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Abstract

The focus d the expeliments ieported in this pgerwas techniquesfor combining evidencefor cross-
languace retrieval, seacching Arabic da@uments usng English gueries. Evidencefrom multiple soucesof
trarslation knowledg wasconbined toedimatetrarslation piobablities andfour techiquesfor estmating
guerylangiage termweights from docunentdanguage evdence veretried. A new technque that exploits
trarslation probability information was éundto oupeform a conparabk technque in whch that
information wa nd used. Comparative results for three \ariants of Arakic “light” stemming are also
preenied. A smple variant of an exsting senming algorithm was foundo reault in sgnificartly beter
retrieval effectiveness.

1 Intr oduction

Statistical techriques far procesing haura language are inperfed, bu reliane on multiple souces o
evidencecan felp to mitigate the limitations d anyonre technique. h this pager, we leverage the conbination
of evidercein two ways:. (1) to esimate trarslaton probabilities from multiple soucesof trandation
knowledge, and (2to egimate weights fa aquey term weights basean te datistics d multiple docunent-
language terms. Five trarslation resouces ofthreetypes (nachire trarslaion lexicons, gprinted hilingual
dictionary tha had been nanualy rekeyed, and tarslaion probabhlities deived from paralel corpora) were
used a a lesis for estimating trandation prokabiities. Four way to egimate qeery termweights wee tried
(trandation-basedndexing, Pirkola' s sructured quey method, and twanewly developed variants of
structured queies). The main taskin the TREC-2002 CUR trackwas rérieval of Arabic doawments usg
Endish gqueries,so we ésomade sone refinementsto our Arabic text processng techngues Most
importartly, we conparedthreeappioactesto “light” (i.e., oredevel rule-based tuncaton) semming. Light
stemming was foundo peform well for retrieval of character-coded Aralr text in TREC-2001 [1, 2],s0 we
limited our expaments to hat techmique. We begn with a desription of thetedhniques that wetried in the
nextsedion. Setion 3then preserts ou resuts, andsecion 4 condudes the ppe.

2 Methodology
In this setion, the approaches nentioned in the introduction will be deaibed in detal.

2.1 Translation Resources

Using multiple souces ofevidenceto guide thetrandation proces canhelp in two importart ways: (1)
No sinde ource povidesa conprehens/e sewof trandations, and(2) No snge ourceprovdes anacairae
indication of trandation probabiities. Drawingtrandation knowledg from diverse souicestherdore offers
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an intereding patertial to improve CLIR effediveness. We had five trandation resoures d three types
availade:
€ Two hilingualterm lists that were corstructed wsing two Webbased rachinetrandation systens
(Tajim and A-Misba [3][4]). In eachca®, we stbmitted sés d isolated Engdish wordsfoundin a
200 MB cdledion of Los Angeles Times newsstaies far trandation from Endish into Arabic [5].
Each sgtemreturred @ most ore rangdation for each sibmitted word. Together,the two termlists
cowvered almut 15%o0f the wique Aralic gens inthe AFP colledion (measued by usinglight
stemming on boththetermlist ard the cdlecion).
€ The Salnone Araic-to-English dictionary, which wa made awailable for use in the TREC-CLIR
track by Tufts University. No translation preferenceinformation is provided n this dictionary, butit
doesincluderich merkup desdbing morphology and partsf-speech iformation. We pepocessel
the dctionary withoutusing anyof thataddiiond information,thereby creating a bilingualtermlist.
The coverage of the resulting term list, measuredin the ssme way, wasabout7% of the urique
Arabic gens in the AFP cdlection.
€ Twotranslation probavility tades,onefor Endish+o-Arabic andonefor Aralic-to-English. These
tades wee condructed from tables povided byBBN, which weein turn condructedfrom a large
colledion of aligned Endjsh and Aabic United Ndions docunents sing the Giza++ implementaton
of IBM’s model 1 safisticd machinetrandaton design. The coerage of the d the Aralic-to-
Endish table, measued inthe sane way, was 29% bthe ungue Ambic sens in he AFP cdlection.

