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Abstract

This paperreportson theparticipationof ITC-irst in theCrossLanguageEvaluationForum(CLEF)of
2001. ITC-irst hastakenpart to two tracks: themonolingualretrieval task,andthebilingual retrieval
task. In bothcases,Italian waschosenasthequerylanguage,while Englishwaschosenasthedocu-
mentlanguageof thebilingual task. Theemployed retrieval enginecombinesscorescomputedby an
Okapimodelanda statisticallanguagemodel.Thecrosslanguagesystememployesa statisticalquery
translationmodel,which is estimatedon thetargetdocumentcollectionandona translationdictionary.

1. Introduction
This paper reports on the participation of ITC-
irst in two Information Retrieval (IR) tracksof the
CrossLanguageEvaluationForum(CLEF)2001:the
monolingualretrieval task,andthebilingual retrieval
task. The languagefor the querieswasalwaysItal-
ian, andEnglishdocumentsweresearchedfor in the
bilingual task.With respectto the2000CLEFevalu-
ation(Bertoldi andFederico,2000),themonolingual
IR systemwas just slightly refined, while most of
theeffort wasdedicatedto developanoriginal cross-
languageIR system.
ThebasicIR engine,usedfor bothevaluations,com-
binesscoresof a standardOkapimodelandof a sta-
tistical languagemodel. For cross-languageIR, a
light-weight statisticalmodel for translatingqueries
wasdeveloped,which doesnot needany parallelor
comparablecorporato be trained,but just the target
documentcollectionandabilingualdictionary.
This paperis organizedasfollows. In Section2, the
employedtext pre-processingmodulesarepresented.
Section3 describesthe employed IR models,Sec-
tion 4 introducesthecross-languagespecificmodels,
namelythequerytranslationmodelandtheretrieval
model. Section5 presentsthe official evaluationre-
sults.Finally, Section6 givessomeconclusions.

2. Text Pre-Processing
Text pre-processingis performedin several stages,
whichmaydiffer accordingto thetaskandlanguage.
In thefollowing a list of modulesusedto pre-process
documentsandqueriesis given,by alsospecifyingto
which languagesthey apply.

2.1. Tokenization - IT+EN

Text tokenization is performedin order to isolate
words from punctuationmarks, recognizeabbrevi-
ations and acronyms, correct possibleword splits

acrosslines, and discriminatebetweenaccentsand
quotationmarks.

2.2. Morphological analysis - IT

A morphologicalanalyzerdecomposeseachItalian
inflectedword into its morphemes,andsuggestsall
possiblePOSsandbaseformsof eachvalid decom-
position. By baseforms we meanthe usualnot in-
flectedentriesof adictionary.

2.3. POS tagging - IT

Wordsin atext aretaggedwith parts-of-speech(POS)
by computingthebesttext-POSalignmentthrougha
statisticalmodel. The employed taggerworks with
57 tagclassesandhasanaccuracy around96%.

2.4. Base form extraction - IT

OncethePOSandthemorphologicalanalysisof each
word in thetext is computed,a baseform canbeas-
signedto eachword.

2.5. Stemming - EN

Word stemmingis just performedon Englishwords
by usingthePorter’salgorithm.

2.6. Stop-terms removal - IT+EN

Wordsthatarenotconsideredrelevantfor IR aredis-
cardedin order to save index space. Wordsarefil-
teredoutonthebasiseitherof theirPOS(if available)
or their inverteddocumentfrequency.

2.7. Multi-word recognition - EN

Multi-wordsare just usedfor the sake of the query
translation. Hence,the statisticsusedby the trans-
lation modelsdo containmulti-words.After transla-
tion, multi-wordsaresplit into singlewords.
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Table1: List of oftenusedsymbols.

3. Information Retrieval Models

3.1. Okapi Model

To scoretherelevanceof adocument
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evaluatesthe relevanceof term � inside the collec-
tion. Themodelimplies two parameters
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wereused.An explanationof theinvolvedtermscan
befoundin (Robertsonet al., 1994)andotherpapers
referredin it.

