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Abstract. Structuredquerieshave provento be aneffective techniqueor cross-
languagenformationretrieval whenevidenceabouttranslationprobabilityis not
available.Queryexecutiontime is adwerselyimpacted howvever, becausehefull
postingdist for eachtranslationis usedin the computationThis paperdescribes
analternatve approachtranslation-basehdexing, thatimprovesquery-timeef-
ficiengy by integratingthetranslatiorandindexing processes€Experimentresults
demonstrate¢hatsimilar effectivenesscanbe achiered at a costin indexing time
thatis roughlylinearin the averagenumberof known translationgor eachterm.

1 Intr oduction

Useof thelnternetis increasingapidly throughoutheworld, with contentin languages
otherthanEnglishnow increasingtar morerapidly thancontentin English.For exam-
ple, Grefenstettdound that between1999 and 2000, English contentgren by 800%,
Germancontentgrew by 1500%andSpanisicontentgren by 1800%[2]. It is now es-
timatedby somesourceghatthereis morenon-EnglishthanEnglishtext in thevisible
portion of the Web, andif presenttrendscontinuethe importanceto usersof finding
materialsin languagestherthanthat usedin their querywill likely continueto in-
creaseThis is the goal of Cross-Languagénformation Retrieval(CLIR) systemsto
allow usersto presenta queryin onelanguageandretrieve documentghatarewritten
in adifferentlanguageSearchersvho areableto readmorethanonelanguagecanuse
theresultsof suchsystemdirectly, formulatingqueriesonly once(in their mostfluent
language)Searchersvithout the languageskills to readthe documentghatarefound
canalsobenefitfrom CLIR systemshut only if suitablehumanor machinetransla-
tion capabilitiescanbe provided. Thewidespreadwailability of Web-basedranslation
servicesnow promisesat leastsomedegreeof supportfor usingdocumentghat are
foundusing CLIR systems—thaext challengeis to build anddeploy efficient andef-
fective CLIR systemghatarecompatiblewith the searchsystemarchitecturesisedby
high-volumeWeb searchengines.
In CLIR, two alternatie architecturefiave beenexplored:



Query translation, in whichthe queryis translatednto thatlanguage(sin which the
documentsirewritten.

Documenttranslation, in which the documentsare translatedat indexing time into
thelanguage(sin whichthe queriesareexpectedo be posed.

Querytranslationis the morewidely studiedapproachat leastin partbecauseén ex-
perimentalsettingsit is far more efficient to translatethe relatively few (perhaps0)
queriesthanto translateall of the documentsin high-volumeproductionapplications
thereversemight be true—asubstantiaspeedupn queryprocessingnight easilyjus-
tify additionalwork at indexing time (particularlyif only onequerylanguages to be
supported).

Regardlesf which architecturds chosendictionary-basedranslationintroduces
threechallenges:

— whatto translatge.g.,word roots,words,and/orphrases),

— whereto obtainthe neededranslationknowledge(e.g., extractionfrom machine
readablalictionariesconstructiorfrom translation-equialent(parallel)texts,and/or
hanestingWeb-accessiblbilingual termlists), and

— how thattranslatiorknowledgeshouldbe used.

In this papemwe adoptsimplebut workableapproachefor thefirst two challengegwe
translatewordsusinga single bilingual term list found on the Web) andfocuson the
third challenge—huw the translationknowledgewe find in bilingual termlists canbe
used.

Pirkola obsened that the distinction betweendifferent query termsand different
translation®f the samequerytermshouldberecognizedn the structureof atranslated
guery Specifically he suggestetreatingthetranslation®f aquerytermasif they were
synoryms, demonstratinghis by using InQuery’s synorym operator(#syn)to group
alternatetranslationsand InQuery’s weight averagingoperator(#sum)to combinethe
weightsfrom eachsynorym setinto documentscoreq9]. Pirkola’sinitial experiments
wereperformedusing Englishqueriesand Finnishdocumentssimilar resultsarenow
availablefor a broadarray of languagepairs(c.f., [1, 6]). In this paper we presentan
alternatve to structuredjuerieshatachievesa similar effect atindexing time.

The approachto structuredquery formulation that Pirkola introducedraisestwo
importantissueghatlimit therangeof scenariogo whichit canbeapplied:

— Thecomputatiorrequiredby the InQuerysynorym operatolis comple, soqueries
usingthatoperatowill be muchslower thanotherapproacheto querytranslation
if severalalternatve translationsareknown for mary of the queryterms[5].

