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Abstract

We carried out a comparisonof cross-languagere-
trieval methodson theNTCIR-1databasedondimen-
sionreduction(latentsemanticindexing). Thesemeth-
odsall usea collectionparallel documents(transla-
tions or approximatetranslations)and very little, if
any, linguistic knowledge. In NTCIR-1,wecompared
latent semanticindexing, local LSI, and approximate
dimensionalequalization(ADE). We foundthat local
LSIandADEperformedthebestonthiscollectionand
were comparable to the bestperformingsystemsre-
portedelsewhere. We also ran ADE on the NTCIR-2
andfoundit faredconsiderably lesswell.
Keywords: Cross-languageretrieval,approximatedi-
mensionequalization,latent semanticindexing, local
LSI.

1 Intr oduction

Cross-languageinformationretrieval (CLIR) is the
problemof usingad-hocqueriesin onelanguageto re-
trieve documentsin anotherlanguage.Its importance
hasincreasedenormouslyin recentyearsbecausethe
information super-highway is reachablefrom virtu-
ally all over the world. The key to enableretrieval
of documentsin a languagedifferentfrom thatof the
queriesis to establishword associationsacrossthose
languages.Corpus-basedIR systemsachieve this by
learning from bilingual parallel corpora,wherecor-
respondingdocumentsin two collectionsare transla-
tionsof eachotheror areon thesameor relatedsub-
jects.Vector-baseddimension-reductionmethodsrep-
resentparallel documentsas vectorsin high dimen-
sionalspaceand“translate”wordsfrom onelanguage
into anotherby performingmatrix computations.The
advantageof thesemethodsover otherssuchas ma-
chinetranslationis that they uselittle, if any, linguis-
tic knowledge. In our experiments,we comparedla-
tentsemanticindexing (LSI), approximatedimension
equalization(ADE), andlocal LSI on NTCIR-1 data.
Our resultssubmittedto NTCIR-2wereobtainedwith

ADE.

2 Retrieval Methods

We compareda numberof different vector-based
retrieval methods,describedin this section.

2.1 Latent SemanticIndexing

Whenusingtheoriginalmonolinguallatentseman-
tic indexing (LSI) [3], wefirst createaterm–document
matrix � from thetrainingcorpusin thesameway as
in the vectorspacemodel[12]. We thenusesingular
valuedecomposition(SVD) [5] to factor � into three
parts�������	��
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the right singular vectors of � , � is a diagonalma-
trix whosediagonalelementsarenon-negativeandar-
rangedin descendingorder, and* is therankof � . The
values� � �������+���  areknown asthesingularvaluesof� , andarethesquarerootsof theeigenvaluesof � 
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We call �,1 the reduced-dimensionalform of � . The
LSI retrieval formulais then6 �87 LSI-ML ��9!�;:�"&�<��� 
1>=9?"A@B�C� 
 1 =:D"E� (1)

where
6 �F7HGI�C9���:�" representsthesimilarity betweena

documentanda query, =9 is the vector representation
of document9 , and =: is the vector representationof
document: .

Extendingthe ideaof LSI into cross-languagere-
trieval,wecomputetheSVDsof thematrices� and J
of theparalleltrainingcorpora,andusetheir reduced-
dimensionalform:6 �87 LSI-CL �C9���:�"&�K�C�L
1 =9?"D@4�CJM
1 =:D"E�



Note
N

that this formulationis differentfrom the origi-
nal cross-languageLSI formulationby Landauerand
Littman [8]. Their cross-languageLSI formula uses
a trainingmatrix computedfrom thematrix thatcom-
binesaligneddocumentsfrom both training corpora
into singledocuments:O �JQP 1 ���DRTS&U 1��VRTS3U 15�%
RTS&U 1 �
Comparedto this traditional applicationof LSI, our
approachcomputestwo separateSVDsof smallerma-
trices. This is certainly more useful when the com-
binedmatrixbecomestoo largeto analyzevia SVD.