We conbinedthe evidenc from the® souces inthe fdlowing manner:

1. We slected a drecion (English-to-Arabic a Arahic-to-English), and theninverted anyresouces
that were originally provided in the dher direction. Fo the randation piobablity tade, weretained
the pobabilities for eachtranshtion pair andthen renormalizedthe inverted talbe sothat thevalues
of the “probabilities” for each soucedanguage termsummed to one.This proces likely introduced
sone error, sinceprobabiitiesfor rare eerts may not hae been acuately edimated.

2. A uniform distibution wasusedto asign proballitiesto the trarslations dtained from machine
trarslation systerms and tle Salnone didionary. Tarjim and AFMisba returnedat most one
trarslaton for an Engish word, bu two English wordsmight shae acommon trarslaion. Whenn
alternatves wereknown from a sinde souce,eachwas asigned aprobabiity of 1/n.

3. For trarslaion from English to Arabic, the resuting transhtion probabilities were thencombined
acrass saoirces bysunmming the pobeébilities br agiven Aralic trarslaton acrossthe surcesin
whichit appeaedandthendividing by the nunber d sources in which the Endish termhad
appeaed. For exanple, if Tarjim, Al-Misba ard Samone contaiedthe Endish term with Tafjim
contaning sorre speciic transhtion with probability 1.0, AliMisbarlacking thattrangdation (i.e.,
assiging it a probability of 0.0), and Samone asgning it a pobablity of 0.5 (becausetwo
trarslations were known),then tre resuting corrbined probalility would be 13 +0/3 + Q5/3= 0.5.
Trandation prabakilitiesfor Aralic-to-English were computed inthe @me manner, bu with therole
of each language reversed.

The resulting trarslation resour@ cortainedwhatapperedto usto be ra®nalle estmates d trandation

probablities, am cowered 36% o the urique Arakic gens in the AFP dlledion.

2.2 Stemmng

Three Aalic light gemmers weretestad. The first wasAl-Stem, the semmer provided bythe organizers
for thestandad resoucerun, which wa dewloped bythe aithor & Marylandandmodified byLeah Larkey
from Universty of Massa&husets (U Masg. The seond was dight stemmer degribed in Larkey's SIGIR
2002 papr, which wewill refer to asthe U Mass semmer [2]. Thethird was a nodified version of the U
Massstemmer in which two addiiond prefixesidenifiedthrough failure aralysis usingthe TREC-2001
topics, wereremoved. Table 2 ists the prefixes ard sufixes removed by each stemer. Of thethree, Al-
Stemwas the nost aggressve stenmer.



Stemmer

Prefixes

Suffixes

Al-Stem

WA, fAl, bAl, bt, yt, It, mt, wt, st nt,bm,
Im, wm, km, fm, Al, Il, wy, ly, sy, fy, WA,
fA, 1A, and bA.

(

At, wA, wn, wh, An, ty th, tm, km, hm,
hn, hA, yp, tk, nA, yn, yh, p, h, y A.
(
)

Umass Stemer

Al, wAl, bAI, kAI, fAl, and w
( )

hA, An, At, wn, yn, yh, yp, p, h, and y
( )

Modified UMass
Stemmer

-- Identical toU Mass, plus
I, and wl ( )

-- ldentical toU Mass --

Table 2: Prefixes and suffixes removed by each light semmer.