— InQuerywasdesignedor commercialpplicationssothe sourcecodeis not avail-
able.Thislimits theability of researcherto explorevariantsof the synorym oper
atorthatmight be bettertunedto CLIR applications.

We have addressedheselimitations by implementinga computationthat closely
approximatego that performedby InQuery’s synorym operatorat indexing time us-
ing thefreely availableMG informationretrieval system[11]. In the remaindenf this
paperwe describethe computationperformedby the synorym operatorin Pirkola’s



structuredquerytechniquedescribeour indexing-timeimplementationpresenthere-
sultsof anexperimentto asseshe effectivenesandefficiengy of ourimplementation,
andidentify opportunitieor extendingthis line of researctin thefuture.

2 Structured Queries

Thekey ideain so-called'bag-of-terms’informationretrieval systemsuchasIinQuery
is to computeaweightfor eachtermin every documentandthencombinetheweights
for eachqueryterm on a document-by-documettasisin orderto computea scorefor
eachdocumentThesescorescanthenbeusedto rankthe availabledocumentsn order
of decreasindjk elihoodthatthey satisfytheinformationneedexpressedy the query
The computatiorof termweightscanbe basedon threeprincipal sourcef evidence:

Within-document term frequency Termfrequeng is the countof the numberof oc-
currencef agiventermin a givendocumentpr somemonotongunction of that
count. TF providesa measureof the relative importanceof the given term with
respecto othertermsin the samedocumentThe locationof atermwithin a doc-
umentcanbe usedto biasthe weight givento that term. For example,wordsap-
pearingin the headlineof a news story might receve greatemweight, while words
thatappeain theundisplayeduthorassignedanetadatdieldsof aWebpagemight
receve lessweight(sincethey oftencontain“spam”terms).

Across-documentollection frequency Collectionfrequeng is thecountof thenum-
berof documentén whichatermappearslt is ameasuref thedegreeof specificity
of thetermwith respecto thecollection.Themostcommonform of collectionfre-
gueny measurds InverseDocumentFrequenyg (IDF), which is an information
contentmeasurehat reflectsthe degreeof surpriseassociatedvith finding thata
documentontaingheterm.

Length Thelengthof adocumentepresentatiors usedto normalizethe contribution
of thefirst two sourcesf evidencein a way that facilitatescross-documentom-
parisonsln its simplestform, length might be measuredasthe numberof terms
in the document(the sum of the term frequencies)but more complex measures
that also accountfor collection frequeng are alsocommonlyused(in so-called
“vectorspace’systems).

Thesesource®f evidencearetypically usedto computeheweightof eachtermin each
documenin away thatrewardshigh termfrequencieslow collectionfrequenciesand
shortlengths.

In CLIR applications the query and the documentusetermsfrom differentlan-
guagessosomeform of translationis neededThe effect of the InQuerysynorym op-
eratorin Pirkola’s structuredquerymethodis to computequery-languagéermweights
basedn document-languagavidenceasfollows:

TFj(Q)= Y,  TFiDy) (1)
{k|Q:;€T (D)}
CF(Qi) = U {dDreay )

{k|Q:€T(Dx)}
Ly =Ly 3)



where(); is a query-languageerm, D, is a document-languageerm, T'F;(X) rep-
resentsthe numberof occurrencesf term X in documentj, CF(X) representshe
numberof documentshatcontainterm X, T'(Dy,) is the setof query-languagé&ansla-
tionsfor document-languagerm Dy, d is adocumentand L, is thelengthmeasure
of documentk, computedn the sameway it would have beenif document-language
termswerebeingindexed[3]. Theeffectof theseequationss to treatevery translation
asequallylikely andseparatelyestimatethe termfrequeng, documentrequeng, and
lengthin a mannersimilar to the way thoseparametergre computedvhenstemming
is usedin amonolingualcontext. Specifically thetermfrequeng is thesumof theterm
frequencie®of ary possibletranslation the collectionfrequeng is the numberof doc-
umentsthat containary translation,andthe computationof the lengthis unchanged.
The comparisorwith stemmingis easilyseenif “token” is substitutedor “translation”
in the prior sentencelt is this analogywhich motivatesour designof anindexing-time
analogu€or structuredqueriesn thenext section.

