charactersis given by the recurrencerela-
tion

R �����!� R ���{#�)���* R ����# 6 � , where
R ����� is thenum-

berof waystobreakasentenceof � charactersintoone
or two-characterwordsand

R ��2'�o�D29� R �@)��o��)H� R � 6 �+�6 . For example, a sentenceconsistingof three let-
ters can be split into non-overlappingunigramsand
bigramsin one of threeways: 1) � ��� W�� �8� � ��� , 2)� ��� W ��� � ��� , and3) � ��� W�� ���5��� . For a segmented
sentence����~ K ~ M��'�.� ~�� , theprobabilityof thesen-
tenceis computedasfollows: � � ���  ��� W ���+&<&�&@�8��� (2)�  ��� W �  ��� � �m&<&�&  ���%���!� ��U V!W  ���

U �
(3)

where ~�g is eithera unigramor a bigram. Herewe
assumethe wordsoccur independently. We compute
the probability of a sentencefor all possiblesegmen-
tations,thenwe choosethesegmentationof thehigh-
est probability. The probability of a unigramor bi-
gramis the maximumlikelihoodestimatein the test
document. The probability of a one-characterword
(i.e., unigram)is estimatedby  ���

U ��� S v�����}S , andthe
probability of a two-characterword (i.e., bigram) is
estimatedby  ���

U �+ H�
� S v����@�¢¡�}S , where
R ��� U � is the

numberof timesthatcharacter�
U
occurin thecorpus,R ��� U �+ H� is thenumberof timesthatstring �

U �+  occurs
in the corpusand

R
is the total numberof timesthat

all singlecharactertermsandall two-characterterms
occur in the corpus. When a sentenceis short, one
caneasilyenumerateall possiblewaysof segmenting
the sentenceandcomputetheir associatedprobabili-
ties,thenchoosethesegmentationof thehighestprob-
ability. But whena sentenceis long, the numberof
possiblesegmentationsis exponential,it is no longer
practicalto enumerateall possibleways of breaking
thesentenceandestimatetheirprobabilities.However
onecan apply a dynamicprogrammingtechniqueto
find out themostlikely segmentationefficiently with-
outcomputingtheprobabilitiesof all possiblesegmen-
tationsof a sentence.Thebestway of breakinga sen-
tenceof � characterscanbe recursively expressedas
follows: � � W z £ �!�G¤G¥ 0 �  � � W z £jq W �  ��� £ �¦�  � � W z £�q �H�  ��� £jq W � £ �@�
where � W z £ ��� W � � &<&�&�� £ and  � � W z £ � is themaximum
probability of segmentinga sentenceof � characters
into oneor two-characterwords. For Brkly4, we seg-
mentedthe topics and documentsinto unigramsand
bigrams that do not overlap with eachother. The
Chasenmorphologicalanalyzerwasusedto breakthe
topics and documentsinto single words for Brkly3.
Brly16 usedthepre-segmentedtopicsanddocuments,
but only thewordswereincludedin indexing.

Table 3 shows the pairwisecorrelationvaluesfor
four of theJ-Jrunsthatusedthetitle,description, nar-
rative, and conceptfields in the topics. The pair of
Brkly3 andBrkly16 hasthehighestcorrelationpartly
becauseboth runs were performedon a word-based
index. For Brkly3, the Chasenmorphologicalana-
lyzer was usedto segment the documentsand top-
ics while thepre-segmenteddatawasusedin Brkly16



RunID Topic Fields DocumentFields Topic/DocumentSegmentation Average
Indexed Indexed Method Precision

Brkly1 T,D,N,C T,A,K,P overlappingbigram 0.3602
Brkly2 D T,A,K,P overlappingbigram 0.2610
Brkly3 T,D,N,C T,A,K,P Chasenanalyzer 0.3372
Brkly4 T,D,N,C T,A,K,P non-overlappingunigramandbigrams 0.3287
Brkly16 T,D,N,C T,A,K,P pre-segmented 0.3377

Table 2. This table sho ws the fields inde xed in topics and documents and the segmentation
methods used to break documents and topics into words.

