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Abstract

This paperdescribesmonolingual,cross-language,andmultilingual retrieval experimentsusingCLEF-2002
testcollection.Thepaperpresentsatechniquefor incorporatingblind relevancefeedbackinto adocumentranking
formulabasedonlogisticregressionanalysis,andaprocedurefor decomposingGermanor Dutchcompoundsinto
their componentwords.

1 Introduction

Multilingual text retrieval is the taskof searchingfor relevant documentsin a collectionof documentsin more
thanonelanguagein responseto aquery, andpresentingaunifiedrankedlist of documentsregardlessof language.
Multilingual retrieval is anextensionof bilingual retrieval wherethecollectionconsistsof documentsin a single
languagethat is differentfrom thequerylanguage.Recentdevelopmentson multilingual retrieval werereported
in CLEF-2000[12], andCLEF-2001[13]. Mostof themultilingual retrieval methodsfall into oneof threegroups.
Thefirst approachtranslatesthesourcetopicsseparatelyinto all thedocumentlanguagesin thedocumentcollec-
tion. Thenmonolingualretrieval is carriedout separatelyfor eachdocumentlanguage,resultingin oneranked
list of documentsfor eachdocumentlanguage.Finally the intermediateranked lists of retrieveddocuments,one
for eachlanguage,aremergedto yield a combinedranked list of documentsregardlessof language.Thesecond
approachtranslatesa multilingual documentcollectioninto thetopic language.Thenthetopicsareusedto search
againstthetranslateddocumentcollection.Thethird onealsotranslatestopicsto all documentlanguagesasin the
first approach.The sourcetopicsandthe translatedtopicsareconcatenatedto form a setof multilingual topics.
The multilingual topicsare thensearcheddirectly against the multilingual documentcollection,which directly
producesa ranked list of documentsin all languages.The latter two approachesdo not involve merging two or
moreranked lists of documents,onefor eachdocumentlanguage,to form a combinedranked list of documents
in all documentlanguages.Themerging taskis hardandchallenging.To thebestof our knowledge,no effective
techniquehasbeendevelopedyet. It appearsmostparticipatinggroupsof the multilingual retrieval tasksin the
TRECor CLEF evaluationconferencesappliedthefirst approach.Translatinglargecollectionsof documentsin
multiple languagesinto topic languagesrequiresthe availability of machinetranslationsystemsthat supportthe
necessarylanguagepairs,which is sometimeproblematic. For example,if the documentcollectionconsistsof
documentsin English,French,German,Italian, andSpanish,andthe topicsarein English. To performthemul-
tilingual retrieval taskusingEnglishtopics,onewould have to translatetheFrench,German,Italian,andSpanish
documentsinto English. In this case,thereexist translators,suchasBabelfish,that cando the job. However, if
thetopicsarein Chineseor Japanese,it maybemoredifficult or evennot possibleto find thetranslatorsto do the
work. Theavailability of thetranslationresourcesandtheneedfor extensivecomputationarefactorsthatlimit the
applicability of the secondapproach.The third approachis appealingin that it doesnot requireto translatethe
documents,andcircumventsthedifficult merging problem. However, thereis someempiricalevidenceshowing
thatthethird approachis lesseffective thanthefirst one[3].

We believe that threeof thecorecomponentsof thefirst approacharemonolingualretrieval, topic translation,
andmerging. Performingmultilingual retrieval requiresmany languageresourcessuchasstopwords,stemmers,
bilingualdictionaries,machinetranslationsystems,parallelor comparablecorpora.At thesametime,weseemore
andbetterlanguageresourcespublicly availableon theInternet.Theendperformanceof multilingual retrieval can
be affectedby many factorssuchasmonolingualretrieval performanceof the documentrankingalgorithm,the
qualityandcoverageof thetranslationresources,theavailability of language-dependentstemmersandstopwords,
andtheeffectivenessof merging algorithm.Sincemerging of rankedlists of documentsis a challengingtask,we



seekto improvemultilingualretrieval performanceby improving monolingualretrieval performanceandexploiting
translationresourcespublicly availableon theInternet.

At CLEF2002,weparticipatedin themonolingual, crosss-language, andmultilingualretrieval tasks.For mono-
lingual task,wesubmittedretrieval runsfor Dutch,French,German,Italian,andSpanish.For cross-languagetask,
we submittedcross-languageretrieval runsfrom Englishtopicsto documentlanguagesDutch,French,German,
Italian, andSpanish,oneFrench-to-Germanrun, andoneGerman-to-Frenchrun. And for multilingual task,we
submittedtwo runsusingEnglish topics. All of our runsusedonly the title anddescfields in the topics. The
documentcollectionfor multilingual taskconsistsof documentsin English,French,German,Italian andSpanish.
More detailson documentcollectionsarepresentedbelow in section5. Realizingthedifficulty of merging mul-
tiple disjoint rankedlists of retrieveddocumentsin multilingual retrieval, we have put little effort on themerging
problem.Wemainlyworkedon improving theperformancesof monolingualretrieval andcross-languageretrieval
sincewe believe improved performancesin monolingualandcross-languageretrieval shouldultimately lead to
betterperformancein multilingual retrieval. For all of our runsin cross-languageandmultilingual tasks,thetopics
wastranslatedinto documentlanguages.Themaintranslationresourceswe usedaretheSYSTRAN-basedonline
machinetranslationsystemBabelfishtranslationandL&H PowerTranslatorPro Version7.0. Wealsousedparal-
lel English/Frenchtexts in oneof theEnglish-to-Frenchretrieval runs.TheBabylonEnglish-Dutchdictionarywas
usedin cross-languageretrieval from Englishto Dutch.

The samedocumentrankingformula developedat Berkeley [4] back in 1993wasusedfor all retrieval runs
reportedin this paper. It wasalsousedin our participationin thepreviousCLEF workshops.It hasbeenshown
that queryexpansionvia blind relevancefeedbackcanbe effective in monolingualandcross-languageretrieval.
TheBerkeley formulabasedon logistic regressionhasbeenusedfor yearswithout blind relevancefeedback.We
developeda blind relevancefeedbackprocedurefor the Berkeley documentrankingformula. All of our official
runswereproducedwith blind relevancefeedback.We will presenta brief overview of the Berkeley document
rankingformulain section2. Wewill describetheblind relevancefeedbackprocedurein section3.

At CLEF 2001,we presenteda Germandecompoundingprocedurethat washastily developed. The decom-
poundingprocedureusesa Germanbasedictionaryconsistingof wordsthat shouldnot be further decomposed
into smallercomponents.Whena compoundcanbe split into componentwordsfound in the basedictionaryin
morethanoneway, we chooseto split up thecompoundso that thenumberof componentwordsis thesmallest.
However if theretwo or moredecompositionswith thesmallestnumberof componentwords,we choosethede-
compositionthat is most likely. The probability for a decompositionof a compoundis computedbasedon the
relative frequenciesof the componentwords in a Germancollection. We reporteda slight decreasein German
monolingualperformancewith Germandecompounding[3] at CLEF 2001. The slight declinein performance
may be attributedto the fact that we kept both the original compoundsandthe componentwordsresultedfrom
decompoundingin topic index. Whenwere-ranthesameGermanmonolingualretrieval with only thecomponent
wordsof compoundsin thetopicswereretained,theaverageprecisionwasimprovedby 8.88%with decompound-
ing over without it [3]. Furtherimprovementsin performancebroughtby Germandecompoundingwerereported
in [3] whenadifferentmethodwasusedto computetherelative frequenciesof componentwords.

At CLEF2002,weusedtheimprovedversionof theGermandecompoundingprocedurefirst describedin [3]. A
slightly differentpresentationof thesamedecompoundingprocedureis givenin section4. Two smallchangeswere
madein performingGermanretrieval with decompounding.Firstly, in bothtopic anddocumentindexes,only the
componentwordsresultedfrom decompoundingwerekept. Whena compoundwassplit into componentwords,
thecompounditself wasnot indexed.Secondly, additionalnon-Germanwordsin theGermanbasedictionarywere
removed. Our currentbasedictionarystill has762,342words,somebeingnon-Germanwordsandsomebeing
Germancompoundsthatshouldbeexcluded.It would take a majoreffort to cleanup thebasedictionarysothatit
containsonly theGermanwordsthatshouldnot befurtherdecomposed.Thedecompoundingprocedureinitially
developedfor splitting up Germancompoundswasalsousedto decomposeDutchcompoundswith a Dutchbase
dictionary.