This way of using document-languagevidencehasthe net effect of suppressing
the weight of query-languageermsthat are associatedhroughtranslationwith any
commondocument-languagierm (i.e., onethatappearsn mary documents)A brief
examinationof eachformulawill help to explain why this occurs.The dominantef-
fect resultsfrom the CF formula, which canproducea resultno smallerthanthe CF
of the mostcommoncontributing document-languagerm. For example,the Spanish
term“conducir” is relatedthroughtranslationto the Englishterms“fly,” “go,” “pilot,”
and“drive” Since“go” appearsn agreatmary Englishdocuments;conducir” would
receive a high CF andthusalowertermweightif usedin a Spanisiquery

By contrast,becauselF is a within-documentmeasurethe effect of the summa-
tion on TF is more often helpful thanharmful. Considerthe caseof the Englishterm
“fly,” with is relatedthroughtranslatiorto the Spanishterms“mosca” (atypeof insect),
“volar” (to travel by airplane),and“conducir” (to pilot anaircraft). Spanisrdocuments
thatcontain“‘conducir” mightalsocontain“volar” In suchcasessummingthetermfre-
quenciescould producea beneficialeffect by combiningthe contributionsof topically
relatedterms.By contrastsincedocumentsaboutairplanesarely mentioninsectsthe
setof Spanistdocumentshatcontain“mosca’is unlikely to containeitherof the other
two terms.The few casesn which unrelatedtranslationsdo occurin the samedoc-
umentwill indeedhave the effect of giving a query-languagéerm moreweight than
it deseres,but suchcasesarelikely to be suficiently rareto have little neteffect on
retrieval results.

It is computationallyexpensve to computetermweightsin this way at querytime
becausé¢hepostingdile mustbetraversedo computetheunionin equatior2. Thetime
requiredto performthis computatiorincreasesvith boththe numberof translationgor
eachterm, andwith the numberof documentsn which eachtranslationis found. In
an earlier study we found that structuredqueriesrequiredabout8 times longer than
a correspondingnonolingualquery[7], althoughthat factorundoubtedlyarieswith
the numberof translationghat areknown for eachqueryterm. It is equation2 thatis

! InQuery actually computesthe sum and the union over the document-languagganslations
of the queryterms,but becausebilingual term lists canbe thoughtof asa setof reversible
translationpairs,our formulais equivalent.



responsibldor this delay sincecomputingtheunionrequireghataccesso thepostings
file. Sincethepostingdile is typically solargethatit mustbestoredon disk,thenumber
of disk accessethatarerequiredto processachqueryis increased.

A moreefficient variantof structuredquerieshasbeenimplementedn the Queens
College PIRCSsystent4]. In thatimplementationthe unionin equation? is replaced
by:2

CFQ)= >, CF(Dy) (4)

{k|Q:€T (D)}

whereQ); is a query-languagéerm, D;, is a document-languagerm, CF(X) repre-
sentshenumberof documentshatcontainterm X, T'(Dy,) is thesetof query-language
translationgor document-languagerm Dy, d is adocumentThis formulacomputes
thesumof documenfrequencie®f eachtermin the query Thedocumenfrequeng of
eachtermis the numberof documentgontaininga termwhoseoneof thetranslations
is thequeryterm.

If nearsynorymsrarely occuramongthe translationsusedin the dictionary this
equation? and4 will computesimilar values.With a richer dictionarythat contains
more nearsynoryms, equation4 would tendto overestimatehe collectionfrequengy
if the nearsynorymsoftenoccurwithin the samedocumentWe are not awareof ary
experimentsin which this approachhasbeencomparedwith the computationthat is
implementedy InQuery's synorym operator

3 Translation-BasedIndexing

The goal of the indexing stagein aninformationretrieval systemis to preprocesshe
documentollectionto createanindex structurethatcanbe efficiently searchedo ob-
tain avalue (known asa “term weight”) for eachdocumenthatcontainsa queryterm.
If stemmingwill be usedat querytime in a monolingualsystem.thenit is the term
weightsassociatedvith stems(ratherthansurfaceforms) thatwould normally be in-
dexed.In aCLIR systemthe naturalextensionof thisideais to index thetermweights
associateavith translationgor, if querieswill be stemmedtheweightsassociateavith
stemsof translations)The key questionis thereforehow suchtermweightsshouldbe
computedThisis thefocusof translation-basethdexing.

