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Abstract

Thispaperpresentsanunsupervisedlearn-
ing approachto building a non-English
(Arabic) stemmer. The stemmingmodel
is basedon statisticalmachinetranslation
andit usesanEnglishstemmerandasmall
(10K sentences)parallelcorpusasits sole
training resources. No parallel text is
neededafter the training phase. Mono-
lingual, unannotatedtext can be usedto
further improve the stemmerby allow-
ing it to adapt to a desireddomain or
genre.Examplesandresultswill begiven
for Arabic , but the approachis applica-
ble to any languagethat needsaf�x re-
moval. Our resource-frugalapproachre-
sults in 87.5%agreementwith a stateof
the art, proprietaryArabic stemmerbuilt
using rules, af�x lists, and humananno-
tatedtext, in additionto an unsupervised
component.Task-basedevaluationusing
Arabic information retrieval indicatesan
improvementof 22-38%in averagepre-
cision over unstemmedtext, and96% of
the performanceof the proprietarystem-
merabove.

1 Intr oduction

Stemmingis the processof normalizingword vari-
ationsby removing pre�xesandsuf�x es. From an
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informationretrieval pointof view, pre�xesandsuf-
�x es add little or no additionalmeaning;in most
cases,both the ef�ciency and effectivenessof text
processingapplicationssuchasinformationretrieval
andmachinetranslationareimproved.

Buildingarule-basedstemmerfor anew, arbitrary
languageis time consumingand requiresexperts
with linguistic knowledge in that particular lan-
guage.Supervisedlearningalsorequireslargequan-
titiesof labeleddatain thetargetlanguage,andqual-
ity declineswhen using completelyunsupervised
methods. We would like to reacha compromise
by usinga few inexpensive andreadilyavailablere-
sourcesin conjunctionwith unsupervisedlearning.

Our goal is to developa stemmergenerator that
is relativelylanguage independent(to theextentthat
thelanguageacceptsstemming)andis trainableus-
ing little, inexpensivedata. This paper presents
an unsupervisedlearningapproachto non-English
stemming.Thestemmingmodelis basedonstatisti-
cal machinetranslationandit usesanEnglishstem-
meranda small (10K sentences)parallelcorpusas
its soletrainingresources.

A parallel corpusis acollectionof sentencepairs
with the samemeaningbut in different languages
(i.e. UnitedNationsproceedings,bilingual newspa-
pers,theBible). Table1 showsanexamplethatuses
the Buckwalter transliteration(Buckwalter, 1999).
Usually, entiredocumentsaretranslatedby humans,
andthe sentencepairsaresubsequentlyalignedby
automaticmeans. A small parallel corpuscan be
available when native speakers and translatorsare
not, which makes building a stemmerout of such
corpusapreferabledirection.



Arabic English
m$rwEAltqryr Draft report
wAkdt mmvlp zAm-
byA End ErDhA
lltqryr An bldhA
y$hd tgyyrAt xTyrp
wbEydp Almdy fy
AlmydAnyn Al-
syAsywAlAqtSAdy

In introducing the report,
therepresentative of Zam-
bia emphasisedthat her
country was undergoing
serious and far-reaching
changes in the political
andeconomic�eld.

Table1: A Tiny Arabic-EnglishParallelCorpus

We describeour approachtowardsreachingthis
goal in section2. Althoughwe areusingresources
other than monolingualdata,the unsupervisedna-
ture of our approachis preserved by the fact that
no direct informationaboutnon-Englishstemming
is presentin thetrainingdata.

Monolingual,unannotatedtext in the target lan-
guageis readilyavailableandcanbeusedto further
improve thestemmerby allowing it to adaptto ade-
sireddomainor genre.Thisoptionalstepis closerto
the traditionalunsupervisedlearningparadigmand
is describedin section2.4, andits impacton stem-
merquality is describedin 3.1.4.

Our approach(denotedby UNSUPin the restof
the paper)is evaluatedin section3.1 by compar-
ing it to a proprietaryArabic stemmer(denotedby
GOLD). Thelatter is a stateof theart Arabic stem-
mer, andwasbuilt usingrules,suf�x andpre�x lists,
andhumanannotatedtext. GOLD is anearlierver-
sionof thestemmerdescribedin (Leeet al., ).