For the submittedtwo official multilingual runs,oneusedunnormalizedraw scoreto re-rankthe documents
from intermediateruns to producethe unified ranked list of documents.The other run usednormalizedscore
in the sameway to producethe final list. To measurethe effectivenessof differentmergers,we developedan
algorithmfor computingthebestperformancethatcouldpossiblybeachievedby mergingmultiple rankedlistsof
documentsundertheconditionsthat the relevancesof thedocumentsareknown, andthat the relative rankingof
thedocumentsin individual ranked lists is preserved in theunified ranked list. That is, if document

�
is ranked

higherthandocument� in someranked list, thenin the unified ranked list, document
�

shouldalsobe ranked
higherthatdocument� . Thesimplemergersbasedon unnormalizedraw score,normalizedraw score,or rankall
preserve therelative rankingorder. Thisprocedurecannotbeusedto predictmerging,however it shouldbeuseful
for measuringthe performanceof merging algorithms.Theprocedurefor producingoptimal performancegiven



documentrelevancesis presentedin section6.3.

2 Document Ranking

All of our retrieval runsusedthesamedocumentrankingformuladevelopedat Berkeley [4] to rankdocumentsin
responseto aquery. Thelog oddsof relevanceof document� with respectto query � , denotedby �����
	����� ������� ,
is givenby

�����
	����� ���������������  ���� ���!�"� � �� ���!�"� �$#&%('*)(+-,.%0/1' 24365879,;:<'=%�%�:>365@?A#B:<'�+DC�%0/&365FE-,G:<'=:�C�H�C>3I5KJ
where

 ��L� ���!�"� is the probability that document� is relevant to query � ,
 � �� ���!�"� the probability that

document� is irrelevant to query � , which is 1.0 -
 ��L� ���!�"� . Thefour compositevariables587D�M5@?N�M5FE , and 5KJ

aredefinedasfollows: 587
� 7O P0Q 7�R PSUT 7WVMX�Y[ZV]\ Q E�^ , 5@?_� 7O P0Q 7�R PS`T 7 �����ba X�Y[Za \ Qdc]e , 5FE_� 7O P0Q 7IR PS`T 7 �����gf X�Y[Zf \ , 5KJ>�ih ,
where h is the numberof matchingtermsbetweena documentanda query, jlk]m S is the within-queryfrequency
of the n th matchingterm, o�k]m S is thewithin-documentfrequency of the n th matchingterm, p�k]m S is theoccurrence
frequency in a collectionof the n th matchingterm, j�� is query length (i.e., numberof termsin a query), o(� is
documentlength(i.e., numberof termsin a document),and pq� is collectionlength(i.e., numberof termsin a test
collection).If stopwordsareremovedfrom indexing, then j�� , o1� , and pr� arethequerylength,documentlength,and
collectionlength,respectively, afterremoving stopwords.If thequerytermsarere-weighted,then jlk]m S is no longer
theoriginal termfrequency, but thenew weight,and j�� is thesumof thenew weightvaluesfor thequeryterms.In
theoriginal trainingmatrix, jlk]m S is thewithin-querytermfrequency, and j�� is thequerylength. Notethat,unlike5@? and 5FE , thevariable 587 sumsthe“optimized” relative frequency without first takingthelog over thematching
terms.Therelevanceprobabilityof document� with respectto query � canbewritten asfollows, giventhelog
oddsof relevance.

 ���� �s������� ++-,;t�u \wvyxDz�{�|9} ~A� ���
Thedocumentsareranked in decreasingorderby their relevanceprobability

 ���� ���!�"� with respectto a query.
The coefficientsweredeterminedby fitting the logistic regressionmodelspecifiedin �����-	����� �s����� to training
datausingastatisticalsoftwarepackage.Wereferreadersto reference[4] for moredetails.

3 Relevance Feedback

It is well known thatblind (alsocalledpseudo)relevancefeedbackcansubstantiallyimproveretrieval effectiveness.
It is commonlyimplementedin researchtext retrieval systems.For example,seethe papersof the groupswho
participatedin theAd Hoctasksin TREC-7[15] andTREC-8[16]. Blind relevancefeedbackis typically performed
in two stages.First, an initial searchusingthe original queriesis performed,after which a numberof termsare
selectedfrom the � top-ranked documentsthat arepresumedrelevant. The selectedtermsaremergedwith the
original query to formulatea new query. Finally the new query is searchedagainst the documentcollection to
producea final ranked list of documents.The techniquesfor decidingthe numberof termsto be selected,the
numberof top-rankeddocumentsfrom which to extractterms,andrankingthetermsvaries.

TheBerkeley documentrankingformulahasbeenin usefor many yearswithout blind relevancefeedback.In
this paperwe presenta techniquefor incorporatingblind relevancefeedbackinto the logistic regression-based
documentranking framework. Someof the issuesinvolved in implementingblind relevancefeedbackinclude
determiningthenumberof toprankeddocumentsthatwill bepresumedrelevantandfrom whichnew termswill be
extracted,rankingtheselectedtermsanddeterminingthenumberof termsthatshouldbeselected,andassigning
weightto theselectedterms.Wereferreadersto [9] for a survey of relevancefeedbacktechniques.

Two factorsareimportin relevancefeedback.Thefirst oneis how toselectthetermsfrom top-rankeddocuments
after the initial search,the secondis how to assignweight to the selectedtermswith respectto the termsin the
initial query. For termselection,we assumethe � top-rankeddocumentsin theinitial searcharerelevant,andthe
restof thedocumentsin thecollectionareirrelevant. For the termsin thedocumentsthatarepresumedrelevant,
wecomputetheoddsratioof seeinga termin thesetof relevantdocumentsandin thesetof irrelevantdocuments.
This is the termrelevanceweightingformulaproposedby RobertsonandSparckJonesin [14]. Table1 presents
a word contingency table,where h is the numberof documentsin the collection, � the numberof top-ranked



relevant irrelevant
indexed � X h X #B� X h Xnon-indexed m - � X n - h X - m + � X n - h Xm n - m n

Table1: A contingency tablefor aword.

Initial Query SelectedTerms ExpandedQueryk!7 (1.0) k!7 (1.0)kM? (2.0) kM? (2*0.5) kM? (3.0)k[E (1.0) k[E (1*0.5) k[E (1.5)kyJ (0.5) kyJ (0.5)

Table2: Queryexpansion.

documentsafter the initial searchthat arepresumedrelevant, � X the numberof documentsamongthe � top-
rankeddocumentsthatcontaintheterm k , and h X thenumberof documentsin thecollectionthatcontainthetermk . Thenwe seefrom theabove contingency tablethat theprobabilityof finding theterm k in a relevantdocument
is �&�� , because� X documentsoutof the � relevantdocumentscontaintheterm k . Likewise,theprobabilityof not
finding theterm k in a relevantdocumentis � u �&�� . Theoddsof finding a term k in a relevantdocumentis �&�� u ��� .
Likewise,theoddsof finding a term k in anirrelevantdocumentis

P � u �&�P u P � u � Q �&� . Thetermsextractedfrom the �
top-rankeddocumentsarerankedby their oddsratiowhich is givenby

� X � �U��� � X ��h�#Bh X #��b,G� X �����#�� X �!��h X #�� X � (1)

For everyterm k , exceptfor stopwords,foundin the � top-rankeddocuments,wecomputeits weight � X according
to the above formula. Thenall the termsareranked in decreasingorderby their weight � X . The top-ranked �
terms,includingtheonesthatarein theinitial query, areaddedto theinitial queryto createa new query. For the
selectedtop-rankedtermsthatarenot in theinitial query, theweight is setto 0.5. For thosetop-rankedtermsthat
arein theinitial query, theweightis setto 0.5*k S , wherek S is theoccurrencefrequency of term k in theinitial query.
Theweightsareunchangedfor theinitial querytermsthatarenot in thesetof selectedterms.Theselectedterms
aremergedwith theinitial queryto formulateanexpandedquery. Whena selectedtermis oneof thequeryterms
in the initial query, its weight in the expandedqueryis the sumof its weight in the initial queryandits weight
assignedin the term selectionprocess.For a selectedterm that is not in the initial query, its weight in the final
queryis the sameasthe weight assignedin the term selectionprocess,which is 0.5. The weightsfor the initial
querytermsthatarenot in the list of selectedtermsremainunchanged.Table2 presentsanexampleto illustrate
how theexpandedqueryis createdfrom theinitial queryandtheselectedterms.Thenumbersin parenthesesare
termweights.For example,theweightfor term k[E in theexpandedqueryis 3.0,sinceit is in theinitial querywith
aweightvalueof 2.0andit is oneof theselectedtermsassignedtheweightof 2*0.5.