2.2 GeneralizedVector SpaceMethod

Thegeneralizedvectorspacemodel(GVSM) [14],
also known as “the dual space”approach[13], is a
methodthatcapturesterm–termcorrelationsfrom the
documents(or matchingdocumentpairs,in thecaseof
cross-languageretrieval) they co-occurin. Matching
the vectorelementsin =9 androws of � by the terms
they represent,� 
 =9 transforms =9 into a new vector
whoseelementscorrespondto the W documentsin the
training collection. The query vector =: can also be
transformedby � in thesameway. Then,thequery–
documentsimilarity is measuredbetweenthe trans-
formedvectors:6 �87 GVSM-ML ��9!�;:�"&�K��� 
 =9?"X@Y�C� 
 =:D"3� =9 
 �,� 
 =:Z�
wherethe []\^[ matrix �L� 
 hasa nonzerovaluein
its row _ andcolumn ` if andonly if thereis a docu-
mentin � thatcontainsboththe _ -th and̀ -th terms.

Theextensionof GVSM to cross-languageIR was
proposedby Yangetal. [16]. Usingabilingualcollec-
tion for training, two matrices � and J are formed,
where � is a term–documenttraining matrix in the
languageof the retrieval documents,and J is a par-
allel term–documenttraining matrix in the language
of the queries.While the numberof uniquetermsin
the two languagesaredifferent,the numberof docu-
mentsin the training collection is the same,andare
representedby the correspondingcolumnsof � andJ . Thus,whendocument =9 is transformedby � and
query =: by J , wecancomputetheir innerproduct:6 �87 GVSM-CL �C9���:�"?�<�C� 
 =9V"A@B��J 
 =:A"3� =9 
 �,J 
 =:Z�
2.3 ApproximateDimensionEqualization

Approximatedimensionequalization(ADE) [7] is
anew methodthatmimicstheeffectof LSI with fewer
computedsingularvectors(i.e., a smaller - in Equa-
tion 1). This approximationalgorithmis basedon the
consistentpatternobservedfrom thedistributionplots
of singularvaluesof many text collections—thatthe

first few decreasesharplyin magnitudeandthe mid-
dle majority stayrelatively flat beforea final drop. It
turnsout thatwe cantake advantageof this so-called
low-rank-plus-shiftstructureof the documentmatrix
anduseSVD andsomematrix computationsto create
anew trainingmatrix a�b1 :a�,12�dc�,1Iegf� 1 �/h)f� 1 �,1Z�
where c� 1 is a matrix formedby theleft andright sin-
gularvectorsof � without themiddlesingularvalues:c� 1 ��� 1 �%
1 �
and ��1 is the - -th singularvaluesof � . A detailed
mathematicalanalysisof ADE andits trainingmatrix
is givenelsewhere[7], which we will not repeathere.
But, thebasicideaof this a�b1 matrix is thatit it flattens
out thefirst - very largesingularvaluesin theoriginal
matrix � , thusmakingitself to belike � 1Ei with avery
large -�jTk2k/- .

ADE’s monolingual and cross-languageretrieval
formulae are similar to thoseof LSI except for the
trainingmatrix (matrices):6 �87 ADE-ML �C9���:�"&�K�la� 
 1 =9?"D@4�Aa� 
 1 =:D"E�6 �F7 ADE-CL �C9���:�"&�K�Aa�,
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Experimentally, ADE have beenshown to improve
on LSI andinch closeto VSM every time with a lim-
ited numberof dimensions.ADE becomesespecially
useful in cross-languageretrieval, whereVSM is not
applicable;it obtainsstate-of-the-artresultson some
of thestandardtestcollections[7].

2.4 Local LSI

Local LSI [6] is a powerful methodthat combines
a samplingapproachto reducingtheexpenseof SVD
computationin LSI andtheeffectivenessof local feed-
back approaches[15]. Local feedbackis an auto-
matedversionof the relevancefeedback method[10],
wherein the top-ranked documentsfrom an initial
query-documentmatchare“added” to the queryvec-
tor for furtherretrieval. Basically, for eachquery, this
methodselectsthetop-rankeddocumentsfrom anini-
tial retrieval, computesthe SVD spaceof this “fo-
cused”samplecollection,andrunsthe retrieval again
with the querymappedin the new space.For cross-
languageretrieval,wesimplyrunthequeryagainstthe
trainingcollection,andthetop-rankedparalleltraining
documentswill be usedfor SVD computation.Note
that the initial retrieval step is monolingualand can
beachievedwith any known retrieval method.In our
experiments,we usedthe simplestandmostefficient
method:VSM.

In local feedbackapproaches,oneof the most im-
portantissuesis to figureout thenumberof top-ranked



documents
n

to beusedfor feedback,becausesometop-
rankeddocumentsmaynot be truly relevantandthus
provide a negative effect in further retrieval. The lo-
cal LSI approachdealsawaywith this problem:it lets
SVD to figureout therelevanceof thetermsanddoc-
umentsin thefeedbackcollection,bethey positive or
negative.