The task-basedevaluationsection3.2 compares
thetwo stemmersby usingthemasa preprocessing
stepin theTRECArabic retrieval task.This section
alsopresentsthe improvementobtainedover using
unstemmedtext.

1.1 Arabic details

In thispaper, Arabicwasthetargetlanguagebut the
approachis applicableto any languagethat needs
af�x removal. In Arabic, unlike English,both pre-
�x esandsuf�x esneedto be removed for effective
stemming.AlthoughArabic providestheadditional
challengeof in�x es,we did not tacklethembecause
they oftensubstantiallychangethemeaning.Irregu-
lar morphologyis alsobeyondthescopeof this pa-
per. As a sidenotefor readerswith linguistic back-
ground(Arabic in particular),we do not claim that

the resultingstemsareunits representingtheentire
paradigmof a lexical item. The main purposeof
stemmingasseenin this paperis to con�ate theto-
kenspaceusedin statisticalmethodsin orderto im-
prove their effectiveness.Thequality of the result-
ing tokensasperceived by humansis not asimpor-
tant,sincethestemmedoutputis intendedfor com-
puterconsumption.

1.2 RelatedWork

Theproblemof unsupervisedstemmingor morphol-
ogy has been studied using several different ap-
proaches.For Arabic, good resultshave beenob-
tained for plural detection(Clark, 2001). (Gold-
smith, 2001) useda minimum descriptionlength
paradigmto build Linguistica,a systemfor which
thereportedaccuracy for Europeanlanguagesis cca.
83%. Notethattheresultsin this sectionarenot di-
rectly comparableto ours,sincewe arefocusingon
Arabic.

A notablecontribution waspublishedby Snover
(Snover, 2002),whode�nesanobjective functionto
beoptimizedandperformsasearchfor thestemmed
con�guration that optimizesthe function over all
stemmingpossibilitiesof agiventext.

Rule-basedstemmingfor Arabic is a problem
studiedby many researchers;anexcellentoverview
is providedby (Larkey etal., ).

Morphologyis not limited to pre�x andsuf�x re-
moval; it canalsobeseenasmappingfrom awordto
an arbitrarymeaningcarryingtoken. Usingan LSI
approach,(SchoneandJurafsky, ) obtained88%ac-
curacy for English. This approachalsodealswith
irregularmorphology, whichwehavenotaddressed.

A parallelcorpushasbeensuccessfullyusedbe-
fore by (Yarowsky et al., 2000) to project part of
speechtags,namedentity tags,andmorphologyin-
formationfrom onelanguageto theother. For apar-
allel corpusof comparablesize with the one used
in our results,the reportedaccuracy was 93% for
French(when the English portion was also avail-
able); however, this result only covers 90% of the
tokens. Accuracy was later improved using suf�x
trees.

(Diab and Resnik,2002) useda parallel corpus
for word sensedisambiguation,exploiting the fact
thatdifferentmeaningsof thesameword tendto be
translatedinto distinctwords.



2 Approach

Figure1: ApproachOverview
Our approachis basedon the availability of the

following threeresources:

� asmallparallelcorpus

� anEnglishstemmer

� anoptionalunannotatedArabiccorpus

Ourgoalis to trainanArabicstemmerusingthese
resources.The resultingstemmerwill simply stem
Arabicwithoutneedingits Englishequivalent.

Wedivide thetraininginto two logical steps:

� Step1: Usethesmallparallelcorpus

� Step2: (optional)Usethemonolingualcorpus

The two stepsaredescribedin detail in the fol-
lowing subsections.

2.1 Step1: Using the Small Parallel Corpus

Figure2: Step1 Iteration

In Step1, we are trying to exploit the English
stemmerby stemmingtheEnglishhalf of theparal-
lel corpusandbuilding a translationmodelthatwill
establisha correspondencebetweenmeaningcarry-
ing substrings(thestem)in Arabic andtheEnglish
stems.