Threeminor changesaremadeto theblind relevancefeedbackproceduredescribedabove. First, a constantof
0.5 wasaddedto every item in the formula usedto computethe weight. Second,the selectedtermsmustoccur
in at least3 of the top-ranked � documentsthatarepresumedrelevant. Third, the top-ranked two documentsin
the initial searchremainedasthetop-rankedtwo documentsin thefinal search.That is, thefinal searchdoesnot
affect the rankingof the first two documentsin the initial search.The rationalefor not changingthe top-ranked
two documentsis thatwhenaqueryhasonly oneor two relevantdocumentsin theentirecollectionandif they are
not rankedin thetop in theinitial search,it is unlikely thesefew relevantdocumentswould berisento thetop in
thesecondsearch.On theotherhand,if thesefew relevantdocumentsareranked in the top in the initial search,
afterexpansion,they arelikely to berankedlower in thefinal search.We believe a goodstrategy is to not change
therankingof thetop two documents.

Notethatin computingtherelevanceprobabilityof a documentwith respectto a queryin theinitial search,thej�� is thenumberof termsin theinitial query, and jlk]m X is thenumberof timesthatterm k occursin theinitial query.
After queryexpansion,jlk]m X is no longertheraw termfrequency in theinitial query, insteadit is now theweightof
term k in theexpandedquery, and j�� is thesumof theweightvaluesof all the termsin theexpandedquery. For
theexamplepresentedin table2, jlk]m XU� is 1.5,and j�� is 6.0(i.e.,1.0+ 3.0+ 1.5+ 0.5).Therelevancecluesrelated
to documentsandthecollectionarethesamein computingrelevanceprobabilityusingtheexpandedqueryasin



computingrelevanceprobability usingthe initial query. For all the experimentsreportedbelow, we selectedthe
top 10 termsrankedby � X from 10 top-rankeddocumentsin theinitial search.

4 Decompounding

It appearsmostGermancompoundsareformedby directlyjoining two or morewords.SuchexamplesareComput-
erviren(computerviruses),which is theconcatenationof ComputerandViren, andSonnenenergie (solarenergy),
which is formedby joining sonnenandEnergie together. Sometimesa linking elementsuchass or e is inserted
betweentwo words.For example,thecompoundSchönheitsk̈onigin (beautyqueen)is derivedfrom Schönheitand
königin with s insertedbetweenthem.Therearealsocaseswherecompoundsareformedwith thefinal lettere of
thefirst word elided. For example,thecompoundErdbeben(earthquake) is derivedfrom Erde (earth)andBeben
(trembling).Whentheword Erde is combinedwith theword Atmoshp̈are to createa compound,thecompoundis
not Erdeatmoshp̈are, but Erdatmoshp̈are. Thefinal lettere of theword Erde is elidedfrom thecompound.We re-
fer readersto, for example,[6] for discussionsof Germancompoundsformations.Theexampleearthquakeshows
compoundsarealsousedin English,just not nearlyascommonlyusedasin German.

We presenta Germandecompoundingprocedurein this sectionwhich will only addressthe caseswherethe
compoundsare directly formed by joining words and the caseswherethe linking elements is inserted. The
procedureis describedasfollows:

1. CreateaGermanbasedictionaryconsistingof Germanwordsin variousforms,but notcompounds.

2. DecomposeaGermancompoundwith respectto thebasedictionary. Thatis, find all possiblewaysto break
up acompoundwith respectto thebasedictionary.

3. Choosethedecompositionof theminimumnumberof componentwords.

4. If therearemorethanonedecompositionsthathave thesmallestnumberof componentwords,choosethe
one with the highestprobability of decomposition.The probability of a decompositionis estimatedby
productof therelative frequency of thecomponentwords.Moredetailsarepresentedbelow.

For example,when the Germanbasedictionary containsball, europa, fuss,fussball,meisterschaft and others,
theGermancompoundfussballeuropameisterschaftcanbedecomposedinto componentwordswith respectto the
basedictionary in two differentwaysasshown in Table3. The last decompositionhasthe smallestnumberof

Decompositions
1 fuss ball europa meisterschaft
2 fussball europa meisterschaft

Table3: Decompositionsof compoundfussballeuropameisterschaft.

componentwords,so theGermancompoundfussballeuropameisterschaft is split into fussball, europaandmeis-
terschaft. Table4 presentsanotherexamplewhich shows thedecompositionsof Germancompoundwintersports
with respectto a basedictionarycontainingport, ports, s, sport, sports,winter, winters andotherwords. The

Decompositions log p(D)
1 winter s ports -43.7002
2 winter sports -20.0786
3 winters ports -28.3584

Table4: Decompositionsof compoundwintersports.

compoundwintersportshasthreedecompositionswith respectto thebasedictionary. Becausetwo decompositions
have thesmallestnumberof componentwords,therule of selectingthedecompositionwith thesmallestnumber
of componentwordscannotbe appliedhere. We have to computethe probability of the decompositionfor the
decompositionswith thesmallestnumberof componentwords. The lastcolumnin Table4 shows the log of the
decompositionprobabilityfor all threedecompositionsthatwerecomputedusingrelative frequenciesof thecom-
ponentswordsin theGermantestcollection. Accordingto therule of selectingthedecompositionof thehighest



probability, theseconddecompositionshouldbechosenasthedecompositionof thecompoundwintersports. That
is, thecompoundwintersportsshouldbesplit into winter andsports. Considerthedecompositionof compoundp
into h componentwords, p&� � 7 � ?9'q'q' � P . Theprobabilityof adecompositionis computedasfollows:

� ��p��9� � � � 7!� � � � ?D�F'q'q' � � � P �I�
P�S`T 7 � � �

S �
wheretheprobabilityof componentword � is computedasfollows:

� � � S ��� k]mFpN� � S �
R��� T 7 k]mKp�� � � �

wherek]mKpN� � S � is thenumberof occurrencesof word � S in acollection,� is thenumberof uniquewords,including
compounds,in thecollection.Theoccurrencefrequency of aword is thenumberof timesthewordoccursalonein
thecollection.Thefrequency countof aworddoesnot includethecaseswheretheword is acomponentword in a
largercompound.Also, thebasedictionarydoesnot containany wordsthatarethree-letterlong or shorterexcept
for the letters. We createda Germanbasedictionaryof about762,000wordsby combininga lexicon extracted
from Morphy, aGermanmorphologicalanalyzer[10], GermanwordlistsfoundontheInternet,andGermanwords
in theCLEF-2001Germancollection. In our implementation,we consideredonly thecasewherea compoundis
theconcatenationof componentwords,andthecasewherethelinking elements is present.Notethatthenumber
of possibledecompositionsof acompoundis determinedby whatis in thebasedictionary. For example,whenthe
word mittagessen(lunch) is not in thebasedictionary, thecompoundmittagessenzeit(lunchtime) would besplit
into threecomponentwordsmittag (noon),essen(meal),andzeit (time).

It is not always desirableto split up Germancompoundsinto their componentwords. Consideragain the
compoundErdbeben. In this case,it is probablybetternot to split up the compound. But in other caseslike
Gem̈useexporteure (vegetableexporters),Fußballweltmeisterschaft (World SoccerChampionship),splitting up
the compoundsprobablyis desirablesincethe useof the componentwords might retrieval additionalrelevant
documentswhich areotherwiselikely to bemissedif only thecompoundsareused. In fact,we noticedthat the
compoundGem̈useexporteuredoesnotoccurin theCLEF-2001Germandocumentcollection.