3 Results

Weusedthe332,918-documentJapanesecollection
(“ntc1-j1”) and187,080-documentEnglishcollection
(“ntc1-e1”) for our cross-languageexperiments. We
usedboth the 30 training and the 53 test topics and
bothtypesof relevancejudgments(“rel1” and“rel2”)
to demonstrateconsistency in our resultsandsimplify
comparisonwith publishedresults.

In processingthedocumentsin bothlanguages,we
extractedthe text from the title, abstract,and key-
word fields. The English documentswere stemmed
andstop-word removed throughthe SMART system,
whichresultedin 208,276uniqueterms.TheJapanese
text is codedin EUC,or ExtendedUNIX Code,which
representseachcharacterin Japaneseby two bytes.
To processthe Japanesedocumentswith our pro-
grams that handle only ASCII characters,we con-
vertedeachtwo-byteJapanesecharacterinto a four-
character“word” in ASCII. With nostemmingor stop-
word removal, the convertedJapanesecollectionhas
130,777unique“words.” We then indexed both col-
lectionswith theSMART Lnuweighting:f epo8q4�r�ts u�"f evoFqB���C�xwZ�ys ur" \z� f � {bh slope"V\ pivot e

slope \ # of uniqueterms�
where s u is termfrequency, slopeis someconstant(we
setit to 0.2),andpivot is theaveragenumberof unique
termsacrosstheentirecollection[1].

For the topics, we extractedthe title, description,
narrative, andconceptfields to form the queries.We
discardedtheconceptwordsin Englishandacronyms
fromtopics0031–0083asthey containsbothJapanese,
English, and acronym conceptfields. The Japanese
querieswere also converted into ASCII; they were
thenindexedwith SMART ltn weighting:� f evo8|m�ts u�"�"	\}oFqB��~ W�e f� ud� �
where W is thenumberof documentsin thecollection
and

� u is thedocumentfrequency of theterm.
We extractedparalleldocumentsfrom the J andE

collectionsfor training. Matching documentswere
identifiedby thesamedocumentID numbersat thebe-
ginningof a JapaneseandanEnglishdocument.The
resultingparallelcollectionshave 181,485documents

in eachlanguage,closeto thesizeof thentc1-e1col-
lection. We usedonly one-fourth,or 45,372docu-
ments,of theparallelcorporafor actualLSI andADE
training. We thenappliedthe SMART ntc weighting
onthetrainingcorpora,whichwaseffectivein ourpre-
viousexperimentson othercollections:s u�\}o8q4� ~ WHe f� u��
is the“nt” part,and“c” meanstheabovevaluewill be
normalizedby thedocumentlengthfor eachterm.

The matricescreatedhave 33,553Japaneseterms
and84,554English terms. It took an SGI computer
with four MIPS R100002.5 processorsand 2 giga-
bytes of RAM approximately9.5 hours to compute
1,400SVD dimensions(4% of the full dimensional-
ity and85% of the total variance)from the matrix of
Japanesedocuments,and13 hoursto compute1,200
dimensions(3%of thefull dimensionalityand54%of
thetotal variance)from thematrix of theEnglishcol-
lection.

For local LSI, we usedtop-50documentsreturned
from initial VSM retrieval in monolingualruns, and
setthefeedbacksizeto 100in cross-languageruns.

3.1 NTCIR-1

Theresultsof monolingualandcross-languageLSI,
ADE, andlocalLSI retrieval areshown in Table1.

Themonolingualresultsareindicativeof whateach
methodis capableof: while LSI is not as effective
asVSM when the collection size is large due to the
limited dimension,ADE closesthegapbetweenthem
with the samenumberof computeddimensions;the
performanceimprovementof localLSI overVSM was
notall thatgreat,but thisis consistentwith thefindings
of Sakaietal. [11] onusinglocalfeedbackonthesame
collection.