For our purposes,a translationmodelis a matrix
of translationprobabilitiesp(Arabic stemj English
stem) that can be constructedbasedon the small
parallelcorpus(seesubsection2.2for moredetails).
TheArabic portionis stemmedwith aninitial guess
(discussedin subsection2.1.1)

Conceptually, oncethetranslationmodelis built,
wecanstemtheArabicportionof theparallelcorpus
by scoringall possiblestemsthat an Arabic word
canhave, andchoosingthebestone.OncetheAra-
bic portionof theparallelcorpusis stemmed,wecan
build a moreaccuratetranslationmodelandrepeat
theprocess(see�gure 2). However, in practice,in-
steadof usinga harshcutoff andonly keepingthe
beststem,we imposea probabilitydistribution over
thecandidatestems.Thedistribution startsout uni-
form andthenconvergestowardsconcentratingmost
of theprobabilitymassin onestemcandidate.

2.1.1 The Starting Point

Thestartingpoint is an inherentproblemfor un-
supervisedlearning.We would like our stemmerto
give goodresultsstartingfrom a very generalinitial
guess(i.e. random). In our case,the startingpoint
is the initial choiceof the stemfor eachindividual
word. Wedistinguishseveralsolutions:

� No stemming.

This is notadesirablestartingpoint,sinceaf�x
probabilitiesusedby ourmodelwouldbezero.

� Randomstemming

As mentionedabove, this is equivalent to im-
posing a uniform prior distribution over the
candidatestems.This is themostgeneralstart-
ing point.

� A simple languagespeci�c rule - if available

If a simplerule is available,it would provide a
betterthanrandomstartingpoint,at thecostof
reducedgenerality. For Arabic,thissimplerule
wasto useAl asapre�x andp asasuf�x. This



rule (or at leastthe �rst half) is obvious even
to non-native speakerslooking at transliterated
text. It alsoconstitutesasurprisinglyhighbase-
line.

2.2 The Translation Model �

We adaptedModel 1 (Brown et al., 1993) to our
purposes.Model 1 usesthe conceptof alignment
betweentwo sentencese andf in a parallelcorpus;
the alignmentis de�ned asan objectindicatingfor
eachword ei which word f j generatedit. To ob-
taintheprobabilityof anforeignsentencef giventhe
Englishsentencee, Model 1 sumsthe productsof
the translationprobabilitiesover all possiblealign-
ments:

Pr (f je) �
X

f ag

mY

j =1

t(f j jeaj )

Thealignmentvariableai controlswhichEnglish
word the foreignword f i is alignedwith. t(f je) is
simply the translationprobability which is re�ned
iteratively usingEM. For our purposes,the transla-
tion probabilities(in a translationmatrix) arethe�-
nal productof usingthe parallelcorpusto train the
translationmodel.

To take into accountthe weight contributed by
eachstem,the model's iterative phasewasadapted
to usethesumof theweightsof awordin asentence
insteadof thecount.

2.3 CandidateStemScoring

As previously mentioned,eachword hasa list of
substringsthat arepossiblestems.We reducedthe
problemto thatof placingtwo separatorsinsideeach
Arabic word; the “candidatestems”aresimply the
substringsinside the separators. While this may
seeminef�cient, in practicewordstendto beshort,
andoneor two letterstemscanbedisallowed.

An initial, naive approachwhenscoringthestem
would beto simply look up its translationprobabil-
ity, given theEnglishstemthat is mostlikely to be
its translationin the parallelsentence(i.e. the En-
glish stemalignedwith theArabic stemcandidate).
Figure3 presentsscoringexamplesbeforenormal-
ization.

� Note that the algorithm to build the translationmodel is
nota“resource”perse,sinceit is a language-independentalgo-
rithm.

English Phrase: theadvisorycommittee
Arabic Phrase: Alljnp AlAst$Aryp

Task: stemAlAst$Aryp

Choices Score
AlAst$Aryp 0.2
Al Ast$Aryp 0.7
Al Ast$Aryp 0.8
Al Ast$Aryp 0.1

...
...

Figure3: ScoringtheStem

However, this approachhas several drawbacks
thatpreventus from usingit on a corpusotherthan
the training corpus. Both of the drawbacksbelow
arebroughtaboutby the small sizeof the parallel
corpus:

� Out-of-vocabulary words: many Arabic stems
will notbeseenin thesmallcorpus

� Unreliable translation probabilities for low-
frequency stems.

