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Abstract

We carried out a comparisorof cross-langugere-
trieval methodonthe NTCIR-1databasedon dimen-
sionreduction(latentsemantiandexing). Theseameth-
odsall usea collection parallel documentgtransla-
tions or approximatetranslations)and very little, if
any, linguistic knowled@. In NTCIR-1,we compaed
latent semantidndexing, local LSI, and approximate
dimensionalequalization(ADE). We foundthat local
LSlandADE performedhebestonthiscollectionand
were compaable to the bestperforming systemge-
portedelsevhere. We alsoran ADE on the NTCIR-2
andfoundit fared consideably lesswell.

Keywords: Cross-langugeretrieval, approximatedi-
mensionequalization latent semantiandexing, local
LSI.

1 Intr oduction

Cross-languagaformationretrieval (CLIR) is the
problemof usingad-hocgueriesn onelanguageo re-
trieve documentsn anotherdanguage.lts importance
hasincreasedenormouslyin recentyearsbecauséehe
information superhighway is reachablefrom virtu-
ally all over the world. The key to enableretrieval
of documentsn alanguagedifferentfrom that of the
queriesis to establishword associationacrossthose
languages.Corpus-basetR systemsachieve this by
learning from bilingual parallel corpora,where cor-
respondingdocumentsn two collectionsare transla-
tions of eachotheror areon the sameor relatedsub-
jects.Vectorbasedlimension-reductiomethodgep-
resentparallel documentsas vectorsin high dimen-
sionalspaceand“translate”wordsfrom onelanguage
into anothey performingmatrix computationsThe
adwantageof thesemethodsover otherssuchas ma-
chinetranslationis thatthey uselittle, if any, linguis-
tic knowledge. In our experimentswe compareda-
tentsemantiandexing (LSI), approximatedimension
equalization(ADE), andlocal LS| on NTCIR-1 data.
Ourresultssubmittedto NTCIR-2 wereobtainedwith

ADE.

2 Retrieval Methods

We compareda numberof different vectorbased
retrieval methodsdescribedn this section.

2.1 Latent Semanticindexing

Whenusingthe original monolinguallatentseman-
tic indexing (LSI) [3], wefirst createaterm—document
matrix A from the training corpusin the sameway as
in the vectorspacemodel[12]. We thenusesingular
valuedecompositio(SVD) [5] to factor A into three
parts

A=UxvT = U diag(o1,09,...,0,)V7T,

whereU and V' are unitary matrices(i.e., UTU =
I and VTV = I) whosecolumnsare the left and
the right singular vectoss of A, ¥ is a diagonalma-
trix whosediagonalelementsaarenon-neyative andar-
rangedn descendingrder, andr istherankof A. The
valuesoy, ..., o, areknown asthe singularvaluesof
A, andarethe squarerootsof the eigervaluesof A7 A
and AAT. Thefirstk (k < r) columnsof U andV
andthe k largestsingularvaluesof A togetherarethe
training matrix for LSI:

A = UpSp Vi

We call A;, thereduced-dimensiondbrm of A. The
LSl retrieval formulais then

Simisiw (d, ¢) = (AT d) - (A7), 1)

whereSimp(d, q) representshe similarity betweera
documentanda query, d is the vectorrepresentation
of documentd, andq is the vector representatiorof
documeny.

Extendingthe idea of LSI into cross-languagee-
trieval, we computethe SVDsof thematricesA andB
of the paralleltraining corpora,andusetheir reduced-
dimensionaform:

Sim; greL(d, q) = (A{J) -(Bi ).



Note that this formulationis differentfrom the origi-

nal cross-languagéSl formulationby Landauerand
Littman [8]. Their cross-languagé Sl formula uses
atrainingmatrix computedrom the matrix thatcom-
binesaligneddocumentsfrom both training corpora
into singledocuments:

A
[ B ] =UAB,kZAB,kV}B7k-
k

Comparedto this traditional applicationof LSI, our
approactcomputeswo separat&SVDsof smallerma-
trices. This is certainly more useful when the com-
binedmatrix becomegoo largeto analyzevia SVD.