Translation-basethdexing requiresaccesgo a machinereadablébilingual dictio-
nary (or someotherform or translationlexicon) in which the sourcelanguageis the
languagen which thedocumentarewritten andthetargetlanguages thelanguagen
whichthequerieswill beposed.Thekey ideais simplyto index every possibletransla-
tion of eachdocument-languagerm.

We modified the August, 1999 releaseof the ManagingGigabytes(MG) system
(mg-1.2.1)to incorporatetranslation-basethdexing.® The changesvere localizedto
the inversionstepsin the first and secondpassof the indexing processin eachcase,

2 personatommunicatiorwith K.L. Kwok.
% Sourcecodefor MG is availableunderthe GNU public licenseat http://www.cs.mu.oz.au/mg/
andour modificationsareavailableat http://tides.umiacs.umd.edu.



we replacedeachdocument-languageord with all of its target(query)languagdrans-
lations. Sincethereare often several translationof a singleterm, the secondpass(in
which the postingsfile is built) resultsin moredisk accessesandhenceslower index-
ing, whentranslation-basenhdexing is used.The expectedslovdown is:

te/tm > cx f (5)

wheret,. is thetime requiredfor translation-basethdexing, ¢,,, is thetime requiredfor
document-languagimdexing, c is the fraction of the termsfor which a translationis
known (the “by-token” coverageof the dictionarywith respecto the collectionbeing
indexed), and f is the “fanout” of the dictionary the averagenumberof translations
thatareknown for eachterm. The expectedndexing time is somavhatgreaterthanthe
right handsideof theformulawouldindicatebecausdéanoutis normallycomputecbna
by-typebasis,giving commonterms(which typically have moretranslations}hesame
weightasrareterms.We alsomadesomeminor modificationsto MG to accommodate
language®therthanEnglish.

MG’s implementatiorof vectorspaceretrieval systemgerformlengthnormaliza-
tion in amannerdifferentfrom InQuery’sinferencenetwork model.In InQuery, docu-
mentlengthis incorporatedn weight computationdy computinga ratio betweerthe
termfrequeny andthedocumentength.Equation3 thereforeresultsin anappropriate
computatiorwith document-languagerms.MG, by contrastnormalizegor document
lengthin a way that furtherincreaseshe relative weight of termswith low collection
frequenciesThis is accomplishedisingcosinenormalizatiorasfollows:

w]yk

\/ 2k 11)]2.7k

wherew’ , is the normalizedweight for term j in documentt andw; , is the corre-

spondingweight beforelengthnormalization.This differencein lengthnormalization
strat@iesprecludes straightforvardanalyticalcomparisorbetweerstructuredjueries
andtranslation-baseithdexing, sowe have conductedomeexperimentgo characterize
theeffect.

(6)
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4 Evaluation

We performeda preliminaryevaluationto characterizéhe efficiency andeffectiveness
of our implementationWe usedthe 161 MB collection of 44,0131994 FrenchlLe
Monde news articlesfrom the Cross-Languagé&valuation Forum (CLEF-2000)col-
lection. For eachof the 40 topics,we formedthreequeries:short(all wordsfrom the
title field), medium(all wordsfrom thetitle anddescriptiorfields),andlong (all words
from thetitle, descriptionandnarrative fields).

Figurel shavsthe effect of addingtranslation-basehdexing onthetime required
to index a collectionin MG on a 750 MHz SunBladeworkstationwith 1 GB of phys-
ical memory We useda French-Englistdictionary (referredto as“Dictl” in Table1)
thathasanaverageof 2.1 Englishtranslationgper Frenchtermby type (25,037unique
Frenchterms,52,475Englishtranslationsland 85% by-token coverageof the French



documentollection(14.2million / 16.6million tokens).Theobsenedeffectonindex-
ing time is consistenthjust overafactorof two, which matcheswvell with our expecta-
tions(t/tm > 0.85 * 2.1).
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Fig. 1. Indexing time (in secondsyvith andwithouttranslation-basehdexing.