Wecanavoid theseissuesif weadoptanalternate
view of stemminga word, by looking at the pre�x
andthe suf�x instead. Given the word, the choice
of pre�x and suf�x uniquely determinesthe stem.
Sincethenumberof uniqueaf�x esis muchsmaller
by de�nition, they will not have the two problems
above,evenwhenusingasmallcorpus.Theseprob-
abilities will be considerablymorereliableandare
a very importantpart of the information extracted
from the parallelcorpus. Therefore,the scoreof a
candidatestemshouldbe basedon thescoreof the
correspondingpre�x and the suf�x, in addition to
thescoreof thestemstringitself:

score(\ pas00) = f (p) � f (a) � f (s)

wherea = Arabicstem,p = pre�x, s=suf�x
Whenscoringthepre�x andthesuf�x, we could

simply use their probabilities from the previous
stemmingiteration.However, thereis additionalin-
formationavailablethatcanbesuccessfullyusedto
conditionandre�ne theseprobabilities(suchasthe
lengthof the word, the part of speechtag if given
etc.).



English Phrase: theadvisorycommittee
Arabic Phrase: Alljnp AlAst$Aryp

Task: stemAlAst$Aryp

Choices Score
Al Ast$Ar yp 0.8
AlAst$Ar yp 0.7
AlAst$Ar y 0.6
AlA st$Ar yp 0.1

...
...

Figure 4: AlternateView: Scoringthe Pre�x and
Suf�x
2.3.1 ScoringModels

We exploredseveral stemscoringmodels,using
differentlevels of availableinformation. Examples
include:

� Usethestemtranslationprobabilityalone

score = t(aje)

wherea = Arabicstem,e= correspondingword
in theEnglishsentence

� Also usepre�x (p) and suf�x (s) conditional
probabilities;severalexamplesaregiven in ta-
ble2.

Probability con-
ditioned on

ScoringFormula

thecandidatestem t(aje) � p(p;sja)+ p(sja)� p(pja)
2

the length of the
unstemmedArabic
word(len)

t(aje) �
p(p;sjlen)+ p(sjlen)� p(pjlen)

2

the possible pre-
�x es and/or suf-
�x es

t(aje) � p(sjSpossible) �
p(pjPpossible)

the f ir st andlast
letter

t(aje) � p(sjlast) � p(pjf ir st)

Table2: ExampleScoringModels

The �rst two examplesusethe joint probability
of the pre�x andsuf�x, with a smoothingback-off
(the productof the individual probabilities). Scor-
ing modelsof this form proved to bepoorperform-
ersfrom thebeginning,andthey wereabandonedin
favor of thelastmodel,whichis afast,goodapprox-
imation to the third modelin Table2. The last two

modelssuccessfullysolve theproblemof theempty
pre�x andsuf�x accumulatingexcessiveprobability,
whichwould yield to astemmerthatnever removed
any af�x es. The resultspresentedin the restof the
paperusethelastscoringmodel.

2.4 Step2: Using the UnlabeledMonolingual
Data

Thisoptionalsecondstepcanadaptthetrainedstem-
mer to the problemat hand. Here,we aremoving
awayfrom providing theEnglishequivalent,andwe
arerelying on learnedpre�x, suf�x and(to a lesser
degree)stemprobabilities.In a new domainor cor-
pus,thesecondstepallowsthestemmerto learnnew
stemsandupdateits statisticalpro�le of the previ-
ouslyseenstems.

This step can be performedusing monolingual
Arabic data, with no annotationneeded. Even
thoughit is optional,thisstepis recommendedsince
its soleresourcecanbe the datawe would needto
stemanyway (seeFigure5).