2.2 GeneralizedVector SpaceMethod

The generalizedrectorspacemodel(GVSM) [14],
also known as “the dual space”approach[13], is a
methodthat capturegerm—termcorrelationsrom the
documentgor matchingdocumenpairs,in the caseof
cross-languageetrieval) they co-occurin. Matching
the vectorelementsin d androws of A by the terms
they representATJ transformsd into a new vector
whoseelementsorrespondo then documentsn the
training collection. The query vector ¢ can also be
transformedy A in the sameway. Then,the query—
documentsimilarity is measureetweenthe trans-
formedvectors:

Simgvsm-mL(d, q) = (ATJ) (ATq) = dTAATq,

wherethem x m matrix AAT hasanonzerovaluein
its row ¢ andcolumnj if andonly if thereis a docu-
mentin A thatcontainsboththei-th andj-th terms.
The extensionof GVSM to cross-languagéR was
proposedy Yangetal.[16]. Usingabilingual collec-
tion for training, two matricesA and B areformed,
where A is a term—documentraining matrix in the
languageof the retrieval documentsand B is a par
allel term—documentraining matrix in the language
of the queries. While the numberof uniquetermsin
the two languagesre different,the numberof docu-
mentsin the training collectionis the same,and are
representedby the correspondingcolumnsof A and
B. Thus,whendocument is transformedoy A and
queryq by B, we cancomputetheirinnerproduct:

-

Simgvsu-cL(d, q) = (A”d) - (B"q) = d" AB"§.
2.3 Approximate Dimension Equalization

Approximatedimensionequalization(ADE) [7] is
anewn methodthatmimicstheeffectof LSI with fewer
computedsingularvectors(i.e., a smallerk in Equa-
tion 1). This approximationalgorithmis basedon the
consistenpatternobsenedfrom thedistribution plots
of singularvaluesof mary text collections—thathe

first few decreasesharplyin magnitudeandthe mid-

dle majority stayrelatively flat beforea final drop. It

turnsout that we cantake advantageof this so-called
low-rank-plus-shiftstructureof the documentmatrix

anduseSVD andsomematrix computationgo create
anew trainingmatrix Ay,

Ak = Ak + iA— iAk,
Ok O

where A4, is a matrix formedby the left andright sin-
gularvectorsof A withoutthemiddlesingularvalues:

Ay = UV,

and o}, is the k-th singularvaluesof A. A detailed
mathematicahnalysisof ADE andits training matrix
is givenelsavhere[7], which we will notrepeathere.
But, thebasicideaof this A, matrixis thatit it flattens
outthefirst k verylargesingularvaluesin the original
matrix A, thusmakingitself to belike Ay with avery
largek’ >> k.

ADE’s monolingual and cross-languageetrieval
formulae are similar to thoseof LS| except for the
training matrix (matrices):

Simapew (d,¢) = (A7 d) - (A7),
Simape-cL(d, q) = (Afd) - (B{ 7).
Experimentally ADE have beenshavn to improve
on LSl andinch closeto VSM every time with a lim-
ited numberof dimensions ADE becomesspecially
usefulin cross-languageetrieval, whereVSM is not

applicable;it obtainsstate-of-the-artesultson some
of the standardestcollections[7].

2.4 Local LSI

Local LSI [6] is a powerful methodthat combines
a samplingapproacho reducingthe expenseof SVD
computationin LS| andtheeffectivenes®f local feed-
back approacheg15]. Local feedbackis an auto-
matedversionof the relevancefeedba& method[10],
wherein the top-ranled documentsfrom an initial
query-documeniatchare“added”to the queryvec-
tor for furtherretrieval. Basically for eachquery, this
methodselectghetop-ranlkeddocumentgrom anini-
tial retrieval, computesthe SVD spaceof this “fo-
cused’samplecollection,andrunstheretrieval again
with the query mappedin the new space. For cross-
languageretrieval, we simply runthequeryagainsthe
trainingcollection,andthetop-ranledparalleltraining
documentswill be usedfor SVD computation. Note
that the initial retrieval stepis monolingualand can
be achievedwith any known retrieval method. In our
experimentswe usedthe simplestand mostefficient
method:VSM.

