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Abstract

This paperreportson the participationof ITC-irst in the CrossLanguageEvaluationForum (CLEF) of
2001. ITC-irst hastaken partto two tracks: the monolingualretrieval task,andthe bilingual retrieval
task. In both cases]talian waschosenasthe querylanguagewhile Englishwaschosenasthe docu-
mentlanguageof the bilingual task. The emplgyed retrieval enginecombinesscorescomputedby an
Okapimodelanda statisticallanguagemodel. The crosslanguagesystememplo/esa statisticalquery
translatiormodel,which is estimatedn thetargetdocumentollectionandon a 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 querieswas always Ital-
ian, andEnglishdocumentsveresearchedor in the
bilingual task. With respecto the 2000CLEF evalu-
ation (Bertoldi andFederico 2000),the monolingual
IR systemwas just slightly refined, while most of
the effort wasdedicatedo developanoriginal cross-
languagdR system.

ThebasiclR engine,usedfor bothevaluationscom-
binesscoresof a standardOkapimodelandof a sta-
tistical languagemodel. For cross-languagéR, a
light-weight statisticalmodelfor translatingqueries
was developed,which doesnot needary parallelor
comparablecorporato be trained,but just the target
documentollectionanda bilingual dictionary

This paperis organizedasfollows. In Section2, the
employedtext pre-processingnodulesarepresented.
Section3 describeghe employed IR models, Sec-
tion 4 introduceghe cross-languagspecificmodels,
namelythe querytranslationmodelandtheretrieval
model. Section5 presentshe official evaluationre-
sults. Finally, Section6 givessomeconclusions.

2. Text Pre-Processing

Text pre-processings performedin several stages,
which may differ accordingo thetaskandlanguage.
In thefollowing alist of modulesusedto pre-process
documentandqueriess given, by alsospecifyingto
which languageshey apply.

2.1. Tokenization - IT+EN

Text tokenizationis performedin order to isolate
words from punctuationmarks, recognizeabbrevi-
ations and acroryms, correct possibleword splits

acrosslines, and discriminatebetweenaccentsand
guotationmarks.

2.2. Morphological analysis- IT

A morphologicalanalyzerdecomposegachltalian
inflectedword into its morphemesand suggestsll

possiblePOSsandbaseforms of eachvalid decom-
position. By baseforms we meanthe usualnot in-

flectedentriesof adictionary

2.3. POStagging-IT

Wordsin atext aretaggedwith parts-of-speec{POS)
by computingthe besttext-POSalignmentthrougha
statisticalmodel. The employed taggerworks with

57tagclassesandhasanaccuray around96%.

2.4. Baseform extraction-|T

OncethePOSandthemorphologicahnalysisof each
word in thetext is computeda baseform canbe as-
signedto eachword.

25. Stemming- EN

Word stemmingis just performedon Englishwords
by usingthe Porters algorithm.

2.6. Stop-termsremoval - IT+EN

Wordsthatarenot consideredelevantfor IR aredis-
cardedin orderto sase index space. Words arefil-
teredoutonthebasiseitherof their POS(if available)
or theirinverteddocumenfrequeng.

2.7. Multi-word recognition - EN

Multi-w ords are just usedfor the sale of the query
translation. Hence,the statisticsusedby the trans-
lation modelsdo containmulti-words. After transla-
tion, multi-wordsaresplitinto singlewords.



Q,T,D randomvariablesof query, translationanddocument
q,t,d instance®f query querytranslationanddocument
w,i,e genericterm, Italian term,Englishterm
D collectionof documents
V,V(d) setof termsoccurringin D, andin documend

,N(d) numberof termoccurrences D, andin adocument

frequeng of termw in D, in documentd, andin queryq

w numberof documentsn D which containtermw

[ sizeof aset

Tablel: List of oftenusedsymbols.

3. Information Retrieval Models

3.1. Okapi Model

To scoretherelevanceof adocumentl versusaquery
q, thefollowing Okapiweightingfunctionis applied:

s(d)= Y Nlgw)Wa(w)idf(w) (1)

weqNd

_ N(d, w)(kl + 1)
w)= N(d)
k(1 —b) + kp™MD 4 N (d, w)

(@)

scoregherelevanceof w in d, andtheinverteddocu-
mentfrequeny:

N —-N,+0.5
Ny +0.5

evaluatesthe relevanceof term w inside the collec-

tion. The modelimpliestwo parameterg; andb to

be empiricallyestimatecver adevelopmensample.
Asin previouswork, thesettingk; = 1.5 andb = 0.4

wereused.An explanationof theinvolvedtermscan
befoundin (Robertsoretal., 1994)andotherpapers
referredin it.

idf (w) = log 3)