2.3 Combination of Evidence br Alternate Translations

One ofthe ley chalengesin CLIR is whatto dowhenmore than or posibletrarslaion isknown. One
principled soltion tothis problemis Pirkola’s stuctured quey method [6]. Rrkola ugd hQuerys synonym
operdor to edimatethe weght of e@h quey termbase on docurentlanguage evidene as follows:

TR(Q) = TFj(Dk)
{kiDe T(Q)}
DFQ)=| U{d|D, d}|
{kiDe T(Q)}

@)
@

Wher Q is a qiery term, Dyis adocunent tem, TF(Q,) is thetermfrequemry of Q; in docunentj, DF(Q) is
the nunier d dowments hat ontain Q;, d is adocunent,and T;(Dy) is the sé of known transetions for the
termD,. The key insight hereis tha trarslation is viewed as gproces akn to stemming, in whichseeral
docunentdanguage terms might be teaedasif it were thesane querylanguage term(in genmming, many
morphologcal variarts aretreated asif they were tle same sten). One limtation of Pirkola’s gructured
querymethod istha it makes no ge d trarslaion pobabiities—every possilbe trandation is treaedas béng
equaly likely. Congder acasen which ore giery term has two tandations, oneof which is highly
probalbe, but whch typicdly has dow term frequencywhen t appears, whiethe othe isimprobatbe but
typicdly has lgh term frequencies. Becawsetheimprobabé trarslaion is socommon, docurents cordining
tha trandation woul likely be retieved eheadof documents tha contain the nore likely trarslaion. This
seens undesable. Moreover, consder a £condca® in which anextremely improbabé trarslaion apgars
in many docunents, withan almost cetain trandation appeasin only a few. htuitively, it woud ssemthat
we shold ignore the exremely improbablytrandgaton and asig this term a low docunent frequency (ard
thus gve it added importance inanyretrieval systemthatrelies oninversedocunentfrequencyasa measure
of term importancég. Bu Firkola's sructuredquey methoddoesjust the opposte.
In this pape we popcse tvo ways of incorporating transhtion probability information. The simples
apprachis to retain the sane formulae, buto suppress the cortribution ofunlikely translaions We
implemented this by starting with the nostlikely trandation and aldingaddtiond trandationsin orderof
deceasng probaility until the wmulative probablity of the sdected trandationsreaded apreset threshold
tha was datermined trrough expeimentaion usng the TREC-2001 CUR colledion. As araltemative, we
alsoexpored three ways of incarporating trandaton probablities diredly into theformulae
1. Theweighted DF method (WDF): In this method,translaion piobablity esimates ae ugd n the
calallation d docunentfrequency butnotterm frequency. Formally, TF(Q)) is computed asn equation
(1), andDF(Q)) is conputed as bllows:

DF(Q) =

[DF, (D,) xwt(D,)]

{KIDe T(Q)}

®)




Where Q;is a query term, Dy is a document term, DF(Q;) is the number of documents that contain Q;,
wt(Dy) is the probability estimate for Dy, and T;(Dy) is the set of translations for the term D,. This method
addresses the case in which an improbable translation has a high document frequency. Note that the
union operator has been replaced by the sum operator, so equations (2) and (3) will not necessarily
produce the same value, even in the case of equiprobable translations.

2. The weighted TF method (WTF): In this method, translation probability estimates are used in the
calculation of term frequency, but not document frequency. Formally, DF(Q;) is computed as in equation
(2), and TF(Q)) is computed as follows:

TRQ) = [TF(D)*xwi(D,)] (4)

kD, T(Q)}
Where Q; is a query term, Dyis a document term, TF(Q)) is the term frequency of Q; in document j, and
Ti(Dy) is the set of different translations for the term Dy. This method addresses the case in which an
improbable translation typically has high term frequencies.

3. The weighted TF/DF method (WTF/DF): In this method, translation probability estimates are used in the
calculation of both term frequency and document frequency. Equation (3) is used to compute DF(Q),
with equation (4) used to compute TF;(Q;). This addresses both potential concerns.

The same approach to preselection of the most likely translation probabilities that we used with Pirkola’s
structured queries can also be used with any of these methods.