3.2. Language Model

Accordingto this model,thematchbetweena query
random variable

�
and a documentrandomvari-

able
�

isexpressedthroughthefollowingconditional
probabilitydistribution:
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a uniform a-priori probability distribution aboutthe
documents,anddisregardingthe normalizationfac-
tor, documentscanberanked,with respectto
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by the likelihoodterm
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. If we assumean
order-freemultinomialmodel,thelikelihoodis:
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Theprobabilitythataterm � is generatedby
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estimatedby a statisticallanguagemodel(LM). Pre-
viouswork onstatisticalinformationretrieval (Miller
et al., 1998;Ng, 1999)proposedto interpolaterela-
tive frequenciesof eachdocumentwith thoseof the
wholecollection,with interpolationweightsempiri-
cally estimatedfrom thedata.
In this work we usean interpolationformula which
appliesthe smoothingmethodproposedby (Witten
andBell, 1991).Thismethodlinearlysmoothesword
frequenciesof a document,andtheamountof prob-
ability assignedto never observed termsis propor-
tional to the numberof differentwordscontainedin
thedocument,i.e.:
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where
RTS*� � � , the word probability over the collec-

tion, is estimatedby interpolatingthesmoothedrela-
tive frequency with theuniform distribution over the
vocabulary

�
:
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3.3. Combined model

Previouswork (Bertoldi andFederico,2000)showed
thatOkapiandthe statisticalmodelrankdocuments
almostindependently. Hence,informationaboutthe
relevantdocumentscanbe gainedby integratingthe
scoresof both methods. Combinationof the two
models is implementedby just taking the sum of
scores.Actually, in orderto adjustscaledifferences,
scoresof eachmodel are normalizedin the range{ M � 6=|

beforesummation.

3.4. Blind Relevance Feedback

Blind relevance feedback(BRF) is a well known
techniquethat allows to improve retrieval perfor-
mance.Thebasicideais to performretrieval in two
steps. First, the documentsmatching the original
query� areranked,thenthe } bestrankeddocuments
aretakenandthe ~ mostrelevant termsin themare
addedto the query. Hence,the retrieval phaseis re-
peatedwith theaugmentedquery. In this work, new



searchtermsareextractedby sortingall the termsof
the } top documentsaccordingto (Johnsonet al.,
1999):
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where
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is thenumberof documents,amongthetop} documents,which containword � . In all theper-
formedexperimentsthe values }  O
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wereused.

4. Cross-language IR Model
4.1. Query Translation Model

Querytranslationis basedonahidden Markov model
(HMM) (Rabiner, 1990),in whichtheobservablepart
is the query

�
in the sourcelanguage(Italian), and

the hiddenpart is the correspondingquery
�

in the
target language(English).Hence,thejoint probabil-
ity of apair

�����
canbedecomposedasfollows:
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determinedthroughthewell known Viterbi algorithm
(Rabiner, 1990).Probabilities
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from atranslationdictionaryasfollows:
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erwise. For the CLEF evaluationan Italian-English
dictionaryof about45K entrieswasused.
Probabilities
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areestimatedon the target

documentcollection, throughthe following bigram
LM, that tries to compensatefor differentword or-
deringsinducedby thesourceandtargetlanguages:
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dow of fixed size. Smoothingof the probability is
performedthroughabsolutediscountingandinterpo-
lationasfollows:
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(7), andthe absolutediscountingterm ¦ is equalto
theestimateproposedin (Ney et al., 1994):
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with § � representingthenumberof termpairsoccur-
ring exactly

2
timesin thecorpus.

4.2. Cross-Language IR Model

As afirst methodto performcross-languageretrieval,
a simpleplug-in methodwasdevised,which decou-
plesthetranslationandretrievalphases.Hence,given
a query

�
in thesourcelanguage,theViterbi decod-

ing algorithmis appliedto computethemostproba-
ble translation

���
in the target language,according

to the statisticalquery translationmodel explained
above. Then,thedocumentcollectionis searchedby
applyinga conventionalmonolingualIR method.