In general,it is conceivablethat breakingup compoundsis helpful. The samephrasemay be spelledout in
wordssometimes,but asonecompoundothertimes. Whena userformulatea Germanquery, the usermay not
know if a phraseshouldappearasmulti-word phraseor asonecompound.An exampleis the Germanequiva-
lent of theEnglishphrase“EuropeanFootballCup”, in thetitle of topic 113,theGermanequivalentis spelledas
onecompoundFussballeuropameisterschaft, but in thedescriptionfield, it is Europameisterschaft im Fußball, yet
in thenarrativefield, it is Fußballeuropameisterschaft. This examplebringsout two pointsin indexing German
texts. First, it shouldbe helpful to split compoundsinto componentwords. Second,normalizingthe spellingof
ssandß shouldbehelpful. Two moresuchexamplesareScheidungsstatistikenandPräsidentschaftskandidaten.
The Germanequivalentof “divorcestatistics”is Scheidungsstatistiken in the title field of topic 115, but Statis-
tiken über die Scheidungsraten in the descriptionfield. The Germanequivalent of “presidency candidates”is
Präsidentschaftskandidatenin title field of topic135,but Kandidatfür dasPräsidentenamtin thedescriptionfield
of thesametopic. TheGermanequivalentfor “Nobel pricewinner for literature” is Literaturnobelpreisträger, in
the“Der Spiegel” Germancollection,wefind variantsof Literatur-Nobelpreisträger, Literaturnobelpreis-Trgerin.
Literaturnobelpreissometimesappearsas“Nobelpreisfür Literatur”.

5 Test Collection

The documentcollectionfor the multilingual IR taskconsistsof documentsin five languages:English,French,
German,Italian,andSpanish.Thecollectionhasabout750,000documentswhicharenewspaperarticlespublished
in 1994exceptthatpartof theDer Spiegel waspublishedin 1995. Thedistribution of documentsamongthefive
documentlanguagesis presentedin Table5. A setof 50 topicswasdevelopedandreleasedin morethan10 lan-
guages,includingDutch,English,French,German,Italian, andSpanish.A topic hasthreeparts:1) title, a short
descriptionof informationneed;2) description, asentence-longdescriptionof informationneed;and3) narrative,
specifyingdocumentrelevancecriteria. More detailsaboutthetestcollectionarepresentedin [13]. Themultilin-
gual IR taskat CLEF 2002wasconcernedwith searchingthecollectionconsistingof English,French,German,
Italian,andSpanishdocumentsfor relevantdocuments,andreturningacombined,rankedlist of documentsin any
documentlanguagein responseto a query.



Language Name No. of Size
documents (MB)

English Los AngelesTimes 113,005 425
French Le Monde 44,013 157

SDA French 43,178 86
German FrankfurterRundschau 139,715 320

Der Spiegel 13,979 63
SDA German 71,677 144

Italian La Stampa 58,051 193
SDA Italian 50,527 85

Spanish EFE 215,738 509
Dutch RC Handelsblad 84,121 299

AlgemeenDagblad 106,483 241

Table5: Partof theCLEF 2002documentsets.

6 Experimental Results

All retrieval runsreportedin this paperusedonly the title anddescriptionfieldsin thetopics.Theidsandaverage
precisionvaluesof theofficial runsarepresentedin bold face,otherrunsareunofficial ones.

6.1 Monolingual retrieval experiments

In this sectionwe presentthe resultsof monolingualretrieval. We createda stopwords list for eachdocument
language.In indexing, thestopwordswereremoved from bothdocumentsandtopics. Additional wordssuchas
relevant anddocumentwereremoved from topics. The wordsin all six languageswerestemmedusingMuscat
stemmersdownloadedfrom http://open.muscat.com.For automaticqueryexpansion,thetop-ranked10termsfrom
thetop-ranked10 documentsaftertheinitial searchwerecombinedwith theoriginalqueryto createtheexpanded
query. For DutchandGermanmonolingualruns,thecompoundsweresplit into their componentwords,andonly
theircomponentwordswereretainedin documentandtopicindexing. All themonolingualrunsincludedautomatic
queryexpansionvia the relevancefeedbackproceduredescribedin section3. Table6 presentsthe monolingual
retrieval resultsfor six documentlanguages.The lastcolumnlabeledchange shows the improvementof average
precisionwith blind relevancefeedbackover without it. As table6 shows,queryexpansionincreasedtheaverage
precisionof the monolingualruns for all six languages,the improvementrangingfrom 6.42%for Spanishto
19.42%for French.Thereareno relevantItalian documentsfor topic 120,andno relevantEnglishdocumentsfor

withoutexpansion with expansion
run id language recall precision recall precision change
bky2moen English 765/821 0.5084 793/821 0.5602 10.19%
bky2monl Dutch 1633/1862 0.4446 1734/1862 0.4847 9.02%
bky2mofr French 1277/1383 0.4347 1354/1383 0.5191 19.42%
bky2mode German 1696/1938 0.4393 1807/1938 0.5234 19.14%
bky2moit Italian 994/1072 0.4169 1024/1072 0.4750 13.94%
bky2moes Spanish 2531/2854 0.5016 2673/2854 0.5338 6.42%

Table6: MonolingualIR performance.

topics93,96,101,110,117,118,127and132.
For theGermanmonolingualruns,compoundsweredecomposedinto their componentwordsby applyingthe

decompoundingproceduredescribedabove. Only componentwordsof the decomposedcompoundswerekept
in documentandtopic indexing. Table7 presentsthe performanceof Germanmonolingualretrieval with three
differentfeatureswhich aredecompounding,stemming,andqueryexpansion.The featuresareimplementedin
theorderof decompounding, stemming, andqueryexpansion. For example,whendecompoundingandstemming
arepresent,the compoundsaresplit into componentwordsfirst, thenthe componentsarestemmed.The table
shows whenany oneof the threefeaturesis present,theaverageprecisionimprovesfrom 4.94%to 19.73%over



1 2 3 4 5 6 7 8
features none decomp stem expan decomp+stem decomp+expan stem+expan decomp+stem+expan
avg prec 0.3462 0.3859 0.3633 0.4145 0.4393 0.4517 0.4393 0.5234
recall 1359 1577 1500 1575 1696 1752 1702 1807
change baseline +11.47% +4.94% +19.73% +26.89% +30.47% +26.89% +51.18%

Table 7: Germanmonolingualretrieval performance.The total numberof Germanrelevant documentsfor 50
topicsis 1938.

the baselineperformancewhennoneof the featuresis present.Whentwo of the threefeaturesare includedin
retrieval, the improvementin precisionrangesfrom 26.89%to 30.47%.And whenall threefeaturesarepresent,
theaverageprecisionis 51.18%betterthanthebaselineperformance.It is interestingto seethethreefeaturesare
complementary. That is, the improvementbroughtby eachindividual featureis not diminishedby the presence
of the other two features.Without decompounding,stemmingaloneimproved the averageprecisionby 4.94%.
However with decompounding,stemmingimproved the averageprecisionfrom 0.3859to 0.4393,an increase
of 13.84%. Stemmingbecamemoreeffective becauseof decompounding.Decompoundingaloneimproved the
averageprecisionby 11.47%for Germanmonolingualretrieval.

compounds component words compounds component words
1 absatzkrise absatz krise 2 atemwege atem wege
3 autoindustrie auto industrie 4 automobilindustrie automobil industrie
5 bandleaders band leaders 6 bronchialasthma bronchial asthma
7 bürgerkrieg bürger krieg 8 computeranimation computer animation
9 computeranimationen computer animationen 10 computersicherheit computer sicherheit
11 durchbr̈uche durch brüche 12 eigentumsrechte eigentums rechte
13 eurofighter euro fighter 14 europameisterschaft europa meisterschaft
15 filmfestspielen film festspielen 16 filmindustrie film industrie
17 fischereiquoten fischerei quoten 18 fremdsprachigen fremd sprachigen
19 fremdwörter fremd wörter 20 goldmedaille gold medaille
21 handynutzung handy nutzung 22 interessenkonflikt interessen konflikt
23 interessenkonflikts interessen konflikts 24 menschenrechte menschen rechte
25 mobiltelefone mobil telefone 26 nahrungskette nahrungs kette
27 netzwerken netz werken 28 nordamerika nord amerika
29 nordamerikanische nord amerikanische 30 pelzindustrie pelz industrie
31 präsidentschaftskandidaten präsidentschafts kandidaten 32 premierministers premier ministers
33 scheidungsraten scheidungs raten 34 scheidungsstatistiken scheidungs statistiken
35 sicherheitspolitik sicherheits politik 36 spionagefall spionage fall
37 spionagefalles spionage falles 38 sternensystemen sternen systemen
39 verkaufszahlen verkaufs zahlen 40 volksbefragung volks befragung
41 winterspielen winter spielen 42 wintersports winter sports
43 wirtschaftsembargos wirtschafts embargos 44 wirtschaftspolitik wirtschafts politik
45 zeitplan zeit plan 46 zurücktreten zurück treten
47 einheitsẅahrung einheit s währung
48 fischfangquoten fisch fang quoten
49 fussballeuropameisterschaft fussball europa meisterschaft
50 geographos geog rapho s
51 literaturnobelpreistr̈agers literatur nobel preistr̈agers
52 scḧonheitswettbewerbe scḧonheit s wettbewerbe
53 scḧonheitswettbewerben scḧonheit s wettbewerben

Table8: Germanwordsin title or descfieldsof thetopicsthataresplit into componentwords.