In local feedbackapproachespne of the mostim-
portantissueds to figureoutthenumberof top-ranled



documentso beusedfor feedbackbecausesometop-
ranked documentanay not be truly relevantandthus
provide a negative effect in further retrieval. The lo-
cal LS| approactdealsaway with this problem:it lets
SVD to figure out the relevanceof the termsanddoc-
umentsin the feedbackcollection,be they positive or
negative.

3 Results

We usedthe332,918-documertapaneseollection
(“ntc1-j1") and187,080-documeriEnglishcollection
(“ntc1-e1”) for our cross-languagexperiments. We
usedboth the 30 training and the 53 test topics and
bothtypesof relevancejudgments“rel1” and“rel2”)
to demonstrateonsisteng in our resultsandsimplify
comparisorwith publishedresults.

In processinghedocumentsn bothlanguageswe
extractedthe text from the title, abstract,and key-
word fields. The English documentavere stemmed
and stop-word removed throughthe SMART system,
whichresultedn 208,276uniqueterms.TheJapanese
text is codedin EUC, or ExtendedJNIX Code,which
representeachcharacterin Japanesdy two bytes.
To processthe Japanesalocumentswith our pro-
gramsthat handle only ASCII characterswe con-
vertedeachtwo-byte Japaneseharacteiinto a four-
charactefword” in ASCII. With nostemmingpr stop-
word removal, the corvertedJapaneseollection has
130,777unique“words” We thenindexed both col-
lectionswith the SMART Lnuweighting:

1+ log(#f)

—_ 1.0 — i
T+ log(avg 1) x (1.0 — slop@ x pivot +

slopex # of uniqueterms

wheretf is termfrequeng, slopeis someconstan{we
setit to 0.2),andpivotis theaveragenumberof unique
termsacrosgheentirecollection[1].

For the topics, we extractedthe title, description,
narratve, and concepffields to form the queries. We
discardedhe conceptwordsin Englishandacroryms
from topics0031-008&sthey containdhothJapanese,
English, and acrorym conceptfields. The Japanese
querieswere also corvertedinto ASCII; they were
thenindexedwith SMART Itn weighting:

n+1
(1 + In(¢f)) x log ( a7 ) ,
wheren is the numberof documentsn the collection
anddf is thedocumenfrequeng of theterm.

We extractedparalleldocumentdrom the J and E
collectionsfor training. Matching documentswere
identifiedby thesamedocumentD numbersatthebe-
ginning of a Japanesandan Englishdocument.The
resultingparallelcollectionshave 181,485documents

in eachlanguagecgloseto the size of the ntc1l-elcol-
lection. We usedonly one-fourth,or 45,372docu-
ments,of the parallelcorporafor actualLSI andADE
training. We thenappliedthe SMART ntc weighting
onthetrainingcorporawhichwaseffectivein ourpre-
viousexperimentson othercollections:

tf x log (nc_l; 1)

is the“nt” part,and“c” meangheabovevaluewill be
normalizedby thedocumentengthfor eachterm.

The matricescreatedhave 33,553 Japanesg¢erms
and 84,554Englishterms. It took an SGI computer
with four MIPS R100002.5 processorsaind 2 giga-
bytesof RAM approximately9.5 hoursto compute
1,400SVD dimensiong4% of the full dimensional-
ity and85% of the total variance)from the matrix of
Japanesdocumentsand 13 hoursto computel,200
dimensiong3% of thefull dimensionalityand54% of
thetotal variance)rom the matrix of the Englishcol-
lection.

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

3.1 NTCIR-1

Theresultsof monolingualandcross-languageSl,
ADE, andlocal LS| retrieval areshavn in Tablel.

Themonolinguakesultsareindicative of whateach
methodis capableof: while LSI is not as effective
asVSM whenthe collection sizeis large dueto the
limited dimension ADE closesthe gapbetweerthem
with the samenumberof computeddimensions;the
performancémprovementof local LS| overVSM was
notall thatgreat but thisis consistentvith thefindings
of Sakaietal. [11] onusinglocalfeedbaclonthesame
collection.