24 Balanced Translation-Based Ind&ing

The formulae for Pirkola’s method do not depend on any information that can only be computed at
query time, so an indexing time implementation is possible. Oard and Ertunc built such an
implementation, which they called translation-based indexing. That approach is equivalent to
unbalanced document translation, in which every English translation for each Arabic term is indexed
once. Unbalanced translation is, however, known to underemphasize the contribution of highly
specific terms (which typically have very few possible translations) and to overemphasize the
contribution of common terms (which often have many possible translations). The obvious
alternative is to balance the translation-based indexing process. To achieve this, we replaced each
Arabic term with the five most likely English translations. For terms with fewer than 5 known
translations, the most probable translations were replicated in a round-robin fashion until a total of
five was reached. We chose the value 5 based on post-hoc experiments with the 25 TREC 2001
topics (we tried 1, 3, 5, 7, and 10).

2.5 Document and Query Expansion

Any individual document will likely include only a fraction of the words that might be used to describe a
topic, so some form of expansion to the representation of a document might help retrieval. We therefore
prepared a contrastive condition in which the representation of each document was expanded as follows:

1. We identified the 20 most descriptive terms in each document, by dividing the frequency with which

each term appeared in the document by the number of documents in which that term was found.

2. We then formed a query with one instance of each of those 20 terms and used that query as a basis for
ranking the documents in the AFP collection using the InQuery text retrieval system from the
University of Massachusetts (the document being expanded was often in this set). We used the Al-
Stem stemmer to normalize the representation of Arabic terms in InQuery, both for query and for
document processing.

3. We combined the 10 top-ranked documents into a single mega-document and then chose the 20 most
descriptive terms in that mega-document, using the same measure of term importance as above. The
resulting set of 20 terms was then added to the representation of document that was being expanded.



One canimagne many variantsof this appoach, including alternative paemeter sttings, dterndive term
importane measurs, anddternative ways of conmbining evMdence fom the tg-ranked docurents. Beause
docunent exangon wasnot the pincipal focus of our expaiments, wetried only this oneimplementaton
for TREC-2002.

Becaus queies ae relatively brief, theyare even nore likely to cortain orly a snall subsé of the words
that might be usedo express tte cortefstha are important for thetopic tha they repregnt. We theefore
performed pretrarsldion query expamion usng a simlar blind relevancefeedbak process.Weused
Assocated Pessatticles from 19941998 fromthe Nath AmericanNews TextCorpus (Supfement) and the
orld SreamEndish Coledion fromthe Linguistic Data Consatium for this purpcse Beeuse hQuery
contansbuilt-in provisions for query expandon, we sed hQuery(with the kstemEndish genmer) to
seachthe® cdlecions. We corfigured hQuery to chbosethe nost dsaiminaing terns fromthe topl0
retuned docunentsfor each query

2.6 Implementation Details

To ea® work in Arabic, Arabicletters were trangiterated to Foman letters. Table 1 shovs the mappings
between the Aralic lettersand ther tranditerated representtions. In prepro@ssng the tex, dl diacriticsand
kashidas weerenmoved, and I¢ter narmalization wasemployed to normalize the lettersya ( ) andalef
magsoura () to ya( ) andall thevariants of def () ard hanza (), nanely alef(), ald haneza ( ), def
maad (), hanza (), waw hamza( ), and ya hanza ( ), to alef ().

>|—|=|N|n|N|a—|o

S| SlamOln|O|T|~|>
<[o|xXlQ|HT-=|X|<|>

©

Table 1 English transliteration of Arabic characters

As fora gop-word lig, weusedthelisttha is distributed with Sebavai, which includes130 rticles and
pronours [7]. Sebawa is apublicly available Arabic morphdogicd amalyzer. Weused hQueryfor our
official monolingual runsand for one d ouwr official crosstanguage runs. Fotthe remaining monolingual
runsand Pr our post-hoc expeiiments, we usd PSHan IR systemdeeloped & Maryland that utsesOKAPI
BM-25 weidhts) beausewe werenotable to peiform the neessry chan@sto the termweight conputaion
usingInQuery. Ourmonolingual and cossdanguage resuts shoud therefore nd be comideredto be grictly
conparable

3 Results

We sibmitted five official runs, andve hawe used the relevancejudgments provded byNIST to perform
an addiond 31 pog-hoc runs. i thissedion we peenttho® results along with a préiminary discission
tha we intend toextendin our find paper.