Table8 presentstheGermanwordsin the title or descfieldsof thetopicsthatweresplit into componentwords
using the decompoundingproceduredescribedin section4. The column labeledcomponentwords shows the
componentwordsof the decomposedcompounds.TheGermanword eurofighterwassplit into euro andfighter
sinceboth componentwords are in the basedictionary, and the word eurofighter is not. Including the word
eurofigherin thebasedictionarywill preventit from beingsplit into componentwords.Thewordgeographoswas
decomposedinto geog, rapho, ands for thesamereasonthatthecomponentwordsarein thebasedictionary. Two
topic words,lateinamerikaandzivilbevölkerung, werenot split into componentwordsbecausebotharepresentin
ourbasedictionarywhichis far from beingperfect.For thesamereason,thepreisträgerswasnotdecomposedinto
preisandträgers. An idealbasedictionaryshouldcontainall andonly thewordsthatshouldnot be furthersplit
into smallercomponentwords.Our currentdecompoundingproceduredoesnot split wordsin thebasedictionary



into smallercomponentwords.Whenthetwo compounds,lateinamerikaandzivilbevölkerung, areremovedfrom
thebasedictionary, lateinamerikais split into lateinandamerika, andzivilbevölkerunginto zivil andbevölkerung.
Thetopicwordsüdjemenwasnotsplit into süd andjemenbecauseourbasedictionarydoesnotcontainwordsthat
arethree-letterlong or shorter. Themajority of theerrorsin decompoundingarecausedby theincompletenessof
thebasedictionaryor thepresenceof compoundwordsin thebasedictionary.

We useda Dutchstopword list of 1326wordsdownloadedfrom http://clef.iei.pi.cnr.it:2002/for Dutchmono-
lingual retrieval. After removing stopwords, the Dutch wordswerestemmedusingthe muscatDutch stemmer.
For Dutchdecompounding,we useda Dutchwordlist of 223,557words1. Fromthis wordlist we createda Dutch
basedictionaryof 210,639by manuallybreakingup thelong wordsthatappearto becompounds.It appearsthat
many Dutchcompoundwordsremainin thebasedictionary. Like theGermanbasedictionary, anidealDutchbase
dictionaryshouldincludeall andonly the wordsthat shouldnot be further decomposedinto smallercomponent
words.TheDutchwordsin the topicsor descfieldsof thetopicsweresplit into componentwordsusingthesame
procedureasfor Germandecompounding.Like Germandecompounding,thewordsin theDutchbasedictionary
arenotdecomposed.Thesourcewordlistfilescontainalist of countrynames,whichshouldhavebeedaddedto the

compounds component words compounds component words
1 rijkspolitie rijks politie 2 belangenverstrengeling belangen verstrengeling
3 sterrenstelsels sterren stelsels 4 bontsector bont sector
5 nobelprijs nobel prijs 6 verkoopaantallen verkoop aantallen
7 grungerock grunge rock 8 spionagezaak spionage zaak
9 frankrijk frank rijk 10 echtscheidingscijfers echtscheidings cijfers
11 oproepkaart oproep kaart 12 autofabrikanten auto fabrikanten
13 handelsembargo handels embargo 14 internationale inter nationale
15 duitsland duit s land 16 computerbeveiliging computer beveiliging
17 filmindustrie film industrie 18 veiligheidsbeleid veiligheids beleid
19 netwerktoegang veiligheids beleid 20 filmfestival film festival
21 omzetcrisis omzet crisis 22 computeranimatie computer animatie
23 tijdschema tijd schema

Table9: Dutchwordsin title or descfieldsof thetopicsthataresplit into componentwords.

Dutchbasedictionary. TheDutchwordsfrankrijk andduitslandweresplit into componentwordsbecausethey are
not in thebasedictionary. For thesamereason,theword internationalewasdecomposed.It appearscompound
words in Dutch arenot ascommonas in German. Like in Germanindexing, whena compoundwassplit into
componentwords,only the componentwordswereretainedin the index. Table10 presentsthe performanceof

1 2 3 4 5 6 7 8
features none decomp stem expan decomp+stem decomp+expan stem+expan decomp+stem+expan
avg prec 0.4021 0.4186 0.4281 0.4669 0.4446 0.4721 0.4770 0.4847
recall 1562 1623 1584 1614 1633 1727 1702 1734
change baseline +4.10% +6.47% +16.12% +10.57% +17.41% +18.63 +20.54%

Table10: Dutch monolingualretrieval performanceon CLEF-2002testset. The total numberof Dutch relevant
documentsfor the50 topicsof CLEF 2002is 1862.

Dutchmonolingualretrieval undervariousconditions.With no stemmingandexpansion,Dutchdecompounding
improvedtheaverageprecisionby 4.10%.Togetherthethreefeaturesimprovedtheaverageprecisionby 20.54%
over thebaseperformancewhennoneof thefeaturesis implemented.

1 2 3 4 5 6 7 8
features none decomp stem expan decomp+stem decomp+expan stem+expan decomp+stem+expan
avg prec 0.3239 0.3676 0.3587 0.3471 0.4165 0.3822 0.3887 0.4372
change baseline +13.49% +10.74% +7.16% +28.59% +18.00% +20.01% +34.98%

Table11: Dutch monolingualretrieval performanceon CLEF-2001testset. The total numberof Dutch relevant
documentsfor the50 topicsof CLEF 2001is 1224.

For comparison,table11 presentsthe Dutch monolingualperformanceon the CLEF 2001testset. Decom-
poundingaloneimprovedtheaverageprecisionby 13.49%.Topic 88 of CELF 2001is aboutmadcowdiseasesin

1downloadedfrom ftp://archive.cs.ruu.nl/pub/UNIX/ispell/words.dutch.gz



Europe. TheDutchequivalentof madcowdiseasesis gekkekoeienziektein thetopic,but neveroccursin theDutch
collection.Withoutdecompounding,theprecisionfor this topic is 0.1625,andwith decompounding,theprecision
increasedto 0.3216.Theprecisionfor topic90whichvegetableexporters is 0.0128withoutdecompounding.This
topiccontainstwo compoundwords,Groentenexporteursanddiepvriesgroenten. Theformeronewhich is perhaps
themostimportanttermfor this topic never occursin theDutchdocumentcollection. After decompounding,the
precisionfor this topic increasedto 0.3443.Topic55containstwo importantcompoundwords,Alpenverkeersplan
andAlpeninitiatief. Both never occur in the Dutch documentcollection. The precisionfor this topic is 0.0746
withoutdecompounding,andincreasedto 0.2137afterdecompounding.

6.2 Cross-language Retrieval Experiments

A major factoraffecting theendperformanceof cross-languageretrieval andmultilingual retrieval is thequality
of translationresources.In this section,we evaluatethe effectivenessof threedifferent translationresources:
automaticmachinetranslationsystems,parallelcorpora,andbilingualdictionaries.Two of theissuesin translating
topicsare1) determiningthenumberof translationsto retainwhenmultiple candidatetranslationsareavailable;
and2) assigningweightsto theselectedtranslations[8]. Whenmachinetranslationsystemsareusedto translate
topics,thesetwo issuesareresolved automaticallyby the machinetranslationsystems,sincethey providesonly
onetranslationfor eachword. However, whenbilingualdictionariesor parallelcorporaareusedto translatetopics,
oftenfor asourceword, theremaybeseveralalternative translations.