3.2. Language M odel

Accordingto this model,the matchbetweena query
randomvariable ) and a documentrandom vari-
ableD is expressedhroughthefollowing conditional
probability distribution:

Pr(Q | D)Pr(D)
Pr(Q)

where Pr(@Q | D) representshe likelihood of @,
givenD, Pr(D) representthea-priori probability of
D, andPr(Q) is anormalizationterm. By assuming
a uniform a-priori probability distribution aboutthe
documentsand disregardingthe normalizationfac-
tor, documentganberanked,with respecto @, just
by thelikelihoodterm Pr(Q | D). If we assumean
orderfreemultinomialmodel,thelikelihoodis:

Pr(D|Q) =

(4)

PrQ=uws,...,wn | D=d) =[] Pr(ws|d) ()
k=1

Theprobabilitythatatermw is generatetby d canbe
estimateduy a statisticallanguagenodel(LM). Pre-
viouswork on statisticalinformationretrieval (Miller

etal., 1998;Ng, 1999) proposedo interpolaterela-
tive frequencief eachdocumentwith thoseof the
whole collection, with interpolationweightsempiri-
cally estimatedrom thedata.

In this work we usean interpolationformula which
appliesthe smoothingmethodproposedby (Witten
andBell, 1991). Thismethodinearly smoothesvord
frequencieof a documentandthe amountof prob-
ability assignedo never obsered termsis propor
tional to the numberof differentwords containedn

thedocumentij.e.:

N(d,w)
(d) + [V(d)|

V@)
N(d) + V()]

Pr(w|d) = N P(w)
where Pr(w), the word probability over the collec-
tion, is estimateddy interpolatingthe smoothedela-
tive frequeny with the uniform distribution over the
vocahulary V:

N(w) v 1

P = — 7
"=y tyeppy O

3.3. Combined model

Previouswork (BertoldiandFederico2000)shoved
that Okapi andthe statisticalmodelrank documents
almostindependently Hence informationaboutthe
relevantdocumentsanbe gainedby integratingthe
scoresof both methods. Combinationof the two
modelsis implementedby just taking the sum of
scores.Actually, in orderto adjustscaledifferences,
scoresof eachmodel are normalizedin the range
[0,1] beforesummation.

3.4. Blind Relevance Feedback

Blind relevance feedback(BRF) is a well known
techniquethat allows to improve retrieval perfor
mance.The basicideais to performretrieval in two
steps. First, the documentsmatchingthe original
queryq areranked,thenthe B bestrankeddocuments
aretakenandthe R mostrelevanttermsin themare
addedto the query Hence,theretrieval phaseis re-
peatedwith the augmentedjuery In this work, nen



searchtermsareextractedby sortingall the termsof
the B top documentsaccordingto (Johnsonet al.,
1999):

o (ru + 05)(N = Ny = B 474 +0.5)
s (N'w — Ty + 05)(3 — Ty + 05)

(8)

wherer,, is thenumberof documentsamongthetop
B documentswhich containword w. In all the per
formedexperimentsthevaluesB = 5 andR = 15
wereused.

4. Cross-language R Model

4.1. Query Trandation Model

Querytranslatioris basedn a hidden Markov model
(HMM) (Rabiner1990),in whichtheobsenablepart
is the query @ in the sourcelanguage(ltalian), and
the hiddenpartis the correspondingjuery T in the
targetlanguagg English). Hence thejoint probabil-
ity of apair@, T canbedecomposedsfollows:

Pr(Q=rt1,...,in, T =e€1,...,€n) =
=[] Priix | ex)Pr(ex | ex—1) (9)
k=1

Givenaquery@ = i1,...,i, andestimatesof the

discretedistributionsin theright sideof equation(9),

themostprobabldranslatioril™ = ej, ..., e}, canbe

determinedhroughthewell known Viterbi algorithm
(Rabiner1990).ProbabilitiesPr (i | €) areestimated
from atranslationdictionaryasfollows:

_0G,e)
Zz' 5( ) )

whered(i,e) = 1 if theEnglishterme is oneof the
translationsof Italian term4 and d(i,e) = 0 oth-
erwise. For the CLEF evaluationan Italian-English
dictionaryof about45K entrieswasused.

ProbabilitiesPr(e | e') areestimatedon the target
documentcollection, throughthe following bigram
LM, thattriesto compensatdor differentword or-
deringsinducedby the sourceandtargetlanguages:

Pr(ile) = (10)

Pr(e,e')
> en Prie,e”)

where Pr(e, e') is the probability of e co-occurring
with €', regardlessof the order within a text win-
dow of fixed size. Smoothingof the probability is
performedthroughabsolutediscountingandinterpo-
lation asfollows:

Pr(e|e) = (11)

C(ez e,) _ ﬂ

Pr(e,e) N

,0} + BPr(e)Pr(e’)
(12)
C(e, ') isthenumberof co-occurrenceappearingn

the corpus,Pr(e) is estimatedaccordingto equation

= max{

(7), andthe absolutediscountingterm 3 is equalto
theestimateproposedn (Ney etal., 1994):
g =

n1

_ 13
ny + 2ny (13)

with ny, representinghe numberof termpairsoccur
ring exactly k£ timesin thecorpus.