In cross-languageretrieval, it is clearthatlocal LSI
appearsto greatlyoutperformothertwo methods.We
werealsoveryinterestedin theresultsof ADE in com-
parisonwith otherpublishedresultsthatusedlanguage
specifictools suchasa bilingual dictionaryor a ma-
chinetranslationsystem.Here,we take a closerlook.
OardandWang[9] from the University of Maryland
usedthefreelyavailable“edict” Japanese/Englishdic-
tionary to automaticallytranslatethe queriesandob-
tainedan averageprecisionof 0.1534(comparedto
ADE’s scoreof 0.1703)for the 39 test querieswith
the sameextractedtopic fields as ours. Resultsby
Sakaiet al. [11] at ToshibaR&D Center—“Toshiba”
in Table1—are0.2910in 11-pointaverageprecision
for the 21 training queriesand0.1820for the 39 test
oneswith an automaticmachinetranslationsystem.
While their scoresarehigherthanours(0.1734in 11-
point averageprecision)for thetrainingqueries,their
testqueryresultsareactuallylower thanthe11-point



topic0001–0030 topic0031–0083
rel1 rel2 rel1 rel2

VSM AvgP 0.3452 0.3295 0.2601 0.2870
MLIR LSI AvgP 0.2555 0.2569 0.2413 0.2702

ADE AvgP 0.2807 0.2795 0.2576 0.2874
LocalLSI AvgP 0.3530 0.3315 0.2643 0.2923

LSI AvgP 0.1327 0.1375 0.1162 0.1322
CLIR ADE AvgP 0.1554 0.1606 0.1703 0.1898

11ptAP 0.1734 0.1783 0.1870 0.2043
LocalLSI AvgP 0.2620 0.2581 0.2383 0.2568

UMD AvgP – – 0.1534 –
CLIR Toshiba 11ptAP 0.2910 – 0.1820 –

Published ULIS 11ptAP – 0.1930 – –
Berkeley AvgP – – – 0.1925

Table 1. Monolingual and cross-langua ge results of VSM, LSI, ADE, and local LSI on the
NTCIR-1 collection

averageprecisionof 0.1870 that we obtainedfrom
ADE. This may be partially dueto the fact that they
tunedthedictionaryof their MT systemfor the train-
ing queriesby addingnew phrasesinto it. Fujii and
Tetsuya[4] at the Universityof Library andInforma-
tion Sciencein Japanuseda compoundword trans-
lation methodwith a bilingual dictionaryon NTCIR-
1. They achieved an 11-point averageprecisionof
0.1930with thefirst 21 queriesand“rel2” judgments
(shown in therow labeled“ULIS” in Table1). Our re-
sult of 0.1783is obtainedwith similar settingsexcept
for the topic fields being usedfor query—they used
only the description. Finally, oneof the bestsetsof
resultsreportedin theFirst NTCIR Workshopwasby
Chenet al. [2]. With non-interpolatedaveragepreci-
sionsas high as 0.3755for the 39 test queries,they
achievedtheir resultswith abilingual lexicon thatwas
built from aligningandmatchingJapaneseandEnglish
keywordfieldsin NACSISdocuments.TheirpureMT-
basedrunhadanaverageprecisionof 0.1925with rel2
judgmentson the39 testtopics(shown in the row la-
beled“Berkeley” in Table1); our result at 0.1898is
closewith similar fields selectedfrom the topicsand
thedocumentsfor indexing.

In summary, all thepublishedresultsdiscussedhere
wereobtainedwith the incorporationof certaintype
of language-specificknowledge;for example,theabil-
ity to performword segmentationon Japanesequeries
is neededfor themachinetranslationsystemto work.
On thecontrary, we accomplishedcomparableresults
with ADE merely by unigramindexing; this clearly
demonstratestheability of ADE, or if possible,ahigh-
dimensionLSI, to derive termassociationsandtrans-
lationsfrom bilingual corpora.

rel1 rel2
J to E 0.0724 0.0686
E to J 0.0829 0.0773

Table 2. Cross-langua ge results of ADE
at NTCIR-2.

3.2 NTCIR-2

For NTCIR-2, we participatedin the cross-lingual
IR tasksE-J and J-E. The retrieval collection con-
sistsof fourcollections—ntc2-e0g,ntc2-e0k,ntc2-j0g,
ntc2-j0k—in additionto ntc1-j1 andntc1-e1. Due to
timeconstraints,wedid notextractparalleldocuments
from the new collectionsfor LSI and ADE training;
we still usedthose45,372parallelonesasdescribed
above. The documentswere tokenizedin the same
way asin NTCIR-1,andwe usedthedescriptionfield
of thetopicsto form thequeries.

Our resultsin NTCIR-2 arenot asgoodaswe had
hoped,as shown in Table 2. This could be because
of thesmallernumberof fieldsusedin queries,a mis-
matchbetweenthe parallel documentsderived from
the NTCIR-1 collectionandthe NTCIR-2 corpus,or
someother possibility we have not yet beenable to
identify.