6.2.1 CLIR Using MT

In thissection,weevaluatetwo machinetranslationsystems,onlineBabelfishtranslation2 andL&H PowerTrans-
lator Pro,version7.0, for translatingtopicsin CLIR. We usedboth translatorsto translatethe 50 Englishtopics
into French,Italian, German,andSpanish.For eachlanguage,bothsetsof translationswerepreprocessedin the
sameway. Table12 presentsthe CLIR retrieval performancesfor all the official runsandadditionalruns. The

without with
expansion expansion

run id topic document resources precision precision change

bky2bienfr English French Babelfish+ L&H 0.4118 0.4773 +15.91%
bky2bienfr2 English French Systran+ L&H + 0.4223 0.4744 +12.34%

ParallelTexts
bky2bienfr3 English French Babelfish 0.3731 0.4583 +22.84%
bky2bienfr4 English French L&H 0.3951 0.4652 +17.74%
bky2bienfr5 English French Paralleltexts 0.3835 0.4529 +18.10%
bky2bidefr German French Babelfish 0.3437 0.4124 +19.99%

bky2biende English German Babelfish+ L&H 0.3561 0.4479 +25.78%
bky2biende1 English German Babelfish 0.3229 0.4091 +26.70%
bky2biende2 English German L&H 0.3555 0.4449 +25.15%
bky2bifrde French German Babelfish 0.3679 0.4759 +29.36%

bky2bienit English Italian Babelfish+ L&H 0.3608 0.4090 +13.36%
bky2bienit1 English Italian Babelfish 0.3239 0.3634 +12.20%
bky2bienit2 English Italian L&H 0.3412 0.3974 +16.47%

bky2bienes English Spanish Babelfish+ L&H 0.4090 0.4567 +11.66%
bky2bienes1 English Spanish Babelfish 0.3649 0.4108 +12.58%
bky2bienes2 English Spanish L&H 0.4111 0.4557 +10.85%

bky2biennl English Dutch Babylon 0.2564 0.3199 +24.77%

Table12: Performanceof cross-languageretrieval runs.Theids andaverageprecisionvaluesfor theofficial runs
arein bold face.

ids andaverageprecisionvaluesfor the official runsare in bold face. Last column in table12 shows the im-
provementof averageprecisionwith queryexpansionover without it. WhenbothL&H TranslatorandBabelfish

2publicly availableathttp://babelfish.altavista.com/



wereusedin cross-languageretrieval from Englishto French,German,Italian andSpanish,the translationfrom
L&H Translatorandthe translationfrom Babelfishwerecombinedby topic. The term frequenciesin the com-
binedtopicswerereducedby half so that the combinedtopicswerecomparablein lengthto the sourceEnglish
topics. Thenthecombinedtranslationswereusedto searchthedocumentcollectionfor relevantdocumentsasin
monolingualretrieval. For example,for theEnglish-to-Italianrunbky2bienit, wefirst translatedthesourceEnglish
topicsinto Italian usingL&H TranslatorandBabelfish.TheItalian translationsproducedby L&H Translatorand
theItalian translationsproducedby Babelfishwerecombinedby topic. Thenthecombined,translatedItalian top-
ics with termfrequenciesreducedby half wereusedto searchthe Italian documentcollections.Thebky2bienfr,
bky2biende, bky2bienesCLIR runsfrom Englishwereall producedin thesamewayasthebky2bienitrun. For En-
glish or Frenchto Germancross-languageretrieval runs,thewordsin title or descfieldsof thetranslatedGerman
topicsweredecompounded.For all cross-languageruns,wordswerestemmedafter removing stopwordslike in
monolingualretrieval. TheEnglish-to-Frenchrun bky2bienfr2wasproducedby merging thebky2bienfr run and
thebky2bienfr5run which usedparallelcorporaasthesoletranslationresource.More discussionabouttheuseof
parallelcorporawill bepresentedbelow.

All the cross-languagerunsappliedblind relevancefeedback.The top-ranked 10 termsfrom the top-ranked
10 documentsafter the initial searchwerecombinedwith the initial queryto formulateanexpandedquery. The
resultspresentedin table12 show thatqueryexpansionimprovedtheaverageprecisionfor theofficial runsfrom
10.85%to 29.36%.TheL&H TranslatorperformedbetterthanBabelfishfor cross-languageretrieval from English
to French,German,ItalianandSpanish.Combiningthetranslationsfrom L&H TranslatorandBabalfishperformed
slightly betterthanusingonly thetranslationsfrom L&H translator.

We noticesa numberof error in translatingEnglishto Italian usingBabelfish. For example,the Englishtext
SuperG which wastranslatedinto Superg, U.N. andU.S.-Russianwerenot translated.While thephraseSouthern
Yemenin thedescfieldwascorrectlytranslatedinto Südyemen, thesamephrasein thetitle fieldbecameSüdcYemen.
Decompoundingis helpful in monolingualretrieval, it is alsohelpful in cross-languageretrieval to Germanfrom

nodecompounding decompounding
source target translator averageprecision averageprecision change
English German L&H Translator 0.2776 0.3009 8.4%
English German Babelfish 0.2554 0.2906 13.78%
French German Babelfish 0.2774 0.3092 11.46%

Table13: Effectivenessof decompoundingin cross-languageretrieval to German.All runswereperformedwithout
stemmingandqueryexpansion.

other languagessuchasEnglish. An Englishphraseof two wordsmay be translatedinto a Germanphraseof
two words, or into a compound. For examples,in topic 111, the English phrasecomputeranimation in title
becameComputerAnimation, andComputerAnimationin desc. In topic109,theEnglishphraseComputerSecurity
becameComputer-Sicherheit in the title, but the samephrasein lower casein descbecameComputersicherheit.
Table13 shows theperformancesof threecross-languageretrieval to Germanwith andwithout decompounding.
Theimprovementin averageprecisionrangesfrom 8.4%to 13.78%.

6.2.2 English-French CLIR Using Parallel Corpora

We createda French-Englishbilingual lexicon from the CanadianHansard(the recordingsof the debatesof the
Housefor theperiodof 1994to 2001).Thetextsarein EnglishandFrench.Wefirst alignedtheHansardcorpusat
thesentencelevelusingthelength-basedalgorithmproposedbyGaleandChurch[7], resultingin abouttwo million
alignedFrench/Englishsentencepairs.To speedup thetraining(i.e,estimatingword translationprobabilities),we
extractedandusedonly the sentencepairsthat containat leastoneEnglishtopic word in CLEF-2001topics. A
numberof preprocessingstepswerecarriedout prior to the training. First, we removed the Englishstopwords
from theEnglishsentences,andFrenchstopwordsfrom theFrenchsentences.Secondly, we changedthevariants
of aword into its baseform. For English,weusedamorphologicalanalyzerdescribedin [5]. For French,weused
a FrenchmorphologicalanalyzernamedDICO. Eachof thepackagescontainsa list of wordstogetherwith their
morphologicalanalyses.Thirdly, we discardedthe sentencepairs in which oneof the sentencehas40 or more
wordsafterremoving stopwords,andthesentencepairsin which thelengthratio of theEnglishsentenceover the
Frenchsentenceis below .7or above1.5.Theaveragelengthratioof Englishtext overFrenchtext is approximately
1.0. Sincesentencealignmentis not perfect,somemis-alignmentsareunavoidable.Hencetheremaybesentence



pairsin whichthelengthratiosthatdeviatefar from theaveragelengthratio. After thepreprocessing,only 706,210
pairsof alignedsentencesremained.The remainingalignedsentencepairswerefed to GIZA++ for estimating
English-to-Frenchword translationprobabilities.GIZA++ toolkit is anextensionto theEGYPTtoolkit [1] which
wasbasedon the statisticalmachinetranslationmodelsdescribedin [2]. Readersarereferredto [11] for more
detailson GIZA++. Thewhole trainingphasetook about24 hourson a SunMicrosystemSparcserver machine.
Table14showsthefirst threeFrenchtranslationsproducedby GIZA++ for someof thewordsin theEnglishtopics.