run. As weexpected,theBrkly1 runwasmoreclosely
correlatedwith Brkly4 thanwith Brkly3 andBrkly16
becausethe indexing termsare overlappingbigrams
for Brkly1 andarenon-overlappingunigramsandbi-
gramsfor Brkly4. Overall when the averageperfor-
manceover all automaticruns on this subtaskfrom
all participatinggroupswaspoor, the performanceof
our runs was also poor. Our J-J monolingualruns
achievedvery low precisionfor topics130,132,140,
and149. The performanceon thesefour topicswas
alsolow on the averageacrossall J-Jautomaticruns
from all groups. The overlappingbigram indexing
outperformedall other segmentationmethodsin our
experiments.It wasmuchmoreeffective thanword-
basedindexing on topics105,107,139,and146. For
example,theprecisionontopic146is .6386for Brkly1
which usedbigramindexing, while theprecisionval-
ues for the other three runs are .2637, 0.2990,and
0.2764,respectively on thesametopic.

Brkly1 Brkly3 Brkly4 Brkly16
Brkly1 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
Brkly16 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 theEnglishtopicswasindexed
for Brkly5, while the title, description, narrative, and
conceptfields were indexed for Brkly6. The En-
glish TITE, ABSE, KYWE, andPJNEfieldsin theEn-
glish documentswere indexed. In the preprocessing
step,the stopwordswere removed from indexing in
bothtopicsanddocuments,theremainingwordswere
changedto lower caseandwerereducedto their base
form. We usedanEnglishmorphologicalanalyzer[7]
to changethenounsin plural form into singularform,

verbsinto their infinitive form, andadjectivesto their
positive form. Again the sameretrieval formula was
appliedwithout relevancefeedback.Theoverall aver-
ageprecisionis .3542for Brkly5 and.2624for Brkly6
with respectto thefirst setof relevancejudgments.

4.3 J-E Subtask

Two official runs, namedBrkly7 and Brkly8 re-
spectively, weresubmittedon thisJapaneseto English
cross-languageretrieval subtask.Thebilinguallexicon
usedin thesetwo runswascreatedfrom the NTCIR-
1 documentcollection. Our approachto Japanese-
Englishcross-languageretrieval is to createabilingual
lexicon from the documentswith both Japaneseand
Englishkeywords,thenmappingeachJapanesequery
term to its English equivalent. The English transla-
tions of all the query termsin a Japanesequery are
searchedagainsttheEnglishcollection. Thuswe cre-
atedtwo bilingual lexiconsfrom the NTCIR-1 docu-
ment collection. The first one called bilingual key-
word lexiconwascreatedfromthekeywordsfieldonly,
while thesecondonecalledbilingualword lexiconwas
createdfrom the title andabstract fields in the docu-
mentsin NTCIR-1collection.

4.3.1 Bilingual Keyword Lexicon

Theexistenceof bothJapaneseandEnglishkeywords
in the NTCIR-1 documentcollection enablesus to
build a bilingual lexicon. Most of the documentsin
the NTCIR-1 collectionhave both JapaneseandEn-
glish keywordsassignedby theauthorsof thepapers.
TheJapanesekeywordsin theKYWDfield andtheEn-
glish keywordsin theKYWEfield areseparatedby two
slashcharacters,makingit easyto extractthem.

Our bilingual lexicon was constructedfrom the
JapaneseandEnglishkeyword fields (i.e., the KYWE
andKYWDfields) in theNTCIR-1 collectionby pair-
ing theJapanesekeywordswith theEnglishkeywords
in the order they occur in the documents. That is,
thefirst Japanesekeyword is pairedwith thefirst En-
glish keyword in the samedocument,andthe second
Japanesekeyword is pairedwith the secondEnglish
keyword in thesamedocument,andsoon. This pair-



ing processterminateswheneitheroneof thekeyword
fields(KYWD andKYWE) is exhausted.

All of the Japanese/Englishkeyword pairs are
collected from the NTCIR-1 collection. The re-
sulting bilingual lexicon consistsof all the unique
Japanese/Englishkeywordpairs,eachpairbeingasso-
ciatedwith thenumberof occurrencesin theNTCIR-1
collection.