4.2. Cross-Language R Model

As afirst methodto performcross-languageetrieval,
a simpleplug-in methodwasdevised,which decou-
plesthetranslatiorandretrieval phasesHence given
aquery(@ in the sourcelanguagethe Viterbi decod-
ing algorithmis appliedto computethe mostproba-
ble translationT™ in the targetlanguageaccording
to the statisticalquery translationmodel explained
above. Then,the documentollectionis searchedy
applyinga conventionalmonolinguallR method.

1. Findthebesttranslationof query@:
T* = arg maxy Pr(Q,T)
2. Orderdocumentdy usingthetranslationZ™

Table2: Plug-inmethodfor cross-languagiR.

5. Evaluation
5.1. Monolingual Track

Two monolingualrunswere submittedto the Italian
monolingualrack. Thefirst runusedall theinforma-
tion availablefor thetopics,while thesecondnejust
thetitle anddescriptionparts. Thetrack consistedf
47 topics, for a total of 1,246 documentgo be re-
trievedinsidea collectionof 108,578documents.

A detailed descriptionof the used systemfollows
now:

e Document/querypre-processing:tokenization,
POStagging baseform extraction,stop-ternre-
moval.

e Retrieval stepl: separat®kapiandLM runs.
¢ BRF: performedon eachmodeloutput.

e Retrieval step2: sameas step 1 with the ex-
pandedjuery

e Final rank: sumof OkapiandLM normalized
scores.

Resultsof the submittedrunsaregivenin 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

47 topics,for atotal of 856documentso beretrieved
insidea collectionof 110,282documentsA detailed
descriptionof the usedsystentfollows now:



Retrieval Mode Official Run mAvPr
title+desc+narr | RSTi t 1 48.59
title+desc IRSTit2 46.44

Table3: Resultson the Italian monolingualtracks.

Retrieval Mode Official Runs  mAvPr
title+desc+narr | RSTi t 2enl 42.51
title+desc | RSTi t 2en2 34.11

Retrieval Mode Non Official Runs mAvPr
title+desc+narr Babelfish 44.53
title+desc Babelfish 37.99

Table 4: Resultson the Italian-English bilingual
tracks.

e Documentpre-processingtokenization,stem-
ming, stop-termremoval.

e Query pre-processing:tokenization, POS tag-
ging, baseform extraction, stop term removal,
translationmulti-wordssplit, stemming.

e Retrieval stepl: separat®kapiandLM runs.
¢ BRF: performedon eachmodeloutput.

¢ Retrieval step2: sameas step1 with the ex-
pandedjuery

e Final rank: sumof OkapiandLM normalized
scores.

An importantissueconcernswith the use of multi-
words. Multi-w ordswereonly usedfor thetargetlan-
guage,i.e. English,andjust for the translationpro-
cess.After translation,multi-wordsin the queryare
split againinto singlewords.

As atermof comparisongur statisticalquerytransla-
tion modelwasreplacedvith theBabelfishtext trans-
lation servicepoweredby Systranand available on
the Internet. Cross-languageetrieval performance
was measuredy keepingall the other components
of the systenfixed. Resultsobtainedby the submit-
tedrunsandby the Babelfishtranslatorareshavn in
Table4. The meanaverageprecisionachieved with
thecommerciakranslationsystemshows to be about
5%-10%better dependingo theretrieval mode.De-
tailedresultsof theexperimentsareshavnin Table4.

6. Conclusion

In thiswork we presentedhe monolingualandcross-
languaganformationretrieval systemsdevelopedat
ITC-irst andevaluatedatthe CLEF 2001. In particu-
lar, the cross-languagsystemusesa statisticalquery

http:/Morld.altavista.com

translationalgorithmthatrequiresminimal language
resourcesa bilingual dictionaryandthe targetdoc-
umentcollection. Resultson the CLEF 2001 evalu-
ationdatashow thatsatishctoryperformancecanbe
achiezed with this simple translationmodel. How-
ever, experiencegainedrom themary performedax-
perimentsuggesthatafair comparisorbetweerdif-
ferentsystemswould requirea muchlarger amount
of queries. The retrieval performanceshavs in fact
to bevery sensitve to the translationstep.
Currentwork is in the direction of further devel-
oping the here proposedstatisticalmodel for cross-
languagdR. In particular significantimprovements
have beenachiered by closelyintegratingthe trans-
lation andretrieval models.
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