Arabic Arabic
StemmedStemmerUnstemmed

Figure5: Step2 Detail

Step 1 produceda functional stemmingmodel.
We canusethe corpusstatisticsgatheredin Step1
to stemthenew, monolingualcorpus.However, the
scoringmodelneedsto bemodi�ed, sincet(aje) is
no longeravailable. By removing theconditioning,
the�rst/last letterscoringmodelweusedbecomes

score = p(a) � p(sjlast) � p(pjf ir st)

The modelcanbe updatedif the stemcandidate
score/probabilitydistribution is suf�ciently skewed,
andthemonolingualtext canbestemmediteratively
usingthenew model. Themodelis thusadaptedto
the particularneedsof the new corpus;in practice,
convergenceis quick (lessthan10 iterations).

3 Results

3.1 UnsupervisedTraining and Testing

For unsupervisedtrainingin Step1, weusedasmall
parallel corpus: 10,000 Arabic-Englishsentences



from theUnitedNations(UN)corpus,wheretheEn-
glishparthasbeenstemmedandtheArabic translit-
erated.

For unsupervisedtraining in Step2, we useda
larger, Arabic only corpus: 80,000different sen-
tencesin thesamedataset.

The test set consistedof 10,000 different sen-
tencesin theUN dataset;this is thetestingsetused
below unlessspeci�ed.

We alsouseda larger corpus( a yearof Agence
FrancePress(AFP)data,237Ksentences)for Step2
trainingandtesting,in orderto gaugetherobustness
andadaptationcapabilityof thestemmer. Sincethe
UN corpuscontainslegal proceedings,andtheAFP
corpuscontainsnews stories,thetwo canbeseenas
comingfrom differentdomains.

3.1.1 Measuring StemmerPerformance

In thissubsectiontheaccuracy isde�nedasagree-
mentwith GOLD. GOLD is a stateof the art, pro-
prietaryArabicstemmerbuilt usingrules,suf�x and
pre�x lists, and humanannotatedtext, in addition
to an unsupervisedcomponent. GOLD is an ear-
lier versionof thestemmerdescribedin (Leeet al.,
). Freelyavailable (but lessaccurate)Arabic light
stemmersarealsousedin practice.

Whenmeasuringaccuracy, all tokensareconsid-
ered, including thosethat cannotbe stemmedby
simpleaf�x removal (irregulars,in�x es). Note that
ourbaseline(removing Al andp, leaving everything
unchanged)is higherthatsimply leaving all tokens
unchanged.

For a morerelevant task-basedevaluation,please
referto Subsection3.2.

3.1.2 The Effect of the Corpus Size:How little
parallel data canwe use?

We begin by examiningtheeffect that thesizeof
the parallelcorpushason the resultsafter the �rst
step. Here, we trainedour stemmeron threedif-
ferent corpussizes: 50K, 10K, and 2K sentences.
The high baselineis obtainedby treatingAl andp
asaf�x es. The2K corpushadacceptableresults(if
this is all the dataavailable). Using 10K wassig-
ni�cantly better;however theimprovementobtained
when� ve timesasmuchdata(50K) wasusedwas
insigni�cant. Note that different languagesmight
have different corpussizeneeds. All other results

Figure6: ResultsafterStep1 : CorpusSizeEffect

in this paperuse10K sentences.

3.1.3 The Knowledge-FreeStarting Point after
Step1

Figure7: Resultsafter Step1 : Effect of Knowing
theAl+p rule

Althoughseverelyhandicappedat thebeginning,
theknowledge-freestartingpointmanagesto narrow
theperformancegapaftera few iterations.Knowing
theAl+p rule still helpsat this stage.However, the
performancegapis narrowed further in Step2 (see
�gure 8), wherethe knowledgefree startingpoint
bene�ttedfrom themonolingualtraining.

3.1.4 Resultsafter Step2: Different Corpora
Usedfor Adaptation

Figure 8 shows the resultsobtainedwhen aug-
menting the stemmertrained in Step1. Two dif-
ferentmonolingualcorporaareused:onefrom the
samedomainasthetestset(80K UN), andonefrom
a different domain/corpus,but three times larger
(237K AFP). The larger datasetseemsto be more
useful in improving the stemmer, even thoughthe
domainwasdifferent.



Figure8: ResultsafterStep2 (MonolingualCorpus)

Thebaselineandtheaccuracy afterStep1arepre-
sentedfor reference.