3.1 Arabic Monolingual Runs

We sibmitted one dficial automatic monolingual run, one oficial manual nonolingual run,and we
performed three pst-hoc aitomatic monolingual runs. In the offcial aubmatic run, queies were formed
usingevery word inthetitle and aésaiption fields d the topc desaiption (stopwords wee renoved, but no
autorratic sbp gructure removal was peformed). Fa the manual un, the title, desciiption, andnarative
fields were used,addtiond queryterms were manualy addedand $op structure and information abou wha
would ausea dowment tobejudged & na relevant was removed manually. The principal goal of the
manual run wa toeniichthe rdevancepools. I bothcase, Al-stemwas usedo stemthe dauments aml the
queres,and deument ex@nsion was ued & de<ribed abowe. Table 3showstheresits (esilts onTREC-
2001 d#a ae post-hoc).

The threepog-hoc runs wee dore usng PSE réhe than InQuery, with a goal of conparingthree
variants of light senming. Docunent expasion wasnot ugdin thoseexpeiments. Agin, Table 3 fiows
theresuts. The Al-stemand the UMass gsenmers weke found to be gatisticdly indistinguishalde bya pared
two-tailedt-test(for p<0.05). The nodified UMass senmer did aclieve mean arerag predsion resuts that
were s$atigticdly beter than thetwo aher stemmers over thefull 751topic sd, bu the avantage ower the
unmodified UMass genmer wasnotseenwhenthe50 TREC 2M2 tqics used done. Recawsethe
suitallity of the TREC-2001 colection for post-hoc expeliments s opento sone quesion, we corcludetha
no rdiable differencesbaween he three senmmers wee deected byourexpeaiments.

Run Mean Average Pedsion
Offi cia Runs TREC 2002Topics (50| TREC 2001& 2002
(with docunent exparsion) topics) Topics (75topicy
Automatic Mondingual 0.289 0.314
Manud Monalingual 0.302 0.322
PostHoc Runs TREC 2002Topics (50| TREC 2001& 2002
(no daument expansion) topics) Topics (75topicy
Al-Stem gemmer 0.286 0.316
U Massstemmer 0.295 0.321
Modified UMassstemmer 0.301 0.331

Table 3 The Arabic Monolingual Results

3.2 English-Arabic CLIR Runs

We peformed thee dficiad auomatic CLIR runs and®9 pos-hoc autoratic CLIR runs. h eachcase
we formed itle+desaiption queiesin thesane manner ador the automatic monolingual run. Pretrarslaion
gueryexpaion was @neusingblind relevance eedackon Assocted Res aticlesfrom 19941998 using
InQuery The atticles wee pat of the Nath American News Text Cepus (Sypplement) and AP Wdd
Stream Endish Colledion fromthe Linguistic Data Consotium [8]. For the dficial CLIR runs we tied these
following corfigurations

€ Pirkola’s Mehod. We wed nQuery, pretransldion queryexparsion, doaiment expagon, andthe

threshdded \ersion of Arkola’s method (with a treshold o 0.3,esgblished usng posthoc
experments wih the TREC 2001 tgics).

€ Balanced Trandation-Based Indexing (TBI). We wsed hQuery, docunent expasion,and

balarced tandation-basedndexing

€ Weighted TF. We wsed FSE, pretrandation quey expanon, daument exgngon, ard the

Weighted TF method (with a threstold of 0.3, aquintuned usig the TREC-2001 topcs).