English Frenchtranslations Translationprobability English Frenchtranslation Translationprobability
amnesty amnistier 0.960881 independence indpendance 0.762385

amnistie 0.032554 autonomie 0.142249
amnesty 0.006565 indpendant 0.032079

asthma asthme 0.902453 lead mener 0.128457
asthma 0.053307 conduire 0.076652
atteindre 0.044240 amener 0.066278

car voiturer 0.251941 phone téléphoner 0.419111
automobile 0.214175 téléphonique 0.194628
voiture 0.160644 appeler 0.123656

computer informatique 0.438414 prime ministre 0.898780
ordinateur 0.434168 chrtien 0.049399
informatiser 0.021902 principal 0.003372

conflict conflit 0.873595 race race 0.598102
guerre 0.016048 courser 0.182982
contradictoire 0.012773 racial 0.053363

currency monnayer 0.455730 rock rock 0.889616
deviser 0.108036 rocher 0.015060
devise 0.106799 pierre 0.010083

fall automne 0.323739 right droit 0.973834
tomber 0.081521 rights 0.002897
relever 0.064848 charte 0.001411

film film 0.722327 sanction sanction 0.600641
cinmatographique 0.105770 sanctionner 0.147880
cinma 0.058341 approuver 0.076667

economic économique 0.830063 star star 0.624963
économie 0.104932 toile 0.130342
financier 0.010520 toiler 0.077801

Table14: Englishto Frenchword translationprobabilitiesestimatedfrom parallelcorporausinga statisticalma-
chinetranslationtoolkit.

TheFrenchtranslationsarerankedin descendingorderby theprobabilityof translatingfrom anEnglishword into
Frenchwords.In translatinganEnglishwordinto French,weselectedonly oneFrenchword,theoneof thehighest
translationprobability, asthetranslation.TheEnglishtopicsweretranslatedinto Frenchword-by-word, thenthe
translatedFrenchtopicswereusedin producingtheEnglish-to-Frenchrun labeldbky2bienfr5in table12. Without
queryexpansion,theparallelcorpus-basedEnglish-FrenchCLIR performancewasslightly betterthanthatof using
Babelfish,but slightly lower thanthatof usingL&H translator.

The CLEF 2002Englishtopicscontaina numberof polysemouswordssuchascup, fall, interest, lead, race,
right, rock, star, andthe like. The word fall in the context of fall in saleof cars in topic 106 hasthe meaning
of declining. However, themostlikely Frenchtranslationfor fall astable14 shows is automne, meaningautumn
in English. The word race in ski race in topic 102 or in racecar in topic 121 hasthe meaningof contestor
competitionin speed.Again theFrenchwordof thehighesttranslationprobabilityis race, meaninghumanracein
English. ThecorrentFrenchtranslationfor thesenseof racein ski raceor car raceshouldbecourse. Theword
star in topic 129meansa plantor celestialbody, while in topic 123in thecontext of popstar, it meansa famous
performer. Thecorrecttranslationfor star in topic129shouldbeétoile, insteadof themostlikely translationstar,
which is thecorrectFrenchword for thesenseof star in popstar. Theword rock in topic 130hasthesamesense
asrock in rock music, not thesenseof stone. Thecorrecttranslationfor rock in topic 130shouldbe rocke. In the
sametopic, theword lead in leadsinger meanssomeonein theleadingrole,not themetal.Theseexamplesshow
that taking theFrenchword of thehighesttranslationprobabilityasthe translationfor anEnglishword is overly
simplified.Choosingtheright Frenchtranslationswould requirewordsensedisambiguation.



6.2.3 CLIR using bilingual dictionary

For theonly English-to-Dutchrun bky2biennl, theEnglishtopicsweretranslatedinto Dutch by looking up each
Englishtopic word,excludingstopwords,in theonlineEnglish-DutchdictionaryBabylon3. All theDutchwords
in the dictionary lookup resultswere retainedexcept for Dutch stopwords. The Dutch compoundwords were
split into componentwords. If translatingan Englishtopic word resultedin � Dutch words,thenall translated
Dutch wordsof the Englishword received the sameweight 7� , i.e., the translatedDutch wordswereweighted
uniformly. The averageprecisionof the English-to-Dutchrun is 0.3199,which is much lower than0.4847for
Dutchmonolingualretrieval.

6.3 Multilingual Retrieval Experiments

In this section,we describeour multilingual retrieval experimentsusingtheEnglishtopics(only title anddescrip-
tion fieldswereindexed).As mentionedin thecross-languageexperimentssectionabove,wetranslatedtheEnglish
topicsinto theotherfour documentlanguageswhichareFrench,German,Italian,andSpanishusingBabelfishand
L&H Translator. A separateindex wascreatedfor eachof the five documentlanguages.For the multilingual
retrieval runs,wemergedfiverankedlistsof documents,oneresultedfrom Englishmonolingualretrieval andfour
resultedfrom cross-languageretrieval from Englishto the other four documentlanguages,to producea unified
rankedlist of documentsregardlessof language.

A fundamentaldifferencebetweenmerging in monolingualretrieval or cross-languageretrieval andmerging
in multilingual retrieval is that in monolingualor cross-languageretrieval, documentsfor individual ranked lists
arefrom the samecollection,while in multilingual retrieval, the documentsfor individual ranked lists arefrom
differentcollections.For monolingualor cross-languageretrieval, if weassumethatdocumentsappearingonmore
thanonerankedlist aremorelikely to berelevant thantheonesappearingon a singlerankedlist, thenwe should
rankthedocumentsappearingon multiple rankedlists in higherpositionin themergedrankedlist of documents.
A simpleway to accomplishthis is to sumtheprobabilityof relevancefor thedocumentsappearingon multiple
ranked lists while the probabilitiesof relevancefor the documentsappearingon a single list remainthe same.
After summingup theprobabilities,thedocumentsarere-rankedin descendingorderby combinedprobabilityof
relevance. In multilingual retrieval merging, sincethe documentson the individual ranked lists areall different,
we cannotusemultiple appearancesof a documentin theranked lists asevidenceto promoteits rankin thefinal
rankedlist. Theproblemof merging multiple rankedlists of documentsin multilingual retrieval is closelylinked
to estimatingprobabilityof relevance.If theestimatesof probabilityof relevanceareaccurateandwell calibrated,
thenonecansimply combinetheindividual rankedlists andthenre-rankthecombinedlist by theraw probability
of relevance.In practice,estimatingrelevanceprobabilitiesis ahardproblem.

Welookedat theestimatedprobabilitiesof relevanceproducedusingtherankingformuladescribedin section2
for theCLEF2001topicsto seeif thereis a linearrelationshipbetweenthenumberof relevantdocumentsandthe
numberof documentswhoseestimatedprobabilitiesof relevanceareabove somethreshold.Figure1 shows the
scatterplot of thenumberof retrieveddocumentswhoseestimatedrelevanceprobabilitiesareabove0.37versusthe
numberrelevantdocumentsfor thesametopic. Eachdot in thefigurerepresentsoneFrenchtopic. Therankedlist
of documentswasproducedusingthe50Frenchtopicsof CLEF2001to searchagainsttheFrenchcollectionwith
queryexpansion.Thetop-ranked10 termsfrom top-ranked10 documentsin the initial searchweremergedwith
initial queryto createtheexpandedquery. Thethresholdof 0.37waschosensothatthetotalnumberof documents
for all 50 topicswhoseestimatedrelevanceprobabilitiesareabove the thresholdis closeto the total numberof
relevantdocumentsfor thesamesetof topics.If theestimatedprobabilitiesaregood,thedotsin thefigurewould
appearalongthediagonalline. Thefigureshows thereis no linear relationshipbetweenthenumberof retrieved
documentswhoserelevanceprobabilitiesareabove the thresholdandthe numberof relevant documentsfor the
sametopic. This impliesonecannotusetheraw relevanceprobabilitiesto directlyestimatethenumberof relevant
documentsfor a topic in a testdocumentcollection.