In cross-languageetrieval, it is clearthatlocal LSI
appeargo greatlyoutperformothertwo methods.We
werealsoveryinterestedn theresultsof ADE in com-
parisonwith otherpublishedresultshatusedanguage
specifictools suchas a bilingual dictionary or a ma-
chinetranslationsystem.Here,we take a closerlook.
OardandWang[9] from the University of Maryland
usedthefreely available“edict” Japanese/Engligtic-
tionary to automaticallytranslatethe queriesand ob-
tained an averageprecisionof 0.1534 (comparedto
ADE's scoreof 0.1703)for the 39 test querieswith
the sameextractedtopic fields as ours. Resultshy
Sakaiet al. [11] at ToshibaR&D Center—"Toshiba”
in Table 1—are0.2910in 11-pointaverageprecision
for the 21 training queriesand 0.1820for the 39 test
oneswith an automaticmachinetranslationsystem.
While their scoresarehigherthanours(0.1734in 11-
point averageprecision)for thetraining queries their
testqueryresultsareactuallylower thanthe 11-point



topic0001-0030| topic0031-0083
rell rel2 rell 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
NTCIR-1 collection

averageprecision of 0.1870that we obtainedfrom

ADE. This may be partially dueto the fact that they

tunedthe dictionaryof their MT systemfor thetrain-

ing queriesby addingnew phrasednto it. Fujii and
Tetsuya[4] at the University of Library andInforma-
tion Sciencein Japanuseda compoundword trans-
lation methodwith a bilingual dictionaryon NTCIR-

1. They achieved an 11-point averageprecision of

0.1930with thefirst 21 queriesand“rel2” judgments
(shovnin therow labeled‘ULIS” in Tablel). Ourre-

sult of 0.1783is obtainedwith similar settingsexcept
for the topic fields being usedfor query—the used
only the description. Finally, one of the bestsetsof

resultsreportedin the First NTCIR Workshopwashby

Chenetal. [2]. With non-interpolatedaveragepreci-
sionsas high as 0.3755for the 39 testqueries,they

achievedtheirresultswith a bilingual lexicon thatwas
built from aligningandmatchingJapanesandEnglish
keywordfieldsin NACSISdocumentsTheirpureMT-

basedunhadanaverageprecisionof 0.1925with rel2

judgmentson the 39 testtopics (shown in therow la-

beled“Berkeley” in Table 1); our resultat 0.1898is

closewith similar fields selectedrom the topicsand
thedocumentdgor indexing.

In summaryall thepublishedesultsdiscussedhere
were obtainedwith the incorporationof certaintype
of language-specifiecnowledge;for example theabil-
ity to performword sggmentatioron Japanesgqueries
is neededor the machinetranslationsystemto work.
On the contrary we accomplishedcomparableesults
with ADE merely by unigramindexing; this clearly
demonstratetheability of ADE, orif possibleahigh-
dimensionLSl, to derive term associationgndtrans-
lationsfrom bilingual corpora.

and cross-langua ge results

of VSM, LSI, ADE, and local LSI on the

rell rel2
JtoE | 0.0724| 0.0686
EtoJ | 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 four collections—ntc2-e0gytc2-eOkntc2-j0g,
ntc2-j0k—in additionto ntcl-j1 andntcl-el. Dueto
time constraintsye did notextractparalleldocuments
from the new collectionsfor LSI and ADE training;
we still usedthose45,372parallelonesasdescribed
above. The documentswere tokenizedin the same
way asin NTCIR-1, andwe usedthe descriptiorfield
of thetopicsto form thequeries.

Ourresultsin NTCIR-2 arenot asgoodaswe had
hoped,as shovn in Table 2. This could be because
of the smallernumberof fieldsusedin queriesa mis-
match betweenthe parallel documentsderived from
the NTCIR-1 collectionandthe NTCIR-2 corpus,or
someother possibility we have not yet beenableto
identify.

4 Conclusion

ThroughNTCIR, we have gainedvaluableexperi-
encein cross-languageetrieval betweenEnglishand
Japanese.We were encouragedy the performance
of ADE andlocal LS| in NTCIR-1 and disappointed
in ADE’s performancen NTCIR-2. A moresystem-
atic comparisonijncludingtestingmethodsotherthan
ADE, ontheNTCIR-2 collectionis warranted.
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