The effectivenesgesultsin Table 1 also behae aboutaswe would expect, with
meanuninterpolatedverageprecisionincreasingwvith querylengthfrom 0.10(for title
queries)to 0.13 (for title/description/narratie queries).Theseresultsare aboutone-
third of the meanaverageprecisionobtainedby MG in a monolingualcondition(with
Frenchqueries;0.26 and0.31, respectrely), and are consistenwith resultsobtained
whenusingstructuredquerieswith InQuery Therelatively poorcross-languagperfor
mancein this casereflectssomedeficienciesn our initial implementatior(e.g.,we did
not remove accentsvhenretaininguntranslatederms,andwe tried no morphological
variantsf thesurfaceform of aFrenchtermwasnotfoundin thedictionary)andtherel-
atively poorcoverageof thedictionarythatwe chose To partially characterizéheeffect
of dictionarycoveragewe reranbothsystemswith a second-rench-Englistdictionary
andachieveda somavhatbetterresultsfrom translation-basethdexing (0.14and0.15,
respectiely). From this we concludethat our presentimplementationof translation-
basedndexing achievesresultsthataresimilar to thoseachiezed by a comparablem-
plementatiorof structuredqueries.

5 Future Work

Clearly, the next thing that we needto do is comparethe relative performanceof
translation-basethdexing undera broadermrangeof conditions(bilingual dictionaries
andtestcollections),andwith a broadersetof contrastve conditions(e.g.,balanced



INQuery MG |InQuery MG
Dictl |Dictl| Dict2 [Dict2

Monolingua|T 0.29 |0.26| 0.29 |0.26

D 0.33 |0.28| 0.33 |0.28
TDN|| 0.36 |0.31| 0.36 |0.31

Structured |T 0.10 0.10
Queries TD 0.12 0.12

TDN|| 0.13 0.13
Translation-|T 0.10 0.14
Based TD 0.11 0.14
Indexing TDN 0.13 0.15

Table 1. Uninterpolatedmeanaverageprecisionfor different query lengths(T=title queries,
TD-=title/descriptionqueries,TDN=title/description/narraie queries).

translation[6] andthe PIRCSvariantof structuredqueries).As part of this effort, we

intendto integrateadditionalfeaturessuchasorthographicnormalizationfor untrans-
latedterms,phrasetranslation,andbacloff translation[10], all of which areknown to

improve retrieval effectiveness.

The existenceof a freely available systemfor translation-basethdexing will also

malke it possibleto explore severalotherpotentiallypromisinglines of inquiry:

— Post-translatiomesgmentationTermtranslationsometimesyields multiword ex-
pressionsbut it is well known from monolingualretrieval experimentshatindex-
ing theconstituentvordsof amultiword expressiorcanbebeneficial In thecontext
of translation-basenhdexing, this creates creditassignmenproblemin whichthe
weight computedfor a multiword expressionprovides a basisfor computingthe
weightsof the constituentvords.

Contet-sensitve translation If sharpsyntacticandsemanticconstraintsareavail-
able,thesetof possibleranslationgor the samedocument-languagermcouldbe
varied basedon this evidence.Queries,which are often short, typically offer less
scopefor thethis sortof analysis,so context-sensitie approachesvould naturally
favor adocumentranslationarchitecture.

Weightedsummationfor term frequeng. If the relative likelihood of alternatve
translationgs known, thecontribution of eachtranslationto the sumoperatorcould
beweightedappropriately

Proportionalrepresentatiotior collection frequeng. If the relative likelihood of
alternatve translationss known, the contribution of eachtranslationto the union
operatorcould beapportionedappropriately

Multilingual indexing. Translation-basethdexing could concevably be extended
to supportmultiple querylanguage$y usingamergedbilingualtermlist to identify
the translationsn eachlanguagethat shouldbe indexed. Openquestiongegard-
ing this approachincludewhetherthe occurrenceof the samestring with different
meaningsin two query languagesvould adwerselyaffect retrieval effectiveness,
andwhetherpresentapproacheso documentiengthnormalizationwould needto
beadaptedo accommodatéhericherdocumentepresentations.



6 Conclusion

Translation-baseithdexing offersanew capability but like mary new ideasit augments,
ratherthan replaceswhat camebefore.Whenonly a single querylanguagemustbe
supportedtranslation-basethdexing offersaway of achieving a substantiateduction
in query executiontime without adwerselyaffecting retrieval effectivenessStructured
queries by contrastoffer greaterflexibility at querytime, both becauseiserscanpo-
tentially help in the translationprocesgc.f. [8]), andbecause broadrangeof query
languagesaneasilybe supportedPerhapghe mostlastingcontribution of this work,
however, will be the availability of a freely available implementationof translation-
basedndexing in a state-of-the-artetrieval retrieval system—somethinthatwe hope
will inspirefurtherwork alongthelinesoutlinedabove.
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