4 Conclusion

ThroughNTCIR, we have gainedvaluableexperi-
encein cross-languageretrieval betweenEnglishand
Japanese.We were encouragedby the performance
of ADE andlocal LSI in NTCIR-1 anddisappointed
in ADE’s performancein NTCIR-2. A moresystem-
atic comparison,includingtestingmethodsotherthan
ADE, on theNTCIR-2collectionis warranted.



Refer� ences

[1] C. Buckley, A. Singhal,andM. Mitra. New retrieval
approachesusing SMART: TREC 4. In D. K. Har-
man,editor, Proceedingsof FourthTextRetrieval Con-
ference(TREC-4), pages25–43.Departmentof Com-
merce,National Institute of Standardsand Technol-
ogy, 1996.

[2] A. Chen, F. C. Gey, K. Kishida, H. Jiang, and
Q. Liang. Comparingmultiple methodsfor Japanese
andJapanese-Englishtext retrieval. In Proceedingsof
the First NTCIR Workshopon Research in Japanese
Text Retrieval and Term Recognition, pages49–58.
National Center for Science Information Systems,
Tokyo, Japan,1999.

[3] S.Deerwester, S.T. Dumais,G. W. Furnas,T. K. Lan-
dauer, andR. A. Harshman. Indexing by LatentSe-
manticAnalysis. Journal of theAmericanSocietyfor
InformationScience, 41(6):391–407,1990.

[4] A. Fujii and T. Ishikawa. Cross-languageinforma-
tion retrieval for technicaldocuments. In Proceed-
ingsof theJoint ACL SIGDAT Conferenceon Empiri-
cal Methodsin Natural LanguageProcessingandVery
Large Corpora (EMNLP/VLC-99), pages29–37.As-
sociationfor ComputationalLinguistics,1999.

[5] G. H. Golub andC. F. Van Loan. Matrix Computa-
tions. TheJohnsHopkinsUniversityPress,Baltimore,
Maryland,2ndedition,1989.

[6] D. Hull. Improving text retrieval for theroutingprob-
lem using latent semanticindexing. In Proceedings
of the SeventeenthAnnual InternationalACM SIGIR
ConferenceonResearch andDevelopmentin Informa-
tion Retrieval, Routing,pages282–291,1994.

[7] F. JiangandM. L. Littman. Approximatedimension
equalizationin vector-basedinformationretrieval. In
P. Langley, editor, Proceedingsof theSeventeenthIn-
ternational Conferenceon Machine Learning, pages
423–430,SanFrancisco,2000.MorganKaufmann.

[8] T. K. LandauerandM. L. Littman. Fully automatic
cross-languagedocumentretrieval usinglatentseman-
tic indexing. In Proceedingsof theSixthAnnualCon-
ferenceof theUW Centre for theNew Oxford English
Dictionary andText Research, pages31–38,Waterloo
Ontario,October1990.

[9] D. W. OardandJ. Wang. NTCIR CLIR experiments
at theUniversity of Maryland. In Proceedingsof the
First NTCIRWorkshopon Research in JapaneseText
Retrieval andTermRecognition, pages157–162.Na-
tionalCenterfor ScienceInformationSystems,Tokyo,
Japan,1999.

[10] J. J. Rocchio. Relevancefeedbackin informationre-
treival. In G.Salton,editor, TheSMARTRetrieval Sys-
tem: Experimentsin AutomaticDocumentRetrieval,
pages313–323.PrenticeHall, EnglewoodClif fs, New
Jersey, 1971.

[11] T. Sakai,Y. Shibazaki,M. Suzuki,M. Kajiura,T. Man-
abe,andK. Sumita. Cross-languageinformation re-
trieval for NTCIR at Toshiba. In Proceedingsof the
First NTCIRWorkshopon Research in JapaneseText
Retrieval andTermRecognition, pages137–144.Na-
tionalCenterfor ScienceInformationSystems,Tokyo,
Japan,1999.

[12] G. Salton,A. Wang,andC. S. Yang. A vectorspace
modelfor informationretrieval. Journalof theAmeri-
canSocietyfor InformationScience, 18(11):613–620,
November1975.

[13] P. SheridanandJ. P. Ballerini. Experimentsin multi-
lingual information retrieval using the SPIDERsys-
tem. In H.-P. Frei, D. Harman, P. Scḧauble, and
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