3.1.5 Cross-DomainRobustness

Figure9: Resultsafter Step2 : Using a Different
TestSet

We usedan additional test set that consistedof
10K sentencestakenfrom AFP, insteadof UN asin
previous experimentsshown in �gure 8 . Its pur-
posewasto testthecross-domainrobustnessof the
stemmerand to further examinethe importanceof
applying the secondstepto the dataneedingto be
stemmed.

Figure 9 shows that, even thoughin Step1 the
stemmerwas trained on UN proceedings,the re-
sultson thecross-domain(AFP) testsetarecompa-
rableto thosefrom thesamedomain(UN, �gure 8).
However, for thisparticulartestsetthebaselinewas
muchhigher;thustherelative improvementwith re-
spectto thebaselineis notashighaswhentheunsu-
pervisedtrainingandtestingsetcamefrom thesame
collection.

3.2 Task-BasedEvaluation : Arabic
Inf ormation Retrieval

TaskDescription:
Given a setof Arabic documentsandan Arabic

query, �nd a list of documentsrelevant to thequery,
andrankthemby probabilityof relevance.

We used the TREC 2002 documents(several
years of AFP data), queriesand relevance judg-
ments.The50querieshaveashorter, “title” compo-
nentaswel asa longer“description”. We stemmed
both the queriesandthe documentsusingUNSUP
andGOLD respectively. For comparisonpurposes,
wealsoleft thedocumentsandqueriesunstemmed.

The UNSUPstemmerwastrainedwith 10K UN
sentencesin Step1, and with one year's worth of
monolingualAFP data(1995)in Step2.

Evaluation metric: The evaluationmetric used
below is meanaverage precision(the standardIR
metric), which is the mean of averageprecision
scoresfor eachquery. The average precisionof a
singlequeryis themeanof theprecisionscoresafter
eachrelevant documentretrieved. Note that aver-
ageprecisionimplicitly includesrecall information.
Precision is de�ned as the ratio of relevant docu-
mentsto total documentsretrieved up to that point
in theranking.

Results

Figure10: Arabic InformationRetrieval Results

We looked at the effect of different testingcon-
ditions on the meanaverageprecisionfor the 50
queries. In Figure10, the �rst setof barsusesthe
query titles only, the secondset addsthe descrip-
tion, andthe lastsetrestrictstheresultsto oneyear
(1995), using both the title and description. We
testedthis last conditionbecausethe unsupervised



stemmerwas re�ned in Step 2 using 1995 docu-
ments.Thelastgroupof barsshowsahigherrelative
improvementover the unstemmedbaseline;how-
ever, this lastconditionis basedonasmallersample
of relevancejudgements(restrictedto oneyear)and
is thereforenotasrepresentative of theIR taskasthe
�rst two testingconditions.

4 Conclusionsand Future Work

This paperpresentsan unsupervisedlearning ap-
proachto building a non-English(Arabic) stemmer
using a small sentence-alignedparallel corpus in
whichtheEnglishparthasbeenstemmed.No paral-
lel text is neededto usethestemmer. Monolingual,
unannotatedtext canbeusedto furtherimprove the
stemmerby allowing it to adaptto adesireddomain
or genre.Theapproachis applicableto any language
that needsaf�x removal; for Arabic, our approach
resultsin 87.5%agreementwith a proprietaryAra-
bic stemmerbuilt using rules, af�x lists, and hu-
manannotatedtext, in additionto an unsupervised
component.Task-basedevaluationusingArabic in-
formationretrieval indicatesanimprovementof 22-
38%in averageprecisionover unstemmedtext, and
93-96%of the performanceof the stateof the art,
languagespeci�c stemmerabove.

We canspeculatethat, becauseof the statistical
natureof the unsupervisedstemmer, it tendsto fo-
cuson thesamekind of meaningunits thataresig-
ni�cant for IR, whetheror not they arelinguistically
correct. This could explain why the gap betheen
GOLD and UNSUP is narrowed with task-based
evaluationandis a desirableeffect whenthe stem-
meris to beusedfor IR tasks.

Weareplanningto experimentwith differentlan-
guages,translationmodelalternatives,andto extend
task-basedevaluationto differenttaskssuchasma-
chine translationand cross-lingualtopic detection
andtracking.
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