Thereare a few simple ways to merge ranked lists of documentsfrom different collections. Here we will
evaluatetwo of them. Thefirst methodis to combineall rankedlists, sort thecombinedlist by theraw relevance
score,thentake the top 1000documentsper topic. The secondmethodis to normalizethe relevancescorefor
eachtopic, dividing all relevancescoresby the relevancescoreof the top most ranked documentfor the same
topic. Table15 presentsthemultilingual retrieval performancewith differentmerging strategies.Themultilingual
runswereproducedby mergingfrom fiveruns:bky2moen(English-English,0.5602),bky2bienfr(English-French,
0.4773),bky2biende(English-German,0.4479),bky2bienit (English-Italian,0.4090),andbky2bienes(English-
Spanish,0.4567). The run bky2muen1wasproducedby rankingthe documentsby the unnormalizedrelevance

3availableathttp://www.babylon.com



Figure1: Numberof retrieveddocumentswith relevanceprobabilityover .37versusthenumberof relevantdocu-
mentsfor thesametopic.

run id topic language topic fields merging strategy recall precision
bky2muen1 English title,desc Directmerging 5880/8068 0.3762
bky2muen2 English title,desc Normalizedmerging 5765/8068 0.3570

Table15: Multilingual retrieval performancefor differentmerging strategies. The five runsfrom which the the
multilingual runswereproducedarebky2moen, bky2bienfr, bky2biende,bky2bienit,bky2bienes.

probabilitiesaftercombiningthe individual runs. And therun bky2muen2wasproducedin thesameway except
that the relevanceprobabilitieswerenormalizedbeforemerging. For eachtopic, the relevanceprobabilitiesof
thedocumentswasdividedby the relevanceprobabilityof thehighest-rankeddocumentfor thesametopic. The
simplestdirect merging outperformedthe scorenormalizingmerging strategy. We did two things to make the
relevanceprobabilitiesof documentsfrom different languagecollectionscomparableto eachother. Firstly, as
mentionedin section6.2.3,after concatenatingthe topic translationsfrom two translators,we reducedthe term
frequenciesby half sothatthetranslatedtopicsarecloseto thesourceEnglishtopicsin length.Secondly, in query
expansion,we took thesamenumberof terms(i.e, 10) from thesamenumberof top-rankeddocuments(i.e, 10)
aftertheinitial searchfor all five individual runsthatwereusedto producethemultilingual runs.

In the remainderof this section,we presenta procedurefor computingthe optimal performancethat could
possiblybeachievedundertheconstraintthat therelative rankingof thedocumentsin the individual ranked lists
is preserved. This procedureassumesthat the relevancesof documentsare known, thus it is not useful to to
predictranksof documentsin thefinal ranked list for multilingual retrieval. However, knowing theupper-bound
performancefor a setof rankedlists of documentsandtherelateddocumentrelevancesis usefulin measuringthe
performanceof differentmerging strategies.We will useanexampleto explain theprocedure.Let usassumewe
aregoingto mergethreerunslabeled

�
, � and � , asshown in table16. Therelevantdocumentsaremarkedwith

an ‘*’. We want to find a combinedranked list suchthat the averageprecisionis maximizedwithout changing
the relative rank orderof the documentson the sameranked list. First we transformthe individual runsshown
in table16 into the form shown in table17 by groupingtheconsecutive irrelevantandrelevantdocuments.Each
entry in table 17 hasthe form �����Mh��]��o S �]o S Q 7D�q'q'D'q�Mo �N� , where o S is the id of the documentranked in the n th
positionin theoriginal ranking. ��o S �Mo S Q 7D�q'D'q'q�Mo �N� denotesa setof consecutive irrelevantandrelevantdocuments



RunA RunB RunC
1

� 7 * �g7 �_7
2

� ? ��? �A? *
3

� E * ��E * �
E *
4

� J �4J �-J *
Table16: Individual ranks.Relevantdocumentsaremarkedwith *

rankedin positionfrom n to � , inclusive. � is thenumberof irrelevantdocumentsin theset,and h is thenumber
of relevant documentsin the set. For example,the entry (2,1) ���g7 ,��? ,�4E � meansthe set ���g7 ,��? ,��E � hastwo
irrelevantdocuments,��7 and ��? , andonerelevantdocument,��E . After thetransformation,theprocedurecanbe

set RunA RunB RunC
1 (0,1) � � 7 � (2,1) ����7 ,��? ,�4E � (1,3) �N�_7 , �A? , �
E , �-J �
2 (1,1) � � ? , � E � (1,0) ���>J �
3 (1,0) � � E �

Table17: Rankedlists aftertransformation.

implementedin four steps.
Step1: Let the activesetconsistof the first set in the individual lists that containsat leastonerelevant doc-

ument. For the examplepresentedin table 17, the initial active set is � (0,1) � � 7 � , (2,1) ����7 ,��? ,�4E � , (1,3)�l�>7 , ��? , �AE , �
J ���
Step2: Choosetheelementin theactivesetwith thesmallestnumberof irrelevantdocuments.If therearetwo

or moreelementswith the smallestnumberof irrelevant documents,thenchoosethe elementthat alsocontains
the largestnumberof relevant documents.If therearetwo or moreelementswith the samesmallestnumberof
irrelevantdocumentsandthesamelargestnumberof relevantdocumentsin thecurrentactiveset,randomlychoose
oneof them. Appendtheselectedelementto thefinal rankedlist. If thenext setappearingimmediatelyafter the
selectedelementcontainsat leastonerelevantdocument,thenaddthenext setto thecurrentactiveset. That is,
sort the activesetby � asthe majororderin increasingorder, andby h astheminor orderin decreasingorder,
thentakeout thefirst elementandput it in thefinal rankedlist.

Step3: Repeatstep2 until thecurrentactivesetis empty.
Step4: If thefinal rankedlist haslessthan1000documents,appendmoreirrelevantdocumentsdrew from any

individual list to thefinal rankedlist.
Theoptimalrankingafterreorderingthesetsis presentedin table18

set Optimalranking
1 (0,1) � � 7 �
2 (1,3) �l�>7 , ��? , �AE , �-J �
3 (1,1) � � ? , � E �
4 (2,1) �D�g7 ,��? ,�4E �
5 (1,0) � � J �
6 (1,0) �D�4J �
Table18: Optimalranking.

Theupper-boundaverageprecisionfor thesetof runsusedfor producingourofficial multilingualrunsis 0.5177
with overall recallof 6392/8068.Theperformancesof thedirectmerging andscore-normalizingmerging arefar
below theupper-boundperformancethatcouldpossiblybeachieved.

7 Conclusions

Wehavepresenteda techniquefor incorporatingblind relevancefeedbackinto adocumentrankingformulabased
on logistic regressionanalysis.The improvementin averageprecisionbroughtby queryexpansionvia blind rel-
evancefeedbackrangesfrom 6.42%to 19.42%for monolingualretrieval runs,andfrom 10.85%to 29.36%for



cross-languageretrieval runs. We have alsopresenteda procedureto decomposeGermancompoundsandDutch
compounds.Germandecompoundingimproved the the averageprecisionof Germanmonolingualretrieval by
11.47%.Decompoundingincreasedtheaverageprecisionfor cross-languageretrieval to Germanfrom Englishor
French.Theincreaserangesfrom 8.4%to 11.46%.For Dutchmonolingualretrieval,decompoundingincreasedthe
averageprecisionby 4.10%,whichis muchlowerthantheimprovementof 13.49%onCLEF2001testset.In sum-
mary, bothblind relevancefeedbackanddecompoundingin Germanor Dutchhave beenshown to beeffective in
monolingualandcross-languageretrieval. Theamountof improvementof performanceby decompoundingvaries
from onesetof topicsto another. Threedifferenttranslationresources,machinetranslators,parallelcorpora,and
bilingualdictionaries,wereevaluatedoncross-languageretrieval. WefoundthattheEnglish-FrenchCLIR perfor-
manceof usingparallelcorporawascompetitivewith thatof usingcommercialmachinetranslators.Two different
merging strategies in multilingual retrieval wereevaluated. The simpleststrategy of merging individual ranked
lists of documentsby unnormalizedrelevancescoreworked betterthan the onefirst normalizingthe relevance
score.To maketherelevancescoresof thedocumentsfrom differentcollectionsascloselycomparableaspossible,
we selectedthesamenumberof termsfrom thesamenumberof top-rankeddocumentsafter theinitial searchfor
queryexpansionin all the runsthatwerecombinedto producetheunified ranked lists of documentsin multiple
languages.We usedtwo machinetranslatorsto translateEnglishtopicsto French,German,Italian andSpanish,
andcombinedby topic thetranslationsfrom thetwo translators.Wereducedthetermfrequenciesin thecombined
translatedtopicsby half so that the combinedtranslatedtopicsareclosein lengthto the sourceEnglishtopics.
Wepresentedanalgorithmfor generatingtheoptimalrankedlist of documentswhenthedocumentrelevancesare
known. Theoptimalperformancecanthenbeusedto measuretheperformancesof differentmerging strategies.
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