1. Find thebesttranslationof query
�

:� �  7«I¬�H!�«8®�¯ RTS�� ���(���
2. Orderdocumentsby usingthetranslation

���
Table2: Plug-inmethodfor cross-languageIR.

5. Evaluation
5.1. Monolingual Track

Two monolingualrunsweresubmittedto the Italian
monolingualtrack.Thefirst runusedall theinforma-
tion availablefor thetopics,while thesecondonejust
thetitle anddescriptionparts.Thetrackconsistedof
47 topics, for a total of 1,246documentsto be re-
trievedinsideacollectionof 108,578documents.
A detaileddescriptionof the usedsystemfollows
now:°

Document/querypre-processing:tokenization,
POStagging,baseformextraction,stop-termre-
moval.°
Retrieval step1: separateOkapiandLM runs.°
BRF:performedon eachmodeloutput.°
Retrieval step2: sameas step1 with the ex-
pandedquery.°
Final rank: sumof Okapi andLM normalized
scores.

Resultsof thesubmittedrunsaregivenin Table3.

5.2. Bilingual IR Evaluation

Two runs were submittedto the Italian-to-English
bilingual track, with the same modalities of the
monolingualtrack. The bilingual track consistedof
47topics,for a totalof 856documentsto beretrieved
insidea collectionof 110,282documents.A detailed
descriptionof theusedsystemfollowsnow:



Retrieval Mode Official Run mAvPr
title+desc+narr IRSTit1 48.59
title+desc IRSTit2 46.44

Table3: Resultson theItalianmonolingualtracks.

Retrieval Mode Official Runs mAvPr
title+desc+narr IRSTit2en1 42.51
title+desc IRSTit2en2 34.11

Retrieval Mode NonOfficial Runs mAvPr
title+desc+narr Babelfish 44.53
title+desc Babelfish 37.99

Table 4: Results on the Italian-English bilingual
tracks.

°
Documentpre-processing:tokenization,stem-
ming,stop-termremoval.°
Query pre-processing:tokenization,POS tag-
ging, baseform extraction,stop term removal,
translation,multi-wordssplit, stemming.°
Retrieval step1: separateOkapiandLM runs.°
BRF:performedon eachmodeloutput.°
Retrieval step2: sameas step1 with the ex-
pandedquery.°
Final rank: sumof Okapi andLM normalized
scores.

An importantissueconcernswith the useof multi-
words.Multi-wordswereonly usedfor thetargetlan-
guage,i.e. English,andjust for the translationpro-
cess.After translation,multi-wordsin thequeryare
split againinto singlewords.
As atermof comparison,ourstatisticalquerytransla-
tion modelwasreplacedwith theBabelfishtext trans-
lation servicepoweredby Systranand available on
the Internet1. Cross-languageretrieval performance
was measuredby keepingall the other components
of thesystemfixed. Resultsobtainedby thesubmit-
tedrunsandby theBabelfishtranslatorareshown in
Table4. The meanaverageprecisionachievedwith
thecommercialtranslationsystemshows to beabout
5%-10%better, dependingto theretrieval mode.De-
tailedresultsof theexperimentsareshown in Table4.

6. Conclusion
In thiswork wepresentedthemonolingualandcross-
languageinformationretrieval systemsdevelopedat
ITC-irst andevaluatedat theCLEF 2001.In particu-
lar, thecross-languagesystemusesastatisticalquery

1http://world.altavista.com

translationalgorithmthatrequiresminimal language
resources:a bilingual dictionaryandthe targetdoc-
umentcollection. Resultson the CLEF 2001evalu-
ationdatashow thatsatisfactoryperformancecanbe
achieved with this simple translationmodel. How-
ever, experiencegainedfrom themany performedex-
perimentssuggestthatafair comparisonbetweendif-
ferentsystemswould requirea much larger amount
of queries. The retrieval performanceshows in fact
to beverysensitive to thetranslationstep.
Current work is in the direction of further devel-
oping the hereproposedstatisticalmodel for cross-
languageIR. In particular, significantimprovements
have beenachievedby closely integratingthe trans-
lationandretrieval models.
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