When we paired the Japanesekeywords with the
English keywords in the samedocument,we were
awareof theproblemsthatthetranslationsof Japanese
keywords may not be consistentand complete,that
theEnglishtranslationsandtheoriginalJapanesekey-
wordsin thesamedocumentmaynotbealignedprop-
erly andthat theform of theEnglishtranslationsmay
notbenormalized.For example,thewordsin thesame
English keyword is connectedwith hyphen in some
cases,but not in other cases.Someof the Japanese
keywordshavemorethanoneEnglishtranslationsbe-
causeof inconsistency in translationof the the same
terminologyandmisspellingsin English.

4.3.2 Bilingual Word Lexicon

The secondbilingual dictionarywe createdfrom the
NTCIR-1 collectionis basedon wordsco-occurrence
in the collectionby first aligning the text at the sen-
tencelevel. For eachdocumentwith English trans-
lation, the abstractsin both EnglishandJapaneseare
split into sentences.It is simpleto breakJapaneseab-
stractsinto sentencessincethereis a uniquepunctu-
ation mark for sentenceendingin Japanese,while it
is more difficult to breakEnglish abstractsinto sen-
tences.Sincethe Japanesetitle andEnglish title are
markedin thesourcedocuments,eachtitle in Japanese
and its English translationare paired. For the ab-
stracts,we usedGale and Church’s program[10] to
alignJapanesesentenceswith Englishsentences.Gale
andChurch’s methodis basedon a simplestatistical
modelof sentencelengthmeasuredin termsof charac-
ters. This methodusesthe fact that long sentencesin
a sourcelanguagetendto betranslatedinto long sen-
tencesin thetarget languageandshortsentencestend
to be translatedinto shortsentences.Even thoughit
wasoriginally developedto align EnglishandFrench
sentencesbasedon sentencelength in characters,we
usedtheprogramwithoutchangingthemodelparame-
tersto alignJapaneseandEnglishsentences.Themain
differencesarethatwe measuredthesentencelengths
in termsof bytesand that the blank spacesbetween
Englishwordswithin a sentencearealsocounted.In
thetestcollection,a Japanesecharacteris represented
in two bytes,whereasan English characteris repre-
sentedin onebyte. We generatedabout959,000pairs
of JapaneseandEnglishsentencesby aligningthesen-
tencesin title andabstractfieldsin thedocumentswith
Englishtranslations.

The Japanesesentencesaresegmentedinto words
using a Japanesewordlist. If the English word ’E’
is a translationof the Japaneseword ’J’, then one
would expect that when the Japaneseword ’J’ is
presentin a Japanesesentence,its English transla-
tion ’E’ would alsoappearin the pairedEnglishsen-
tence.A numberof staticalmeasures,suchasmutual
information, likelihood ratio test-based[9, 8], have
been developed to computethe associationsignifi-
cancebetweentwo events.We usedthelikelihoodra-
tio test-basedmeasuredevelopedby Dunning [8] to
computethe associationstrengthbetweena pair of
Japanese/Englishwords. Fromthealignedsentences,
we constructeda contingency table for every pair of
Japanese/Englishwords as shown in table 4. where

Japaneseword
Englishword a b

c d

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

§ is the numberof alignedsentencescontainingthe
pair of Japanese/Englishwords; ¨ is the numberof
alignedsentencescontainingtheEnglishword,but not
the Japaneseword; k is the numberof alignedsen-
tencescontainingthe Japaneseword, but not the En-
glish word; and i is the numberof alignedsentences
containingnoneof thewordpair.

Theassociationscorebetweena Japaneseword ‘J’
andanEnglishword ‘E’ is computedasfollows [8]© >�ª!C�«¬E­� ®!¯ l±°9²n³�>�´ K C § C §¶µ ¨'E µ l±°9²n³�>�´ M C�k4C5k µ i�E�·l±°9²n³�>�´%C § C §¶µ ¨.E�·�l±°9²n³�>�´%C�k¸C�k µ i�E¦¹
where

l±°9²n³�>�´ºC��{CH»�E"�¼»nl±°9²+>�´8E µ >@�½·¾»�E�l±°9²+>�¿�·L´�E
and́

K � ÀÀ'Á�Â , ´ M � ÃÃ�Á�Ä , and́½� À'Á�ÃÀ9Á�Â�Á�Ã�Á1Ä .