For the pos-hoc expements, we ged PSEpretrarslation quey expangn, ane d four methods
(Pirkola’'s method, Weighted TF, Weighted DF, o Weighted TF/DF), and aprolebility threslold that was



varied between 0.1 and 0.7in increments 0f0.1. Pat-hoc CLIR resuls ae reported on & 75 opics from
TREC 2001andTREC 2M2. Weals condicted ore addiional pog-hoc expement in which we conbined
theresluts from our oficia Weighted TF ard randation-based indeixig runs in a manner sinilar to that
suggested by[9]. Fa tha experment, we enormalizedthe PSE sorefor the Weighted TF runto bebeween
0.4 and & (arange sinilar to thatseea in InQuery), averaged tha nornelizedscore wih thetrandaton-
basedndexing scae from PSE, andesarted the ranked list besed ontha averaged scae. The result was
staisticdly beter thanthe Weighted TF run, bu nat satisticdly distinguishable from the traslation-based
indexing run. Table 4 slows thereallts for the dficial runs ad for the ore pos-hoc experimnt that was
basedn tre twoofficia runs. Table 5and Fgure 1together $iow the oherpod-hoc resuts.

Run Mean Average Pedsion
Officia Runs TREC 2002Topics (50 TREC 2001& 2002
(Expancekd dauments) topics) Topics(75topicy)
Pirkola’'s Mehod 0.202 0.252
Balaned TBI 0.274 0.279
Weighted TF 0.247 0.279
BaanedTBI + Weidhted TF 0.289 0.307

Table 4 CLIR resultsfor official runs (expanded documents).

Cunulative Probaility Threshobd
Method 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Pirkola's Metod 0.215 0.212| 0.230* 0.230 0.207 0.186 0.134
Weighted TF 0.220 0.226 0.241| 0.247* 0.241 0.230 0.192
Weighted DF 0.211 0.196 0.198 0.180 0.147 0.126 0.091
Weighted TF/DF 0.220 0.222 0.235 0.234 0.236 0.240 0.245

Table 5 Post-hoc CLIR r esults (Mean Average Precision, 75topics, ro document expansion.

The Weighted TF methodand trandation-basedndexing were botrstatistically significantly beterthan
Pirkola's method(onthe 5 topic st), bu gatisticdly indistinguishable from eat othe. The rdrieval
effecivenes of Weighted TF/DF was tose tothe beg atevery cunulative piobability threstold, andit was
the orly one & the four techniques that we tied thatdid not ehibit a cecrea® in effectivenesst high
threshdds. I thaefore sems to be a god cauwlidatefor furtherstudy, and an ppropriate dhoice f a nmethod

Results for Different Weighting Methods

0.3

0.25

0.2

—w - Pirkola

= n =Weighted TF
—»— Weighted IDF
—¥¢— Weighted TF/IDF

0.15

0.1
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0.1 0.2 0.3 0.4 0.5 0.6 0.7
Probability Threshold

Figure 1. Sensitivity to cumulative probability threshold.



must be skected without accessto arepresentative cdlecion on wlich to tunethe probalility threshod. We
do not et know wheher document expasion was klpful becausetheruns with and withou docunent
expanon weae done wing differentretrieval systens.

4 Conclusion

We hae preseaited two kesic idess for usng a conbination ofevidence to improve cresslanguage
retrieval effectivenessdenonstated an alility to produce ugful trarslaton probability egimatesfrom
multiple souces, andextended Prkola’s gructured query method in ways that exploit tha information. Qur
resuts sugest thatfurther work on theWeighted TF/DF method would be | justified, and that further
work on docunent ex@ndon isneead bdore the uility of tha tecmique in this contex can bejudged. We
look forward to the dscussions ttat wewill hawe a the confererce,and b the opmrturity to corinue ou
explaation of these guedions through addtiond post-hoc ex@riments andandysis.
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