A total of 310,794Japaneseindexing terms and
278,800English indexing terms(words)weregener-
atedfrom the parallelcorpusof some187,000docu-
mentsin theNTCIR-1collection.

4.3.3 Query Translation

A simple methodof translatingqueriesinto the tar-
getlanguageis lookingupeachsourcelanguagequery
word in a bilingual dictionarywhensucha dictionary
is available. The translationsfor all sourcelanguage
query words can be combinedto form the query to
submitto thedocumentcollectionin target language.
In generalsuch resourcesare not readily available,



andevenif a generalbilingual dictionaryis available,
its coverageon domain-specificterminologicalterms
maybevery limited. An alternativemethodof finding
translationequivalentsis to createa bilingual lexicon
from parallelcorporawhenthey areavailable. Then
the bilingual lexicon can be usedto look up source
languagequeryterms.

Our method of translatingJapanesequeriesinto
English was to utilize the bilingual lexicons we had
createdfrom the NTCIR-1 collection. In translating
Japanesequeriesinto English, we first segment the
queriesinto wordsusingthedictionary-basedlongest-
matchingtechnique. Then for eachJapaneseword,
themostfrequentEnglishtranslationis retainedasthe
translation.

For Brkly7 and Brkly8 runs, we used only the
bilingual keyword lexicon for querytranslation.The
Japanesetopics were segmentedinto words first us-
ing longest-matchingmethod. The individual words
were then looked up in the bilingual keyword lexi-
con. The English translationwith the highestoccur-
rencefrequency was chosenas the translationof a
Japaneseword. Theoverall averageprecisionis .2640
for Brkly7 and.2129for Brkly8 usingthe first setof
relevancejudgment.

4.4 E-J Subtask

TheEnglishtopicswereprocessedin thesameway
as the English topics in English-to-Chinesesubtask.
First, the English topics were taggedwith part-of-
speech.Second,simplenounphraseswereextracted
basedon predefinedpatternsof part-of-speechtags.
We submittedthree runs, namedBrkly9, Brkly10,
andBrkly11, respectively, on thisEnglish-to-Japanese
cross-languageretrieval. For Brkly10 run,only thede-
scription field wasused.The othertwo runsindexed
thetitle, description, narrative, andconceptfields.For
Brkly9, thesameJapanese/Englishbilingual keyword
lexiconcreatedfrom thekeywordfieldsin theNTCIR-
1 collectionwasusedto translateEnglishphrasesand
words in the query into Japanese.For Brkly11, the
missingwords in the bilingual keyword lexicon were
lookedup in thebilingual word lexicon. The lastcol-
umn in table 5 shows the averageprecisionfor the
threeEnglish-to-Japaneseretrieval runs. The overall
precisionwasimprovedmoderatelyasa resultof bet-
ter coveragewhenboth the keyword lexicon andthe
word lexicon were usedin query translationfor the
Brkly11 run.

4.5 J-JE Subtask

The J-JEsubtaskinvolvessearchingJapanesetop-
ics againsta collectioncomprisedof mixed Japanese
andEnglishdocuments.The Englishdocumentsare
translationsof theJapanesedocumentsandthenumber

of documentsin Japaneseandin Englishis abouttwo
to one.In general,onecouldapproachthisproblemin
oneof two ways:combiningmonolingualretrieval re-
sultsor combiningqueriesin all documentlanguages.
The first step in both approachesis to translatethe
queriesfrom thesourcelanguageto all documentlan-
guages. In this subtask,one needsonly to translate
the Japanesetopics into English. With the first ap-
proach,a monolingualrun is performedfor eachdoc-
umentlanguage. Then the monolingualretrieval re-
sults are combinedto producea final ranked list of
documents.With thesecondapproach,thequeriesin
all documentlanguagesarecombinedfirst. Thenthe
pooledqueriesaresearchedagainst the mixed docu-
mentcollection.Wetook thefirst approachto theJ-JE
subtask.Thatis, wefirst translatedtheJapanesetopics
into English.We thenperformedoneJapanesemono-
lingual retrieval run using the subsetof the Japanese
documentswhichwastheBrkly3 run;andoneEnglish
monolingualrunusingthesubsetof theEnglishdocu-
mentswhichwastheBrkly7 run. And finally wecom-
bined thesetwo monolingualretrieval resultsto pro-
ducethefinal ranked list of documents.Our combin-
ing strategy is rathersimpleandis purelyrank-based.
It is basedon the observationsthat the Englishdocu-
mentsaretranslationsof theJapanesedocumentsand
thenumberof documentsin Japaneseandin Englishis
approximatelytwo to one. Onewould expectthat the
numberof relevantJapanesedocumentsshouldbealso
approximatelytwice the numberof relevant English
documentsfor a topic. The final ranked list of doc-
umentsfor Brkly12 run wasproducedby merging the
monolingualJapaneseretrieval resultandthemonolin-
gualEnglishretrieval resultin two to oneasillustrated
in table 6. We submittedtwo official runs, named

Rank Brkly3 Brkly7 Brkly12
1 J1 E1 J1
2 J2 E2 J2
3 J3 E3 E1
4 J4 E4 J3
5 J5 E5 J4
6 J6 E6 E2
... ... ... ...

Table 6. Document polling strategy .

Brkly12 andBrkly13, on this subtask. The Brkly12
was producedby merging the Japanesemonolingual
run Brkly3 andthe Englishmonolingualrun Brkly7.
Thefinal rankedlist of documentsfor Brkly13 runwas
generatedin thesamewayasfor Brkly12 runby merg-
ing theJapanesemonolingualrun Brkly2 andtheEn-
glish monolingualrun Brkly8. Theaverageprecision
valuesfor Brkly12 andBrkly13 are.2915and.2211,
respectively, with respectto the first setof relevance
judgment.



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

Brkly9 T,D,N,C T,A,K,P Longestmatching keyworddictionary 0.2389
Brkly10 D T,A,K,P Longestmatching keyworddictionary 0.1489
Brkly11 T,D,N,C T,A,K,P Longestmatching keywordandworddictionaries 0.2544

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

4.6 E-JE Subtask

TheE-JEsubtaskis similar to theJ-JEsubtaskex-
ceptthat the topicsarein English. We took thesame
approachto this subtask.First, we translatedthe En-
glishtopicsinto Japanese.Second,oneEnglishmono-
lingual retrieval runandoneJapanesemonolingualre-
trieval run wereperformed.Finally, the monolingual
retrieval resultsweremergedinto onefinal rankedlist
of documents.A smallchangein thedocumentpolling
strategy is that we put the English documentbefore
theJapanesedocumentseachtime whentake oneEn-
glish documentandtwo Japanesedocumentsfrom the
monolingualretrieval resultsas illustratedin table7.
Theratioof thenumberof documentsin Japaneseand
in Englishis kepttwo to one.Two official runs,named

Rank Brkly5 Brkly9 Brkly14
1 J1 E1 E1
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 .

Brkly14 andBrkly15, weresubmittedon this subtask.
TheBrkly14 wasthe resultof combiningtheEnglish
monolingualrunBrkly5 andtheJapanesemonolingual
run Brkly9. And Brkly15 wasgeneratedby merging
theEnglishmonolingualrun Brkly6 andtheJapanese
monolingualrun Brkly10. Theaverageprecisionval-
ueswith respectto thefirst setof relevancejudgment
are.2455and.1570,respectively.

5 Concluding Remarks

Theoverall precisionon thelong andshortqueries
in theChinesemonolingualsubtaskdemonstratedthe
effectivenessof the bigram indexing in Chinesein-
formation retrieval. The resultson Japanesemono-
lingual retrieval show that bigram indexing outper-
formedword indexing. Theperformanceof ourcross-

languageretrieval runswaslimited by themany miss-
ing translationsof the query words. The useof the
bilingual word dictionary in addition to the keyword
dictionaryin querytranslationresultedin a moderate
increasein overallprecisionontheEnglishtoJapanese
cross-languageretrieval subtask.On the multilingual
retrieval tasks,we presenteda rank-baseddocument
polling strategy for merging monolingualretrieval re-
sults to producea single ranked list of documentsin
Japaneseand English. The resultson retrieval from
mixed documentcollection shows this simple docu-
mentcombiningstrategy workedreasonablywell.
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